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Forest management is typically associated with a high degree of uncertainty, 

since it relies on predictions of natural growth processes over long periods of time.  A 

number of methods exist for mitigating the risk associated with this uncertainty, but 

few have the ability to explicitly minimize risk.  This study will present a case study on 

dealing with uncertainty and risk in an applied setting.  The selected study area was 

the Tillamook State Forest, located in northwest Oregon.  The primary objectives 

were to quantify the uncertainty and assess its impact on forest management.  An 

additional objective was to assess the application of non-linear probabilistic 



 

programming on a large forest management problem.  Uncertainty was quantified 

through regression models that predicted actual outcomes from planned outcomes, 

as well as the error associated with predictions of actual outcomes.  The effects of 

uncertainty on forest management were assessed through two chance-constrained 

programming formulations.  One maximized the harvest volume under a given level 

of risk, and the other minimized the maximum level of risk associated with a given 

forest management plan.  Both were subject to sustainable inventory and forest 

structure constraints.  The results showed that these models could substantially 

increase the probability of achieving a given forest management outcome, at the cost 

of only a minimal deviation (4 to 6%) from the risk neutral position.  These results 

were however in contrast to an analysis of risk preferences, which showed significant 

differences in the outcomes associated with various levels of risk.  This indicated that 

uncertainty could not be considered without the decision maker's attitude towards 

risk.  In addition, post-optimality analysis of the model results showed that correlated 

yield coefficients had an insignificant impact, and that the assumption of zero 

covariance was justified for this study.  Finally, it was also demonstrated that chance-

constrained programming can be applied to large scale forest management 

problems, but that the solvability of these problems were determined by the 

formulation type. 

  



 

 

 

 

 

 

 

 

 

 

©Copyright by Hendrik C. Stander 

April 26, 2011 

All Rights Reserved 

  



 

 

Uncertainty, Risk and Forest Management on the Tillamook State Forest:  A Case 

Study 

 

 

by 

Hendrik C. Stander 

 

 

 

A DISSERTATION 

 

submitted to 

 

Oregon State University 

 

 

 

in partial fulfillment of 

the requirements for the 

degree of 

 

Doctor of Philosophy 

 

 

 

Presented April 26, 2011 

Commencement June 2012 

  



 

Doctor of Philosophy dissertation of Hendrik C. Stander presented on April 26, 2011. 

 

 

APPROVED: 

 

 

_____________________________________________________________________ 

Major Professor, representing Forest Engineering 

 

 

_____________________________________________________________________ 

Head of the Department of Forest Engineering, Resources and Management 

 

 

_____________________________________________________________________ 

Dean of the Graduate School 

 

 

 

I understand that my dissertation will become part of the permanent collection of 

Oregon State University libraries.  My signature below authorizes release of my 

dissertation to any reader upon request. 

 

 

_____________________________________________________________________ 

Hendrik C. Stander, Author 

 

  



 

ACKNOWLEDGEMENTS 

 

I would like to start by thanking my major professor, Dr. John Sessions, for all 

the support and encouragement he has given me over the years.  It would not have 

been possible for me to embark on this journey if it was not for the faith that you 

have had in my abilities.  I especially thank you for the times that you have 

challenged my thoughts and ideas, because it has enabled me to unlock my true 

potential. 

I also express my gratitude to the members of my committee, Dr. Mark Pagell, 

Dr. Kevin Boston, Dr. Jim Reeb and graduate representative Dr. Eric Hansen.  I really 

appreciate the fact that you could find time in your busy schedules to guide me 

through the Ph.D. process, as well as the thoughtful insights you have provided on 

this dissertation.  I would like to especially thank Dr. Kevin Boston for the selfless 

mentorship he has given me over the course of my studies.  It was comforting to 

know that I could always call on you for advice and references on things ranging from 

forestry to sport to relationships. 

My sincere gratitude goes out to the sponsors of the financial support that I 

received over the course of my studies, namely the Gibbet Hill, Arnold & Vera Meier, 

and Gordon G. Carlson fellowships.  I would like to especially thank Rick Strachan for 

the personal interest that he has shown in my studies at OSU. 



 

I would like to thank the Oregon Department of Forestry for enabling my 

research for this dissertation.  Your assistance came at a time when it was greatly 

needed.  In particular I would also like to thank Rob Nall, Janine Rice and Tod Haren 

for creating a work environment that was both productive and pleasant.  I would also 

like to thank Colleen Kiser for all the assistance and advice during data gathering. 

My ultimate gratitude goes out to the members of my family.  I would like to 

thank my mother, Linda, for everything that she has done for me, and raising me 

under some very trying circumstances.  I would like to thank my parents-in-law, 

Willem and Elsie, for encouraging me as if I were their own son.  I would like to thank 

my daughter, Emily, for creating a haven to which I could escape, and I hope I can 

repay you with more of my time.  My final thought goes to my best friend and wife, 

Elize.  I could not have completed this study without your support and sacrifices.  I 

hope it is worthy of all that you have done for me. 

  



 

TABLE OF CONTENTS 

Page 

1 INTRODUCTION ........................................................................................................ 1 

1.1 Background .......................................................................................................... 1 

1.1.1 Uncertainty vs. Risk ....................................................................................... 1 

1.1.2 Sources of Uncertainty .................................................................................. 2 

1.1.3 Dealing with Uncertainty ............................................................................... 5 

1.2 Research Design ................................................................................................. 18 

1.2.1 Research Question ....................................................................................... 18 

1.2.2 Propositions ................................................................................................. 20 

1.2.3 Unit of Analysis ............................................................................................ 24 

1.2.4 Linking Data to Propositions ........................................................................ 24 

1.2.5 Criteria for Interpreting Findings ................................................................. 25 

1.3 Dissertation Layout ............................................................................................ 26 

2 LITERATURE REVIEW .............................................................................................. 28 

2.1 Uncertainty and Forest Management Planning ................................................ 28 

2.2 Chance-Constrained Programming in Forest Management Planning ............... 32 

2.3 Large Problems .................................................................................................. 36 

2.4 Summary ............................................................................................................ 38 

3 MATERIALS AND METHODS ................................................................................... 40 



 

TABLE OF CONTENTS (Continued) 

Page 

3.1 Study Area ......................................................................................................... 40 

3.1.1 Background .................................................................................................. 40 

3.1.2 Land Management ....................................................................................... 44 

3.1.3 Structure-Based Management .................................................................... 46 

3.1.4 Forest Modeling ........................................................................................... 49 

3.1.5 Issues ........................................................................................................... 58 

3.2 Scope ................................................................................................................. 62 

3.2.1 Risk ............................................................................................................... 62 

3.2.2 Level of Abstraction ..................................................................................... 63 

3.3 Modeling Framework ........................................................................................ 65 

3.4 Data Gathering .................................................................................................. 70 

3.4.1 Sampling Approach ...................................................................................... 71 

3.4.2 Timber Sale Data .......................................................................................... 73 

3.4.3 HnH Model Data .......................................................................................... 79 

3.5 Data Preparation ............................................................................................... 83 

3.5.1 Intersected Harvest Units ............................................................................ 83 

3.5.2 Species-Mix Classification ............................................................................ 84 

3.5.3 Planned vs. Actual Inventory ....................................................................... 87 



 

TABLE OF CONTENTS (Continued) 

Page 

3.5.4 Planned vs. Actual Timber Yield .................................................................. 90 

3.5.5 Inventory vs. Forest Structural Type ........................................................... 91 

3.6 Regression Analysis ........................................................................................... 95 

3.6.1 Linear Regression ......................................................................................... 96 

3.6.2 Logistic Regression..................................................................................... 113 

3.7 Modeling Data Preparation ............................................................................. 126 

3.7.1 Yield Table Adjustment .............................................................................. 127 

3.7.2 Prediction Standard Errors ........................................................................ 130 

3.8 Chance-Constrained Programming ................................................................. 135 

3.8.1 Overview .................................................................................................... 135 

3.8.2 Simplifying Assumptions ............................................................................ 138 

3.8.3 Model Formulations .................................................................................. 143 

3.8.4 Model Building ........................................................................................... 157 

3.8.5 Model Solving ............................................................................................ 159 

4 RESULTS ................................................................................................................ 161 

4.1 Regression Analysis ......................................................................................... 161 

4.1.1 Inventory.................................................................................................... 161 

4.1.2 Timber Yield ............................................................................................... 180 



 

TABLE OF CONTENTS (Continued) 

Page 

4.1.3 Structure .................................................................................................... 200 

4.1.4 Final Prediction Models ............................................................................. 218 

4.2 Modeling Data Preparation ............................................................................. 222 

4.2.1 Adjusted Inventory Yield Table .................................................................. 222 

4.2.2 Adjusted Timber Yield Tables .................................................................... 226 

4.2.3 Adjusted Structure Yield Table .................................................................. 233 

4.2.4 Inventory Standard Error Table ................................................................. 236 

4.2.5 Timber Yield Standard Error Tables ........................................................... 239 

4.2.6 Structure Standard Error Table ................................................................. 243 

4.3 Chance-Constrained Programming ................................................................. 245 

4.3.1 Linear Programming Models ..................................................................... 245 

4.3.2 Individual Chance-Constraints ................................................................... 250 

4.3.3 Chance Maximizing .................................................................................... 258 

4.3.3 Correlation Simulation ............................................................................... 266 

5 DISCUSSION .......................................................................................................... 273 

5.1 General Findings .............................................................................................. 273 

5.2 Research Question and Propositions .............................................................. 276 

5.2.1 Proposition 1.............................................................................................. 276 



 

TABLE OF CONTENTS (Continued) 

Page 

5.2.2 Proposition 2.............................................................................................. 277 

5.2.3 Proposition 3.............................................................................................. 278 

5.2.4 Proposition 4.............................................................................................. 281 

5.2.5 Proposition 5.............................................................................................. 285 

5.2.6 Research Question ..................................................................................... 286 

5.3 Previous and Future Research ......................................................................... 288 

5.3.1 Uncertainty and Forest Management ....................................................... 288 

5.3.2 Chance-Constrained Programming and Forest Management .................. 291 

5.3.3 Future Research ......................................................................................... 293 

6 CONCLUSIONS ...................................................................................................... 297 

7 BIBLIOGRAPHY ..................................................................................................... 300 

8 APPENDIX A .......................................................................................................... 307 

9 APPENDIX B .......................................................................................................... 311 

10 APPENDIX C .......................................................................................................... 316 

 

  



 

LIST OF FIGURES 

 

Figure Page 

1: Location of the Tillamook District with the Pacific North-West ........................... 41 

2: Extent of Tillamook District .................................................................................. 42 

3: Acre Distribution for Major Species on Tillamook District ................................... 43 

4: Modeling Framework ........................................................................................... 66 

5: Box-Plots for the Continuous Variables of the Inventory Regression Data ....... 164 

6: Scatterplot Matrix for the Continuous Variables of the Inventory Regression Data

 ............................................................................................................................ 166 

7: Bi-Variate Plot of Planned Inventory and Actual Inventory ............................... 166 

8: Case-Influence Statistics for the Inventory Preliminary Main Effects Model .... 168 

9: Case-Influence Statistics for the Inventory Main Effects Model ........................ 174 

10: Residual Plots for the Inventory Regression Model ........................................... 175 

11: Plot of Inventory Regression Model ................................................................... 178 

12: Predicted vs. Observed Actual Inventory from .632 Bootstrap for the Inventory 

Regression Model ............................................................................................... 180 

13: Box-Plots for the Continuous Variables of the Timber Yield Regression Data ... 183 

14: Scatterplot Matrix for the Continuous Variables of the Timber Yield Regression 

Data ..................................................................................................................... 185 

15: Bi-Variate Plot of Planned Inventory and Actual Timber Yield .......................... 185 

16: Case-Influence Statistics for the Timber Yield Preliminary Main Effects Model 187 

17: Case-Influence Statistics for the Timber Yield Main Effects Model ................... 194 

18: Residual Plots for the Timber Yield Regression Model ...................................... 195 

19: Plot of Timber Yield Regression Model .............................................................. 197 

  



 

LIST OF FIGURES (Continued) 

 

Figure Page 

20: Predicted vs. Observed Actual Timber Yield from .632 Bootstrap for the Timber 

Yield Regression Model ...................................................................................... 199 

21: Box-Plots for the Continuous Variables of the Structure Regression Data ........ 204 

22: Scatterplot Matrix for the Continuous Variables of the Structure Regression Data

 ............................................................................................................................ 205 

23: Linearity in Logit Evaluation Plots for Structure Regression Model ................... 209 

24: ROC for the Structure Regression Model ........................................................... 213 

25: Regression Diagnostics for the Structure Regression Model ............................. 214 

26: Plot of Structure Regression Model for the Grow Only Prescription ................. 215 

27: Plot of Structure Regression Model for the Thinning Prescription .................... 216 

28: Predicted vs. Observed Structure Probability from the .632 Bootstrap for the 

Structure Regression Model ............................................................................... 218 

29: Inventory (MBF) over Time from Original and Adjusted Yield Tables ................ 225 

30: Timber Yield (MBF) over Time from Original and Adjusted Modified Clear-Cut 

Yield Tables ......................................................................................................... 230 

31: Timber Yield (MBF) over Time from Original and Adjusted Partial Cut Yield Tables

 ............................................................................................................................ 232 

32: Complex Structure over Time from Original and Adjusted Structure Yield Tables

 ............................................................................................................................ 236 

33: Distribution of Inventory Prediction Standard Errors ........................................ 238 

34: Distribution of Modified Clear-Cut Prediction Standard Errors ......................... 241 

35: Distribution of Partial Cut Prediction Standard Errors ....................................... 243 

36: Distribution of Structure Prediction Standard Errors ......................................... 245 

  



 

LIST OF FIGURES (Continued) 

 

Figure Page 

37: Total Harvest Volume over Time ........................................................................ 247 

38: Ratio of Partial Cut Volume to Modified Clear-Cut Volume over Time ............. 248 

39: Development of Structure over Time ................................................................. 249 

40: Total Standing Inventory over Time ................................................................... 250 

41: Probability vs. Harvest Level per Structure Target ............................................. 264 

42: Percentage of LP Solution vs. Probability per Structure Target ......................... 264 

43: Diversification of Results from the Chance Maximizing Models ........................ 265 

44: Pearson Product-Moment Correlation Coefficients for Modified Clear-Cut Yield 

Coefficients ......................................................................................................... 268 

45: Pearson Product-Moment Correlation Coefficients for Complex Structure 

Probability Yield Coefficients .............................................................................. 269 

46: Simulation Results for Total Harvest Volume ..................................................... 270 

47: Simulation Results for Percentage Complex Structure ...................................... 270 

48: Summary of Simulation Probabilities ................................................................. 271 

 

 

  



 

LIST OF TABLES 

 

Table Page 

1: Field Definitions and Sources of the Inventory Regression Table ........................ 89 

2: Field Definitions and Sources of the Timber Yield Regression Table ................... 91 

3: Field Definitions and Sources of the Structure Regression Table ........................ 95 

4: Initial Indicator Variable Summary for the Inventory Regression Data ............. 161 

5: Final Indicator Variable Summary for the Inventory Regression Data ............... 162 

6: Final Continuous Variable Summary for the Inventory Regression Data ........... 163 

7: Lack-of-Fit ANOVA Results for the Inventory Preliminary Main Effects Model . 169 

8: Estimates of Regression Coefficients in the Inventory Preliminary Main Effects 

Model .................................................................................................................. 170 

9: Extra-Sums-of-Squares ANOVA Results for Removing SITE from the Inventory 

Preliminary Main Effects Model ......................................................................... 171 

10: Estimates of Regression Coefficients in the Inventory Preliminary Main Effects 

Model After Removing SITE ................................................................................ 171 

11: Estimates of Regression Coefficients in the Inventory Preliminary Main Effects 

Model After Removing IMP ................................................................................ 172 

12: Estimates of Regression Coefficients in the Inventory Main Effects Model ...... 172 

13: Formal Tests of Homoskedacity for the Inventory Regression Model ............... 176 

14: Formal Test of Normality for the Inventory Regression Model ......................... 177 

15: Formal Test of Autocorrelation for the Inventory Regression Model ................ 177 

16: Cross-Validation Results for the Inventory Regression Model ........................... 179 

17: Bootstrap Results for the Inventory Regression Model ..................................... 179 

18: Initial Indicator Variable Summary for the Timber Yield Regression Data ......... 181 

19: Final Indicator Variable Summary for the Timber Yield  Regression Data ......... 181 



 

LIST OF TABLES (Continued) 

 

Table Page 

20: Final Continuous Variable Summary for the Timber Yield Regression Data ...... 182 

21: Lack-of-Fit ANOVA Results for the Timber Yield Preliminary Main Effects Model

 ............................................................................................................................ 189 

22: Estimates of Regression Coefficients in the Timber Yield Preliminary Main Effects 

Model .................................................................................................................. 189 

23: Estimates of Regression Coefficients in the Timber Yield Preliminary Main Effects 

Model After Removing IMP ................................................................................ 190 

24: Extra-Sums-of-Squares ANOVA Results for Removing SPC_MIX from the Timber 

Yield Preliminary Main Effects Model ................................................................ 191 

25: Estimates of Regression Coefficients in the Timber Yield Preliminary Main Effects 

Model After Removing SPC_MIX ........................................................................ 191 

26: Extra-Sums-of-Squares ANOVA Results for Removing SITE_GRP from the Timber 

Yield Preliminary Main Effects Model ................................................................ 192 

27: Estimates of Regression Coefficients in the Timber Yield Main Effects Model . 192 

28: Formal Tests of Homoskedacity for the Timber Yield Regression Model .......... 196 

29: Formal Test of Normality for the Timber Yield Regression Model..................... 196 

30: Formal Test of Autocorrelation for the Timber Yield Regression Model ........... 197 

31: Cross-Validation Results for the Timber Yield Regression Model ...................... 198 

32: Bootstrap Results for the Inventory Regression Model ..................................... 199 

33: Stratum Counts per Period per Complex Status ................................................ 201 

34: Initial Indicator Variable Summary for the Structure Regression Data (Excl. 

VEG_TYPE) .......................................................................................................... 201 

35: Initial Indicator Variable Summary for the Structure Regression Data (VEG_TYPE 

Only).................................................................................................................... 202 

  



 

 

LIST OF TABLES (Continued) 

 

Table Page 

36: Final Indicator Variable Summary for the Structure Regression Data ............... 203 

37: Final Continuous Variable Summary for the Structure Regression Data ........... 203 

38: Univariable Analysis for the Structure Regression Model .................................. 205 

39: Estimates of Regression Coefficients in the Structure Preliminary Main Effects 

Model .................................................................................................................. 207 

40: Likelihood Ratio ANOVA Results for Removing SITE from the Structure 

Preliminary Main Effects Model ......................................................................... 207 

41: Estimates of Regression Coefficients in the Structure Preliminary Main Effects 

Model After Removing SITE ................................................................................ 208 

42: Likelihood Ratio Tests of Drop in Deviance for Sequentially Added Variables in 

the Structure Regression Model ......................................................................... 209 

43: Likelihood Ratio ANOVA Results for the INV and DOM_SPC Interaction Term in 

the Structure Preliminary Main Effects Model ................................................... 210 

44: Estimates of Regression Coefficients in the Structure Main Effects Model....... 211 

45: Goodness-of-Fit Tests for the Structure Regression Model ............................... 211 

46: Measures of Association for the Structure Regression Model .......................... 212 

47: Cross-Validation Results for the Structure Regression Model ........................... 216 

48: Bootstrap Results for the Structure Regression Model...................................... 217 

49: Covariance Matrix of the Residuals for the Inventory and Timber Yield 

Regression Models.............................................................................................. 221 

50: Inventory (MBF) over Time from Original and Adjusted Inventory Yield Tables 224 

51: Original and Adjusted First Period Inventory by Species Group ........................ 226 

  



 

 

LIST OF TABLES (Continued) 

 

Table Page 

52: Timber Yield (MBF) over Time from Original and Adjusted Modified Clear-Cut 

Yield Tables ......................................................................................................... 228 

53: Timber Yield (MBF) over Time from Original and Adjusted Partial Cut Yield Tables

 ............................................................................................................................ 231 

54: Complex Structure over Time from Original and Adjusted Structure Yield Tables

 ............................................................................................................................ 235 

55: Distribution of Inventory Prediction Standard Errors ........................................ 237 

56: Distribution of Modified Clear-Cut Prediction Standard Errors ......................... 240 

57: Distribution of Partial Cut Prediction Standard Errors ....................................... 242 

58: Distribution of Structure Prediction Standard Errors ......................................... 244 

59: Between-Iteration Step Size in MBF/Period for Feasible Individual CC Models 252 

60: Between-Iteration Step Size in MMBF/Year for Feasible Individual CC Models 252 

61: Chance-Constrained Total Harvest Volumes in MBF/Period for the Individual 

Chance-Constraint Models ................................................................................. 253 

62: Chance-Constrained Total Harvest Volumes in MMBF/Year for the Individual 

Chance-Constraint Models ................................................................................. 254 

63: Chance-Constrained Complex Structure Acres for the Individual Chance-

Constraint Models .............................................................................................. 254 

64: Chance-Constrained Complex Structure Percentage for the Individual Chance-

Constraint Models .............................................................................................. 254 

65: Chance-Constrained Total Harvest Volume as Fraction of Linear Programming 

Total Harvest Volume for the Individual Chance-Constraint Models ................ 257 

66: Diversification of Results from Individual Chance-Constrained Models ............ 258 

  



 

 

LIST OF TABLES (Continued) 

 

Table Page 

67: Between-Iteration Step Size in Standard Deviates for Feasible Chance 

Maximizing Models ............................................................................................. 260 

68: Between-Iteration Step Size in Probability for Feasible Chance Maximizing 

Models ................................................................................................................ 260 

69: Standard Normal Deviates for the Chance Maximizing Models ........................ 261 

70: Chance-Constrained Probabilities for the Chance Maximizing Models ............. 261 

71: Summary Statistics for Pearson Product-Moment Correlation Coefficients ..... 268 

73: Proportional Change in Linear Programming Harvest Volumes for Switching from 

One Structure Target to Another ....................................................................... 280 

74: Proportional Change in Chance Maximizing Harvest Volumes for Switching from 

One Structure Target to Another ....................................................................... 280 

75: Difference in Proportional Harvest Volume after Inclusion of Uncertainty (Linear 

Programming vs. Chance Maximizing) ............................................................... 280 

 

  



 

 

 

 

 

To my father, for dreams denied. 

To my mother, for dreams deferred. 

To my daughter, for dreams reborn. 

To my wife, for dreams shared. 

 



 

 

Uncertainty, Risk and Forest Management on the Tillamook State Forest: 

A Case Study 

 

1 Introduction 

1.1 Background 

Uncertainty is a fundamental and inescapable part of forest management 

planning.  It is not unique to forest management, since uncertainty is encountered 

across a variety of business sectors (Verderame et al., 2010).  Uncertainty does 

however manifest itself in a unique manner within forest management planning, 

since it deals with projections of biological processes over unusually long time 

periods (Hoganson and Rose, 1987; Boychuk and Martell, 1996; Pukkala and Kangas, 

1996; Martell et al., 1998; Eid, 2000; Hoogstra and Schanz, 2008). 

1.1.1 Uncertainty vs. Risk 

Any discussion about uncertainty needs to start with a formal definition of 

uncertainty and risk, since various authors and academic disciplines apply 

substantially differing definitions to these two terms.  There seem to be at least three 

outlooks on the issue.  Some view the terms as equivalent, and use them 

interchangeably (Chavas, 2004).  Others distinguish between uncertainty and risk by 

the type of information that is available to the decision maker (Schoemaker, 1980).  

Here, the potential outcomes are known, but the relative likelihood of the various 
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outcomes is unknown.  The problem with this definition is that it is rare for the 

outcome to be known, plus one can argue that if the probabilities of risky outcomes 

were known, then the existence of risk has to be questioned (Yates, 1992).  For this 

study uncertainty was defined as imperfect knowledge, and risk as the undesirable 

consequences of imperfect knowledge (Hardaker et al., 2004).  Under this definition 

all risk is therefore uncertain, but not all uncertainty is risky.   

1.1.2 Sources of Uncertainty 

A good understanding of the sources of uncertainty is also essential, since the 

strategy for risk mitigation will often be driven by the source of uncertainty.  Here it 

is often useful to examine business sectors other than forestry.  From an agricultural 

perspective the sources of uncertainty are either the manner in which the 

organization is financed (financial), or the environment (business) within which the 

organization operates (Anderson and Dillon, 1992; Hardaker et al., 2004).  Sources of 

business uncertainty are listed as production output, market costs and revenues, 

human resources, and institutional factors such as political trends, monopolizing 

actions, and breakdown of internal relationships.  From a supply chain management 

perspective the sources of uncertainty are similar, but by classifying them according 

to their location within the supply chain, a better assessment of risk can be made 

(Jüttner et al., 2003).  These sources are listed as external to the supply chain 
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(environmental) and outside of its control (socio-political instability and natural 

disasters); internal to the supply chain (organizational) and within control of the 

individual supply chain members (labor strikes and machine failure); and finally 

internal to the supply chain (network-related) and beyond the control of the 

individual supply chain members.  Examples of the latter include accountability for 

individual functions (lack of ownership), lack of communication (chaos), and inability 

to react to environmental changes (inertia). 

From a forestry perspective, the sources of uncertainty seem to have 

garnered less attention than in other sectors.  This could be attributed to the fact 

that uncertainty is rarely explicitly addressed within the forestry sector (Hoogstra and 

Schanz, 2008).  A typical view on uncertainty is that it is caused by the long planning 

horizons encountered in forestry (Hoganson and Rose, 1987; Boychuk and Martell, 

1996; Pukkala and Kangas, 1996; Martell et al., 1998; Eid, 2000; Lien et al., 2007; 

Hoogstra and Schanz, 2008).  This long-term nature of forestry therefore has a dual 

impact.  Firstly, risk is increased due to the prolonged exposure to uncertainty.  For 

instance, a stand with a 0.01 probability of burning has a 0.99 probability of surviving 

in year one, but only a 0.99�� = 0.67 probability of surviving in year forty (if the 

probabilities are assumed independent) (Boychuk and Martell, 1996).  Secondly, 

predictive models of future growth are used to avoid and mitigate risk, but the 

uncertainty associated with the predictions could increase with the length of 
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prediction period.  The sources of uncertainty in predictions are model 

misspecification, random estimation errors of model coefficients, residual variation 

of models, and errors in the model independent variables (sampling errors, 

measurement errors, grouping errors, and prediction errors) (Kangas, 1999; Kangas 

and Kangas, 1999).  The impact of these errors also change over time, with residual 

variation and independent variable errors being most prominent in the short term, 

while model misspecification acts more in the long term and is also the most 

significant source of prediction uncertainty. 

Other sources of uncertainty in the forestry sector include natural variance, 

changing markets, technology shifts, social norms, and government policies (Martell 

et al., 1998; Eid, 2000).  Natural variance refers to the fact that there is a degree of 

randomness (high uncertainty) associated with natural processes, and that it is 

sometimes impossible to avoid risks associated with fire, disease and pests.  

Changing markets refers to the fact that commodity demand and prices are uncertain 

and might change over time, resulting in a risk of lost revenue.  Technology shifts 

refers to the fact that prevailing technology changes over time, and that the 

profitability of a given tree crop is often dependent on the appropriate harvest, 

transportation and conversion technologies being available at the time of harvest.  

Social norms refers to the fact that the societal perception of forestry is constantly 

changing, and therefore uncertain.  Forestry organizations therefore run the risk of 
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their long-term management plans being counter to social norms when it becomes 

time to act on them.  Lastly, government policies refers to the fact that forest 

management policies for publicly owned land are often determined by political 

processes (Pickens and Ashton, 2000).  The short term nature of these political 

processes, (often as long as the period between elections), creates a high degree of 

uncertainty in public land management, and subsequently exposes local communities 

and industries (which are dependent on certain forest policies) to a high degree of 

risk. 

1.1.3 Dealing with Uncertainty 

Uncertainty seems to be a topic that is rarely addressed explicitly within the 

forestry sector.  This statement is based on the work of Hoogstra & Schanz (2008), 

who conducted a content analysis of journal articles to assess how forestry 

professionals experienced uncertainty.  Articles from both American and German 

journals were selected to account for cultural differences, and articles from the 

agricultural sector were used as a basis for comparison.  Their basic findings were 

that forestry professionals tend to ignore the uncertainty that is inherently part of 

their industry.  The authors attributed this to the fact that uncertainty is cognitively 

very difficult to deal with, and that forestry professionals therefore tend to focus on 

the aspects of their industry that they can measure and control.  Under this strategy, 
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the future is essentially treated as an extension of the past and present.  Although 

the authors acknowledge that their work should be interpreted with care, it does 

provide indicative inferences about how uncertainty is dealt with in the forestry 

sector. 

This notion that forestry professionals treat the future as an extension of the 

past and present was also elaborated on by Weintraub & Abramovich (1995), who 

described the typical approach of forestry professionals to uncertain future timber 

yields.  This approach essentially relies on recourse driven by past and present timber 

yields.  Under this approach timber yield targets are established using existing 

information.  As information then becomes available about the actual timber yields, 

expectations for future timber yields will be adjusted accordingly.  This implies that 

the future is essentially driven by what was observed in the current time period. 

The management of forestry assets is typically steered by a forest 

management plan.  The objective of such plans is to reconcile the current state of the 

forest with the outputs desired at some future time, by prescribing the management 

activities that would grow the current forest towards the desired outputs.  

Traditionally, these outputs were limited to timber yields, but today they also include 

outputs related to social (recreation) and ecological values (biodiversity, endangered 

species habitat) (Weintraub and Bare, 1996; Martell et al., 1998; Weintraub and 

Romero, 2006).  Compiling forest management plans with multiple outputs is not a 
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trivial task, and often the challenge is not to identify an optimal solution, but rather 

to find at least one feasible solution (Martell et al., 1998).  Forestry professionals 

have therefore deployed analytical models based on operational research methods 

to solve these complicated problems.  For forest management planning, these 

models are typically compiled at a strategic planning level, which implies that land is 

aggregated into larger parcels which are universal with regards to some criteria 

(typically a combination of vegetation type and growth), and a long planning horizon 

(greater than 100 years) that encompasses multiple tree rotations (Weintraub and 

Bare, 1996; Martell et al., 1998; Weintraub and Romero, 2006).  Traditionally, these 

models have been compiled as linear programming (LP) formulations, with notable 

examples such as Timber RAM (Navon, 1971), FORPLAN (Johnson et al., 1986), and 

SPECTRUM (Greer and Meneghin, 1997).   

Uncertainty is rarely considered explicitly within these strategic models 

(Hoganson and Rose, 1987; Boychuk and Martell, 1996; Kangas and Kangas, 1999).  

These models are therefore deterministic, and assume that the current and future 

states are known with certainty.  A possible rationale for this approach would be that 

the net effect of uncertainty over the long run will be zero, but this would assume 

that the uncertainty has no bias or positive correlation (Hoganson and Rose, 1987).  

The consequence of ignoring this uncertainty is either “regret” (Bell, 1982) or 

“disappointment” (Bell, 1985).  “Regret” results from selecting an alternative that 
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proves to be suboptimal at a future point in time, while “disappointment” results 

from selecting an alternative that proves to be overoptimistic.  In terms of forest 

management, “regret” result's in sub-optimal outputs, such as not maximizing 

potential timber yield, endangered habitat and recreational opportunities.  

“Disappointment” result's in infeasible solutions, such as not being able to meet 

policy or management targets for yield, endangered habitat and recreational 

opportunities (Weintraub and Abramovich, 1995; Kangas and Kangas, 1999).  

Hoganson & Rose (1987) states that the consequences of not considering uncertainty 

depends on whether the source of the uncertainty is forest-wide or at the stand-

level.  Forest-wide uncertainty impacts all stands in a similar manner, leading to 

significant impacts on expected outputs.  Stand-level uncertainty only impacts the 

individual stands, and assuming no bias or positive correlation, these errors should 

counteract each other and have a minimal effect on expected outputs.  A. S Kangas & 

J. Kangas (1999) noted the consequences of assumed certainty on LP formulations 

used in forest management planning.  They noted that uncertainty in the coefficients 

of the objective function would result in an optimistic bias, uncertainty in the 

constraint targets (right-hand-side) would result in a pessimistic bias, while 

uncertainty in the yield coefficients (left-hand-side) would result in an optimistic bias, 

as well as potentially infeasible solutions. 
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In cases where uncertainty was incorporated into strategic planning models, it 

has traditionally been accomplished by using conservative estimates of the uncertain 

model parameters (Weintraub and Abramovich, 1995; Martell et al., 1998; Pickens 

and Ashton, 2000; Weintraub and Romero, 2006).  This approach is frequently 

referred to as worst-case analysis.  The advantage of this method is that the 

probability distributions associated with the uncertain parameters do not need to be 

known, but this comes at the cost of extremely pessimistic and arbitrary solutions 

(Wallace, 2000).  The extreme pessimism of these solutions is derived from the fact 

that the worst-case is usually a statistical outlier with a small probability of occurring, 

yet these models treat the worst-case as certain.  The arbitrary nature of these 

solutions is derived from the fact that the worst-case is impossible to truly define, 

therefore resulting in solutions that are unrealistic and subjective. 

Other traditional tools for dealing with uncertainty in forest planning models 

are parametric programming and sensitivity analysis (Weintraub and Abramovich, 

1995; Weintraub and Bare, 1996; Verderame et al., 2010).  These methods recognize 

the fact that uncertainty exists, and incorporate it into the modeling process by 

evaluating the effect of model parameter fluctuations on the overall solution and 

objective function.  Here it is important to distinguish between sensitivity analysis 

and parametric programming.  Sensitivity analysis is normally used in the context of 

linear programming, and essentially deals with the evaluation of reduced cost and 
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shadow price.  Reduced cost is the magnitude by which a given objective function 

coefficient has to change before the corresponding variable will be included in the 

optimized solution, while shadow price is the change in the value of the objective 

function if a given constraint (right-hand-side) value is changed by one unit.  By 

examining these values it is possible to assess the range over which a given solution 

will remain optimal, as well as the rate at which a given solution would approach sub-

optimality for a given parameter change.  If the size of the area of optimality is 

deemed small and the rate of change steep, then the optimal solution is considered 

sensitive to uncertainty and vice versa.  Each reduced cost and shadow price can 

however only be considered individually, which unrealistically implies that 

uncertainty will only materialize in the given parameter.  This problem can be 

addressed through parametric programming, where model parameters are 

systematically or randomly varied to generate a range of optimized solutions.  These 

solutions can then be compared and analyzed for susceptibility to uncertainty.  A 

typical approach would be to identify the range of parameter values over which a 

given solution remains optimal, as well as which parameter values would lead to a 

drastically different solution.  The problem with both sensitivity analysis and 

parametric programming is that uncertainty is not explicitly considered during 

optimization.  These methods therefore assume that the optimal solution under 

uncertainty is in close proximity to the deterministic solution (sensitivity analysis), or 
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within the area defined by a range of deterministic solutions (parametric 

programming).  Wallace (2000) demonstrated that this assumption is false, and that 

solutions under uncertainty could be very different from the deterministic ones.  

What this boils down to is that parametric programming and sensitivity analysis are 

limited as tools for finding the optimal solution under uncertainty, specifically 

because they only provide post-optimality information on a given solution, rather 

than optimizing the solution under uncertainty. 

So the ideal is to use a forestry management planning model that explicitly 

considers uncertainty during optimization.  These types of models are available, but 

have seen limited implementation (Weintraub and Bare, 1996; Martell et al., 1998; 

Weintraub and Romero, 2006).  Those that are available can be classified as either 

probabilistic or fuzzy, depending on how uncertainty is treated within the model 

(Weintraub and Bare, 1996).  Fuzzy models are based on the properties of fuzzy set 

theory (Zadeh, 1965).  Under traditional set theory an element is either a member of 

a set or not.  Fuzzy set theory introduces the concept of degree of membership, 

which enables partial membership to a given set.  The degree of membership is 

determined through a membership function.  Using this theory it is possible to 

introduce uncertainty into the linear programs used for forest management planning, 

by recognizing the fact that uncertainty exists about the true value of model 

coefficients, parameters and functional relationships (Mendoza and Sprouse, 1989).  
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The resulting fuzzy linear programs therefore contain membership functions which 

specify the degree to which certain constraints were met, and in some models also 

the degree of objective attainment (Bare and Mendoza, 1992).  A variety of 

techniques exist for solving these models, ranging from solving models at predefined 

degrees of membership (Chanas, 1983), to MAXMIN routines which maximize the 

minimum degree of membership (Hof et al., 1986).  Typically, only the constraints 

and objective function are treated as fuzzy, while the yield coefficients are assumed 

certain.  Bare & Mendoza (1992) attributed this to the additional complexity 

associated with fuzzy yield coefficients, as well as the fact that probability 

distributions would be more appropriate than degree of uncertainty to describe the 

uncertainty in yield coefficients.  The authors therefore concluded that fuzzy linear 

programming could not be seen as a substitute for probabilistic methods, especially 

in the context of harvest scheduling. 

The alternative to fuzzy models is probabilistic models.  These models 

incorporate uncertainty through probability distributions which determine a 

probabilistic value for coefficients and parameters under a given level of uncertainty 

and/or risk.  Through this approach uncertainty can be implemented in all the 

components of the mathematical program, namely objective function, yield 

coefficients and right-hand-side constraints.  Various probabilistic modeling 

methodologies have been studied and examined in the context of forestry, including 
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methods such as stochastic dynamic programming, chance-constrained 

programming, stochastic programming, Markov decision models and optimal control 

theory (Weintraub and Bare, 1996; Martell et al., 1998; Weintraub and Romero, 

2006).  The modeling methodologies listed above have many characteristics in 

common, but they can be distinguished from one another by their usage of recourse.  

Recourse can best be described as a corrective action or remedy following the 

realization of uncertainty.  For example, given a situation where timber yield is 

uncertain, a decision maker has no choice but to use the information at hand to 

determine future harvest levels.  However, at a future point in time the actual timber 

yield will be known, allowing for a recourse action to be taken (Weintraub and 

Abramovich, 1995).  For instance, if the actual timber yields are lower than planned, 

then a potential recourse action could be to reduce future harvest levels.  Models 

with recourse are typically two- to multi-stage models, which implies that a decision 

is made with assumed certainty in one stage and the effect of uncertainty is then 

evaluated in a subsequent stage.  Stochastic programming, stochastic dynamic 

programming, Markov decision models and optimal control theory are examples of 

probabilistic models with recourse, while chance-constrained programming is an 

example of a probabilistic model without recourse.  Weintraub & Abramovich (1995) 

note that real life decision making is a dynamic process, and that probabilistic models 

with recourse are therefore the more realistic choice for forest management 
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planning.  They also note that probabilistic models with recourse are extremely 

complex, and therefore impossible to implement on medium to large scale forest 

management planning problems.  The remaining alternative therefore is to use 

chance-constrained programming.  This method has garnered a lot of attention over 

the years, despite the fact that it is a non-recourse probabilistic model (Hof et al., 

1986, 1992, 1995; Hof and Pickens, 1991; Pickens et al., 1991; Weintraub and Vera, 

1991; Weintraub and Abramovich, 1995).  The chance-constrained programming 

method transforms probabilistic model components into deterministic equivalents.  

This results in a simpler model formulation, but also one with non-linear model 

components (Weintraub and Abramovich, 1995).  Depending on the formulation, 

these non-linear models are theoretically solvable, but remain problematic in 

practical applications.  Various solution techniques (Weintraub and Vera, 1991) and 

pragmatic approaches (Pickens et al., 1991; Hof et al., 1995) have therefore been 

devised to assist in the application of chance-constrained programming on real-world 

forestry problems.   

Despite the advances that have been made with probabilistic models, the 

application of these models still remain mostly within the academic domain 

(Weintraub and Bare, 1996).  This can be attributed to a number of factors, over and 

above the technical difficulties associated with applying these models to large scale 

forestry problems.  Foremost of these are the difficulties associated with 
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parameterizing the probability distributions associated with uncertain coefficients 

and parameters (Weintraub and Bare, 1996; Kangas, 1999; Kangas and Kangas, 1999; 

Reeves and Haight, 2000; Krcmar et al., 2001).  A number of methods exist for 

dealing with this issue.  Reeves & Haight (2000) estimated the means and covariance 

of revenue predictions through statistical fitting of time-series models to stumpage 

price observations, while A. S Kangas & J. Kangas (1999) used simulation to generate 

forest yields under uncertainty.  Another factor impacting the application of 

probabilistic models is the complexity associated with applying these models to 

large-scale forestry problems.  These models typically utilize complex algorithms or 

mathematical formulations.  While this might make for interesting academic 

problems, it does hamper the transfer and application of the technology (Marshall, 

1988; Weintraub and Bare, 1996). 

An alternative to probabilistic models is heuristic models.  These models 

utilize logic and rules to iteratively find an optimal solution, as opposed to 

mathematical programming methods which find optimal solutions by simultaneously 

solving a system of equations (Bettinger et al., 2009).  A number of variants of this 

method have been utilized in the forestry sector, such as random search, simulated 

annealing, great deluge, threshold accepting, tabu search, and genetic algorithm 

(Bettinger et al., 2002).  These heuristics are capable of solving large and complex 

problems, and they have seen specific application in those instances where a 
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traditional mathematical program method would either be impossible to implement 

or would not yield a solution within a reasonable time period (Weintraub et al., 1994; 

Murray and Church, 1995).  The disadvantages of heuristics are that they take a 

relatively long time to develop since every model is developed specifically for the 

problem it is solving, and there is no way to guarantee an optimal solution (Bettinger 

et al., 2009).  In light of these advantages and disadvantages, heuristics have 

therefore mostly seen application in tactical and operational forest planning 

problems, especially those with spatial constraints, while mathematical programming 

remains the dominant method for strategic level forest planning (Bettinger and 

Chung, 2004). 

Finally, a topic that is often overlooked in relation to decision making under 

uncertainty, is the decision maker’s attitude towards risk.  Most studies focus on the 

technical and quantitative issues of incorporating uncertainty into the decision 

making process, while few follow through to also incorporate the qualitative aspects 

of the decision maker’s attitude towards risk (Pukkala and Kangas, 1996).  As noted in 

section 1.1.1, uncertainty and risk are intertwined by definition.  That is, uncertainty 

is the probability of a particular outcome, while risk is the negative consequences 

associated with that outcome.  The degree to which a decision maker wishes to be 

exposed to said risk will depend on the decision maker’s degree of risk aversion.  

Different levels of risk aversion will therefore result in different timber management 
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plans.  For instance, Marshall (1988) showed that timber management strategies 

were extremely sensitive to higher levels of risk aversion, while Taylor & Fortson 

(1991) showed decreasing rotation age and increasing planting density with 

increasing levels of risk aversion.  It is therefore clear that a decision maker’s attitude 

to risk would have an impact on the final decision.  The problem then becomes one 

of incorporating the decision maker’s attitude towards risk into the decision making 

process.  This has traditionally been accomplished through utility functions (Von 

Neumann et al., 2007).  Utility can be defined as the “subjective value” that a 

decision maker gains from a given outcome.  The utility function then expresses this 

“subjective value” as a function of some uncertain outcome (timber yield, 

endangered habitat, recreational opportunities) (Hardaker et al., 2004).  The shape of 

the utility function is determined by factors such as the decision maker’s attitude 

towards risk, and the value that the decision maker associates with a given outcome 

itself.  Therefore, given a decision maker’s utility function, it is theoretically possible 

to calculate the “subjective value” that the decision maker would associate with a 

given outcome.  It has however been noted that this approach does not really lend 

itself to practical implementation in the forestry sector, and that incorporating this 

approach into mathematical programming models would be too complex and yield 

models that are too large to solve (Pukkala and Kangas, 1996).   
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1.2 Research Design 

The primary objectives of this study were to contribute towards the research 

on the impacts of uncertainty on forest management planning, and to evaluate the 

use of a probabilistic method on a large-scale multi-criteria scenario.  A case study 

approach was therefore utilized to conduct this study, since it is most suited to a 

research situation that aims to build theory without the ability to perform 

experiments (Yin, 2003).  The following sections will therefore review the 

components of a case study, namely research question, propositions, unit of analysis, 

linking data to propositions, and criteria for interpreting findings (Yin, 2003). 

1.2.1 Research Question 

It was noted in the previous sections that uncertainty is an inescapable part of 

forest management planning, and that the primary source of this uncertainty is the 

long planning horizons encountered in the forestry sector.  This results in longer 

exposure to risk, as well as difficulties in predicting future yields and outcomes.  It 

was also shown that uncertainty is generally not considered explicitly within forest 

management planning, and that the future is essentially seen as an extension of the 

past and present.  Therefore, given the fact that uncertainty is known to exist and 

that it is rarely incorporated into applied forest management, a better understanding 
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of the consequences of not considering the impact of uncertainty on forest 

management is required. 

It was also noted that forest management is typically directed towards long-

term sustainability, which implies that multiple criteria have to be satisfied over the 

long term.  These criteria typically include economic factors such as timber yield and 

revenues, environmental factors such as endangered habitat and critical species, and 

social factors such as recreational opportunities and local industries.  These factors 

are however often diverging and difficult to quantify, resulting in extremely 

complicated forest management problems.  It is however essential to incorporate 

multiple criteria into applied forest management, since omitting them could result in 

infeasible solutions and unrealized forest management objectives.  An applied study 

of the impact of uncertainty on forest management would therefore not be complete 

without the inclusion of multiple criteria. 

Finally, it was noted that the most appropriate method for explicitly 

incorporating uncertainty into strategic forest management is using probabilistic 

models.  The application of these models has however been hampered by the large 

size and complexity of probabilistic methods applied to forest management 

problems, which essentially rendered these models too hard or impossible to solve.  

In addition, it was also noted that the probability distributions required for these 

models are often not available.  Therefore, to advance the incorporation of 
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uncertainty into applied forest management problems, the issues associated with 

large models and the acquisition of probability distributions will have to be studied 

further. 

This study will examine the explicit impact of uncertainty applied to a large-

scale multi-criteria forest management problem.  The research question can 

therefore be summarized as follows: 

 

“What is the impact of explicitly incorporating uncertainty in applied, large-scale, 

multi-criteria forest management planning problems” 

1.2.2 Propositions 

To study the above research question, the following propositions will be 

examined. 

1.2.2.1 Proposition 1 

The forestry sector has an abundance of literature stating the importance of 

uncertainty in forest management planning and how it is often excluded from 

planning processes.  Those studies that do incorporate uncertainty often are forced 

to do so under relaxed conditions or generalizing assumptions.  Therefore, despite its 

assumed importance, it still remains unclear what the explicit impact of uncertainty is 
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on forest management planning.  The first proposition of this study will therefore be 

to address the importance of uncertainty within the context of applied forestry: 

 

“Uncertainty has a substantial impact on forest management planning” 

 

1.2.2.2 Proposition 2 

Traditionally uncertainty has been incorporated into forest management 

planning through methods such as worst-case analysis, parametric programming, and 

sensitivity analysis.  These methods are fairly simple to implement on large-scale 

forestry problems, and hence their popularity.  It has however been noted that these 

methods are poor choices for finding optimality under uncertainty, and that their use 

is limited to merely reporting on the effects of uncertainty on an established 

solution.  The second proposition will therefore address the sub-optimality 

associated with these traditional methods: 

 

“Traditional methods of dealing with uncertainty deliver sub-optimal results” 
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1.2.2.3 Proposition 3 

It is well known that forest management planning must incorporate multiple 

criteria to deliver sustainable management plans, and that these criteria typically 

incorporate economic, environmental and social factors.  It is also generally accepted 

that these factors are typically diverging, which implies that overall outcomes are 

typically reduced under multiple criteria plans.  What is less known is what the 

impact of uncertainty will be on a multiple criteria forest management problem.  The 

third proposition will therefore address the combination of uncertainty and multiple-

criteria in forest management planning: 

 

“The effects of uncertainty are compounded in multi-criteria forest management 

plans” 

 

1.2.2.4 Proposition 4 

It is also well known that the decision maker’s attitude towards uncertainty 

and risk is a determining factor in any situation where utility needs to be maximized.  

It has been established that traditional utility theory is difficult to impossible to 

incorporate into forest management planning.  The fourth proposition will therefore 
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explore incorporating the decision maker’s attitude into the forest management 

problem, and what the impact of various risk attitudes would be: 

 

“The decision maker’s attitude towards risk is a significant driver in forest 

management planning” 

 

1.2.2.5 Proposition 5 

Finally, it has been noted that probabilistic methods are the most appropriate 

tool for strategic level forest management planning.  Its application has however 

traditionally been hampered by the fact that these models are extremely large and 

complex when applied to medium- to large-scale forest problems, and that they are 

therefore essentially impossible to solve.  In addition, the probability distributions 

that are required for these models are typically not available.  The fifth proposition 

will therefore address the practical issues associated with applying probabilistic 

methods to large-scale forest management problems: 

 

“Probabilistic methods can be applied to large-scale forest management problems” 
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1.2.3 Unit of Analysis 

The unit of analysis for this study will be the forest management planning 

process for the Tillamook District of the Oregon Department of Forestry (ODF).  This 

study will primarily focus on the analytical activities associated with forest 

management planning.  The planning process spans a time period of 150 years, and 

includes economic, environmental and social criteria.  Uncertainty is known to exist 

within this planning process, and typical approaches to dealing with it have been 

worst case and scenario analysis.  This planning process also has a number of 

stakeholders, whom will be used as proxies for decision makers in this study.  These 

decision makers represent a range of forest management objectives, as well as a 

range of attitudes towards risk. 

1.2.4 Linking Data to Propositions 

The evaluation of the propositions will be accomplished through an analytical 

process.  The details of this process are contained in section 3, while section 3.3 

presents a summarized version of the analytical process.  The process will start with a 

data gathering step, which will focus on the collection of empirical observations of 

expected (planned) and actual forest management outcomes.  This step will be 

followed by a data preparation step, during which the data will be aggregated and 

structured for the analytical routines to follow.  The first analytical routine will entail 



25 

 

building regression models for predicting actual outcomes from predicted outcomes.  

The purpose of this step will be to parameterize the uncertainty caused by bias, as 

well as to parameterize the remaining random uncertainty.  The next step will be 

modeling data preparation, during which the uncertainty and expected outcomes of 

various forest management actions are predicted over time.  The final step will be to 

use this data in various chance-constrained programming (CCP) formulations.  As 

noted earlier, CCP is a probabilistic method without recourse.  Being a probabilistic 

method implies that it can deal with uncertainty explicitly, which is an objective of 

this study.  The validity of this method has however been questioned, due to the fact 

that it does not incorporate recourse.  However, the fact that it does not utilize 

recourse makes it simpler to apply to large-scale problems; plus it can be argued that 

it is not appropriate to include recourse in a state policy making process, since the 

purpose of a policy making process is to set targets that are attainable with a high 

degree of certainty.  In light of this, CCP is therefore an appropriate analytical 

method. 

1.2.5 Criteria for Interpreting Findings 

In order to interpret the results from this study, some sort of mechanism will 

be required to isolate the root cause driving a particular outcome in the analytical 

results.  For instance in the context of this study, a particular result might be caused 
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by either the type of CCP formulation used, the decision maker's attitude towards 

risk, a forest management output goal, or a combination of all of the above.  The 

analysis will therefore be performed in such manner as to facilitate a matrix of 

results, which can then be examined for trends along a particular axis.  Interpretation 

of findings will therefore be based on patterns of results, with the objective to isolate 

the correlation between a particular variable and the observed results. 

1.3 Dissertation Layout 

The structure for this dissertation will be as follows.  Chapter 2 will review the 

prominent literature on methods for incorporating uncertainty into forest 

management planning, the application of CCP within the context of forest 

management, and the state of the research with regards to large-scale forest 

management planning under uncertainty.  Chapter 3 will describe the methods and 

materials used in this study.  It will start with an overview of the study area which will 

focus on the land management requirements, methods and challenges.  Thereafter 

the scope of this study and a summary of the analytical approach will be discussed.  

This will be followed by a detailed discussion of the analytical process, which will 

focus on data gathering, data preparation, regression analysis, modeling data 

preparation, and chance-constrained programming.  Chapter 4 will present the 

analytical results from the study, focusing in particular on the regression analysis, the 
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predictions from the regression analysis, and the output from the chance-constrained 

programming models.  In Chapter 5 the results will be tied back to the original 

propositions, with the purpose of assessing the degree to which the propositions 

were answered through the research or not.  Finally, Chapter 6 will summarize the 

general findings from this research. 
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2 Literature Review 

This chapter will start with a review of the prominent publications on 

incorporating uncertainty into forest management planning.  This will be followed by 

a review focusing on publications pertaining to the use of chance-constrained 

programming within the context of forest management planning.  Finally, this 

chapter will be concluded with a review of publications on the incorporation of 

uncertainty into large-scale forest management applications. 

2.1 Uncertainty and Forest Management Planning 

A number of studies have incorporated uncertainty into forest management 

planning and decision making.  This section will list some of these studies, with the 

exception of chance-constrained programming models, which will be listed 

separately in a later section.  One of the first was a study by Thompson and Haynes 

(1971), which combined linear programming and subjective estimates of probability 

distributions to obtain simulated estimates of cost.  Although only the right-hand-

side vector was stochastic, and only through randomly generated scenarios, it was 

one of the first attempts towards moving away from point estimates of decision 

variables.  Dixon and Howitt (1980) proposed a Linear-Quadratic Gaussian control 

method, that utilized stochastic simulations to examine the effect of uncertainty on 

timber yield, and the relative costs associated with these uncertainties.  Hoganson 
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and Rose (1987) used a two-step recourse formulation which optimized timber 

management for the short-term, subject to a range of uncertain future scenarios 

(right-hand-side vector).  They found that the short-term management plan was 

highly dependent on the assumptions of future uncertainty.  Marshall (1988) 

generated expected yield coefficients from subjective probability distributions, and 

incorporated them into a linear programming formulation which optimized cost 

across a range of scenarios that simulated various harvest profiles and attitudes 

towards risk.  Hof et al. (1988) developed a method which utilized random yield 

coefficients in a linear programming formulation.  A bootstrapping technique was 

used to draw 20 random samples from empirical observations of timber yield.  Using 

a growth and yield simulator, a set of yield coefficients were generated from each 

random sample.  Each set of yield coefficients were then incorporated into a linear 

program, which maximized net present value subject to a standard set of timber 

management constraints.  This study found that average return from stochastic yields 

was not much different than the deterministic case.  However, the introduction of 

stochastic yields created infeasibilities in all the scenarios studied.  Pickens and Dress 

(1988) also studied the impact of stochastic yield coefficients on timber management 

optimization.  Three linear programming formulations were used, each with different 

assumptions pertaining to global constraints.  Stochastic yield coefficients were 

generated by randomly perturbing along three error distributions and three levels of 
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variability.  Results showed that the perturbed yield coefficients typically resulted in 

solutions that were optimistically biased, since the linear programming formulation 

would have naturally selected solutions that included the optimistically biased yield 

coefficients.  In addition it was also found that infeasible solutions resulted from the 

perturbed yield coefficients.  Gassmann (1989) used the Dantzig-Wolfe 

decomposition principle in a multi-stage stochastic programming formulation with 

stochastic fire losses.  This approach reduced the planning horizon to seven time 

periods and introduced the occurrence of fire through a range of scenarios.  The 

formulation also introduced an approach to valuing the standing inventory which 

assured timber supply beyond the planning horizon, as well as linear penalty terms to 

deal with model infeasibilities resulting from uncertainty.  This study showed that the 

introduction of uncertainty resulted in more conservative harvest policies, and that 

the value of information increased with discount rates.  Mendoza and Sprouse (1989) 

studied a two-stage approach which utilized fuzzy linear programming to generate a 

set of alternative solutions, which were then evaluated and prioritized though an 

Analytical Hierarchy Process (AHP).  Boychuk and Martell (1996) also incorporated 

the risk of fire into a multi-stage stochastic programming formulation.  Their 

approach utilized ten planning periods, of which the first four incorporated stochastic 

fire occurrence through a series of scenarios, and the remainder utilized expected 

fire occurrence.  This formulation also utilized linear penalty terms to deal with 
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infeasibilities.  The study suggested the use of inventory buffers to ensure stable 

timber supplies, which reduced timber supply in the short term but increased 

expected long-term supply.  Forboseh and Pickens (1996) developed a linear 

programming formulation with stochastic stumpage prices subject to constraints on 

volume of timber supplied.  This formulation therefore optimized the harvest 

schedule under stochastic future prices and subject to fixed supply contracts.  

Stochastic prices were introduced through random simulation of a predetermined set 

of scenarios.  Results showed significant increases in present values, greater 

probability of scheduling feasibility and a residual forest with more mature inventory.  

Pukkala and Kangas (1996) developed a heuristic method which incorporated both 

risk and attitude towards risk.  The sources of risk were timber prices and tree 

growth, while the decision maker’s attitude towards risk was incorporated through a 

priority function and sub-priorities which were associated with a given attitude 

towards risk.  The study found that the decision maker’s attitude towards risk had a 

significant impact on the optimal solution.  Bare and Mendoza (1992) also utilized 

fuzzy linear programming in a problem which incorporated both a fuzzy objective 

function as well as fuzzy timber flow constraints.  Although the results showed that 

fuzzy linear programming can be applied with success to forest management 

problems, they concluded that traditional probabilistic methods were more 

appropriate to use. 
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2.2 Chance-Constrained Programming in Forest Management Planning 

The primary analytical method for this study will be chance-constrained 

programming (CCP), which is a probabilistic approach to incorporating uncertainty 

into forest management planning.  Charnes and Cooper (1959, 1962, 1963) were the 

first to describe this method, which incorporates a probabilistic statement to 

describe the uncertainty associated with a given right-hand-side constraint.  They 

showed how this probabilistic statement can be transformed to a deterministic 

equivalent using the probability distribution associated with the constraint right-

hand-side, which can then be incorporated into a standard linear or non-linear 

programming formulation.  Hunter et al. (1976) developed one of the first 

applications of this technique to land management, by optimizing the forage 

allocation in a resource planning model.  The results from this study showed that the 

resource allocation problem was optimized when the livestock levels were reduced 

by 22% compared to deterministic levels.  Hof and Pickens (1991) developed the first 

application of CCP to a forest management problem.  In this study the authors 

described three different CCP formulations, namely the Charnes and Cooper CCP 

which constrains the probability of each uncertain constraint individually, the Miller 

and Wagner Joint Probability CCP (Miller and Wagner, 1965) which constrains the 

joint probability of a given set of uncertain constraints, and the Total Probability CCP 

which constrains the sum of probabilities associated with a given set of uncertain 
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constraints.  The authors also described three approaches to maximizing the 

probabilities associated with each constraint, namely MAXMIN Chance-Maximizing 

which maximizes the minimum probability, Joint Probability Chance-Maximizing 

which maximized the joint probability, and Total Probability Chance-Maximizing 

which maximizes the total probability.  Through a case study the authors 

demonstrated that the different CCP methods resulted in substantially different 

solutions, that the listed CCP methods can either be solved or approximated through 

linear or integer methods, and that it was possible to incorporate probability 

distributions directly into the models as opposed to pre-calculated probabilities.  

Pickens et al. (1991) demonstrated one of the first forestry applications of CCP with 

stochastic variation in the A-matrix (yield coefficients).  This type of CCP formulation 

results in a non-linear problem, which at the time was not solvable for large-scale 

problems.  The authors therefore developed a linear programming formulation with 

an A-matrix that could be stochastically perturbed through Monte Carlo simulation.  

The results indicated that the stochastic A-matrix resulted in solutions that were 

optimistically biased, that model parameters will tend towards normality in large-

scale models with stochastic A-matrices, and that the proportionate bias in model 

results was not dependent on the model formulation.  Weintraub and Vera (1991) 

proposed a convergent cutting plane approach for solving the non-linear 

deterministic equivalent of a CCP with normally distributed and correlated A-matrix 
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coefficients.  The results of the study showed that it was relatively simple to adjust an 

existing linear program to a CCP that was solvable through the proposed algorithm, 

that the proposed approach was a good alternative to traditional non-linear solvers 

such as MINOS, and that the solution time was not much different than solving the 

corresponding linear programming formulation.  Hof et al. (1992) revisited the work 

of Hof and Pickens (1991), and extended the three chance-constrained formulations 

and three chance maximizing approaches that were developed for the stochastic 

right-hand-side case, to the stochastic and normally distributed A-matrix case.  The 

authors also evaluated two approaches to approximating the normal cumulative 

density function, namely logistic and polynomial approximation.  The results showed 

that a precise formulation was possible for the Individual Chance Constraints 

formulation and MAXMIN Chance Maximizing solution approach.  For the other four 

cases a closed form approximation of the normal cumulative density function was 

required, but these were solvable for small-scale problems.  The solvability of large-

scale problems remained unknown.  The results also reaffirmed that the different 

formulations and solution approaches resulted in substantially different results.  

Weintraub and Abramovich (1995) examined the effect of timber yield uncertainty 

on forest management, by formulating CCP with normally distributed A-matrix 

coefficients, and solving it with a cutting plane algorithm.  In addition they used a 

period-on-period simulation process to examine the difference between using 
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deterministic yields (certainty) and stochastic yields (uncertainty).  The results 

showed that there were no feasibility problems under the stochastic planning 

scenario, that a deterministic approach with sufficient slack could overcome 

uncertainties through recourse actions, that a deterministic approach with low slack 

levels eventually became infeasible, and that the stochastic approach could ensure 

feasibility through a modest decrease in objective function, given the scenario with 

no correlation between yield coefficients.  Finally, Hof et al. (1995) examined two 

pragmatic approaches to solving a CCP formulation with stochastic and normally 

distributed coefficients in the A-matrix, namely post-optimization calculations and 

row-total variance reduction.  The post-optimization calculation starts by solving the 

deterministic linear program, after which a chance-constrained formulation is added 

to relevant constraints.  The probability of satisfying a given constraint can then be 

tested at various probability levels.  The row-variance reduction procedure also 

started with the results from a deterministic linear program, after which a land 

allocation diversification procedure was used to spread the harvest areas over as 

many land units as possible.  This would result in a considerable reduction in variance 

if the covariance between land units were relatively small, which would increase the 

probability of a feasible solution. 
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2.3 Large Problems 

The application of the methods described above has largely been within the 

academic domain, and has mostly been applied to small test cases.  The formulation 

that was used by Thompson and Haynes (1971) consisted of 462 variables and 270 

constraints, of which 190 were treated as random in the Monte Carlo simulations.  

The example used by Hoganson and Rose (1984) and (1987) would have consisted of 

1.3 million variables and 3,224 constraints as a Model I formulation, or 43,000 

variables and 5,384 constraints as a Model II formulation.  This problem was 

however solved through a simulation approach with 3,224 variables.  Marshall (1988) 

used a hypothetical forest comprising of 5,000 ha partitioned into 15 age classes and 

managed through 3 prescriptions.  Hof et al. (1988) used a problem with two land 

areas of 175 and 210 acres respectively, as well as 62 empirical observations of tree 

measurements that were used in 20 bootstrap samples.  Pickens and Dress (1988) 

used a subset of the 1980 Assessment required by the Renewable Resource Planning 

Act, consisting of 292 unique resource units.  Gassmann (1989) used a test problem 

that consisted of 124 to 9,556 rows, depending on the formulation that was used.  

Mendoza and Sprouse (1989) used a problem that consisted of two stands, each 

14,500 acres in size.  Boychuk and Martell (1996) demonstrated their method 

through a hypothetical forest, which generated a problem with 19,295 variables and 

9,842 constraints.  Forboseh and Pickens (1996) used a demonstration case that 
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consisted of three forest types, divided into 14 age classes, and delivering two 

product types.  Pukkala and Kangas (1996) used a typical Finnish private forest, which 

comprised of 42.7 ha divided into 37 stands, with three potential species in each 

stand.  Finally, Bare and Mendoza (1992) used a demonstration problem with five 

analysis areas and 12 harvesting alternatives, which translated into a formulation 

with 72 variables and 40 rows. 

The demonstration of chance-constrained programming has also 

predominantly been through small theoretical problems.  Hof and Pickens (1991) and 

Hof et al. (1992) used a problem with nine land types that delivered three forest 

products.  Pickens et al. (1991) used a problem with 292 analysis areas.  Weintraub 

and Vera (1991) demonstrated their solution technique on a problem with 152 

constraints and 300 variables, of which 34 were chance-constraints and 232 chance 

variables.  Weintraub and Abramovich (1995) used the same size problem to 

demonstrate an approach to forest management under uncertainty.  Hof et al. (1995) 

demonstrated their pragmatic approaches through a case example that had four 

analysis areas and four age classes. 

Pickens et al. (1991) noted that the typical number of constraints in a large 

land allocation problem ranges between 300 and 10,000, while the number of 

choice variables ranges between 1,000 and 100,000.  Rönnqvist (2003) noted that 

the LP formulations of strategic forest management plans typically consist of several 
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100s to 1,000s of land areas which are allocated over 10 to 50 time periods.  This 

results in problems with several 1,000s constraints and several 100,000s variables.  

Karlsson et al. (2004) demonstrated an annual harvest optimization model that 

consisted of 176,800 constraints, 649,000 continuous variables and 109,400 binary 

variables.  Carlsson and Rönnqvist (2005) described a supply chain case study at 

Södra Cell AB which consisted of 28,000  constraints and 90,000  continuous 

variables. 

2.4 Summary 

The literature review showed that there were a number of studies that 

incorporated uncertainty into forest management planning.  These studies also 

showed steady progress with regards to method complexity.  Many of these studies 

however still rely on approaches that incorporate elements of simulation and 

scenario analysis.  Uncertainty is therefore incorporated implicitly, rather than 

explicitly.  It was also noted in section 1.1.3 that this type of approach assumes that 

the true optimal solution under uncertainty is located in close proximity to the 

scenarios that were evaluated, or within a solution area delineated by the scenario 

outcomes.  It has however been shown that this assumption is false, and that 

solutions that incorporate uncertainty explicitly can be very different from solutions 

that incorporate it implicitly.  Therefore, although the research towards addressing 
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uncertainty in forest management planning has made significant progress, the issue 

of addressing uncertainty explicitly rather than implicitly requires further research. 

The literature review also highlighted the significant advances that have been 

made towards applying chance-constrained programming (CCP) to forest 

management planning.  The review illustrated the fact that the application of CCP 

progressed from the simplistic case of stochastic right-hand-sides, to the more 

advanced and relevant case of the stochastic A-matrix.  The review also noted the 

fact that CCPs with stochastic A-matrices are non-linear and difficult to solve, which 

has led to the development of specialized techniques such as the cutting plane 

approach.  The review however also described some pragmatic approaches to solving 

CCPs with stochastic A-matrices, which highlighted the fact that these models are still 

considered too complex to solve directly.  Therefore, although significant progress 

has been made, the field lacks research work that examines the application of CCP 

formulations. 

Finally, it was highlighted in the literature review that a large-scale forest 

management model can contain several 1,000  constraints and several 100,000 

variables.  None of the listed studies approached a problem of this magnitude.  The 

field of research will therefore be advanced by a study that incorporates uncertainty 

explicitly into a large-scale forest management application. 
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3 Materials and Methods 

3.1 Study Area 

3.1.1 Background 

This study will focus on the Tillamook State Forest, located in the north-

western corner of the State of Oregon, which is located in the Pacific Northwest 

region of the United States of America.  At 365,596 acres in size, it is the largest state 

forest in Oregon (Oregon Department of Forestry 2006).  It is sub-divided for 

management purposes into the Tillamook (250,652 acres, [69%]) and Forest Grove 

Districts (114,944 acres, [31%]).  The analysis associated with this study will focus 

exclusively on the Tillamook District, due to some unique inventory problems that 

have been encountered on this district and the fact that it represents the major 

portion of the Tillamook State Forest. 

The Tillamook State Forest is located within the Coastal Range biological area 

(Franklin and Dyrness, 1973; Oregon Department of Forestry, 2001).  This area is 

characterized by steep, highly dissected slopes with narrow ridges.  Rock formations 

are derived from both sedimentary and volcanic formations.  Rainfall ranges between 

45 and 100 inches per year, and in some areas can be even higher.  Vegetation is 

dominated by forests of Douglas-fir, followed by hard wood species and Western 

Hemlock (Figure 3).   
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Figure 1:  Location of the Tillamook District within the Pacific North-West 
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Figure 2:  Extent of Tillamook District 
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Figure 3:  Acre Distribution for Major Species on Tillamook District
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The origin of the Tillamook State Forest can be tied directly to the Tillamook 
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acres of the Tillamook Burn came under state ownership.  Between the years of 1948 

and 1973 a massive rehabilitation project was carried out on the Tillamook Burn.  

During this rehabilitation project, a total of 72 million Douglas-fir seedlings were 

planted, and 36 tons of Douglas-fir seed was dispersed through aerial seeding.  In 

June of 1973 the former Tillamook Burn was dedicated as the new Tillamook State 

Forest.  The first timber sale on the Tillamook State Forest occurred in 1983. 

3.1.2 Land Management 

All state forestlands are managed by the Oregon Department of Forestry's 

(ODF) State Forests Division.  Land management plans and policies are determined 

either by the Oregon Board of Forestry or The Land Board, depending on the way in 

which the forestland was acquired.  The Land Board is responsible for directing 

management activities on Common School Forest (CSF) Land.  However, since only 

2% of Tillamook District is designated as CSF, the district is generally managed as 

Board of Forestry (BOF) land.  The legal mandates that apply to the Oregon Board of 

Forestry are contained in numerous Oregon Revised Statutes (ORS) and Oregon 

Administrative Rules (OAR).  The two rules that have the greatest impact on land 

management planning are ORS § 530.030 dealing with the sharing of income with 

counties, and ORS § 530.050 dealing with the management of state forestland 

towards securing “greatest permanent value”.  The concept of “greatest permanent 
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value” is defined under OAR § 629-035-0020 as “healthy, productive, and sustainable 

forest ecosystems that over time and across the landscape provide a full range of 

social, economic, and environmental benefits to the people of Oregon”.  ORS § 

530.030 on the other hand recognizes the fact that BOF land is managed to produce 

income for the counties.  However, the achievement of “greatest permanent value” 

has a broader focus than the generation of revenue for the counties, and hence its 

achievement could result in reduced revenue for the counties.  To clarify this 

situation, the BOF has stated that “The counties in which these forest lands are 

located have a protected and recognizable interest in receiving revenues from these 

forest lands; however, the Board and the State Forester are not required to manage 

these forest lands to maximize revenues, exclude all non-revenue producing uses on 

these forest lands, or to produce revenue from every acre of these forest lands” 

(Oregon Department of Forestry 2001).  This implies that the achievement of 

“greatest permanent value” is the principle focus of the current management plan 

for Oregon’s state forests on BOF land, and that the level of sustained county 

revenue is not a determining factor in shaping management policies. 

In addition to the legal mandates listed above, the BOF also has to comply with 

the laws stipulated in the Federal Endangered Species Act and the State Endangered 

Species Act.  These laws call for the protection of wildlife species such as the Bald 

Eagle, Peregrine Falcon, Marbled Murrelet and Spotted Owl.  Fish species listed for 
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protection are certain populations of salmonids such as Coho, Chinook, Chum and 

Steelhead, as well as non-salmonids such as Oregon Chub.  Plant species listed for 

protection are Salt-Marsh Bird’s Beak, Coast Range Fawn-Lily, Kincaid’s Lupine and 

Nelson’s Checkermallow.  In addition, the BOF also has to comply with the Oregon 

Forest Practices Act and the Oregon Land Use Laws.  The Oregon Forest Practices Act 

establishes a set of rules for dealing with regeneration harvest size and spacing, snag 

and green tree retention, downed woody debris, reforestation, scenic highways, and 

riparian areas (Logan, 2002; Oregon Department of Forestry, 2006).  The Oregon 

Land Use Laws establishes a series of Statewide Planning Goals for maintaining the 

state’s forestland base, for conserving open space and protecting natural and scenic 

resources, and for maintaining and improving air, water and land quality (Oregon 

Department of Forestry 2006; Oregon Department of Land Conservation and 

Development 1995). 

3.1.3 Structure-Based Management 

As mentioned above, the overriding principle in compiling forest management 

plans for the Tillamook State Forest has been the principle of “greatest permanent 

value”.  This principle basically calls for a balanced approach to forest management 

when setting targets for financial, ecological and social goals.  The ODF has therefore 

adopted an integrated forest management approach called Structure-Based 



47 

 

Management (SBM).  This approach calls for the implementation of a diverse set of 

silvicultural prescriptions, aimed at creating a diverse forest landscape, stand 

structure and indigenous species habitat; as well as a landscape level contribution to 

properly functioning aquatic systems, diverse recreational opportunities, and a 

sustained timber yield and revenue (McAllister et al. 1999; Oregon Department of 

Forestry 2001).  Implementing SBM requires the sub-division of the landscape into 

five structural stand types.  These types are species independent, and are intended to 

represent the range of forest conditions that has historically and naturally existed on 

the landscape.  The five stand types are defined as follows by the ODF (McAllister et 

al. 1999; Oregon Department of Forestry 2001): 

• Regeneration (REG) — “This stand type occurs when a disturbance such 

as timber harvest, fire, or wind has killed or removed most or all of the 

larger trees, or when brush fields are cleared for planting.” 

• Closed Single Canopy (CSC) — “This stand type occurs when new trees, 

shrubs, and herbs no longer appear in the stand, and some existing 

ones begin to die from shading and competition, in a process called 

stem exclusion.” 

• Understory (UDS) — “This stand type occurs after the stem exclusion 

process has created small openings in the canopy, when enough light 
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and nutrients become available to allow herbs, shrubs, and new trees to 

grow again in the understory.” 

• Layered (LYR) — “This stand type occurs as the process of understory 

re-initiation progresses where openings in the canopy persist.  Shrub 

and herb communities are more diverse and vigorous, and two or more 

distinct layers of tree canopy appear.” 

• Older Forest Structure (OFS) — “This stand type occurs when forest 

stands attain structural characteristics such as numerous large trees, 

multi-layered canopy, substantial number of large, down logs, and large 

snags.  It is not the same as old growth, although some of its structures 

are similar to old growth.” 

In addition to the five structure types defined above, the ODF also 

distinguishes a type called “Complex” (Oregon Department of Forestry 2008).  This 

type is a combination of the land classified as either LYR or OFS.  The primary 

motivation behind this combination of types is the fact that the yield tables currently 

being generated by the ODF cannot project changes in understory vegetation, snags, 

and downed woody debris.  These elements are essential to classification as either 

LYR or OFS, and hence the department elected to combine them in a single 

vegetation type called “Complex”.  The same issues exist for classifying vegetation as 
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either CSC or UDS, so these two are often also combined into a single vegetation 

type.   

3.1.4 Forest Modeling 

Establishing forest management policy on the Tillamook State Forest is 

complicated by a number of factors.  Firstly, the legal mandates listed above requires 

the BOF to formulate policy from diverging goals.  For instance, achieving “greatest 

permanent value” calls for the simultaneous maximization of both revenue and 

environmentally driven goals.  These goals are however diverging, since maximizing 

revenue could potentially minimize the environmental goal, and vice versa.  Reaching 

a solution therefore calls for a compromise on both goals to reach some sort of 

“common ground”.  Establishing this “common ground” is however very complicated 

from both a political and analytical point of view. 

Secondly, solving the above problem is further complicated through the 

presence of a number of spatially orientated goals.  Under these goals, the decision 

maker needs to consider the location of each land management unit in relation to all 

other land management units, both at the time of land management activities, as 

well as over the length of the planning horizon.  Examples of these goals include size 

of regeneration openings, coordination of thinning and regeneration harvest 

activities within the same stand, distribution of patch sizes over the landscape, and 
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control activities around owl and murrelet sites (Sessions and Bettinger 2001; 

Sessions et al. 2006). 

Formulating a forest management policy on the Tillamook State Forest is 

therefore an extremely complicated task.  To guide the BOF in their decision making 

through this problem, the ODF State Forests Division developed a harvest scheduling 

model in collaboration with the Oregon State University’s Department of Forest 

Engineering.  Multiple models were developed, in order to model the effects of 

various policy alternatives.  These model alternatives ranged from an industrial 

approach where revenue was maximized and environmental considerations limited 

to the legal minimum, to conservation approaches where environmental 

considerations were maximized and revenue was purely incidental.  In addition, 

various alternatives were also formulated to address different approaches to habitat 

conservation.  With this approach the BOF was able to better understand where the 

problem “boundaries” (bookends) were, and what would constitute a good 

compromise on the various goals. 

The model developed by the ODF was originally referred to as the Harvest and 

Habitat (HnH) model, and in later versions as the Structure Based Management 

(SBM) model.  It is essentially a harvest scheduling model that can simultaneously 

solve for timber harvest, structure development, transportation, and various spatial 

constraints (Sessions et al. 2006).  It operates at the landscape level, which implies 
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that it considers the development of individual forest stands as well as how they 

relate spatially to other forest stands, both now and into the future.  Due to issues 

associated with model complexity, planners typically limit their planning scope to 

either a strategic, tactical, or operational level.  This model aims to address all three 

levels simultaneously, which raises the feasibility of the final model solutions 

(Sessions and Bettinger 2001).  Each of the policy alternatives that were modeled had 

its own unique set of objectives and constraints, but they generally had the following 

goals in common (Sessions et al. 2006): 

1. Maximize net present value. 

2. Maximize a non-declining annual timber harvest. 

3. Achieve and maintain a certain percentage of the landscape in complex 

forest structure. 

4. Achieve over time a certain distribution of complex forest patches 

across the landscape. 

Goal 4 aimed to create a patchwork of complex forest structure across the 

landscape, as opposed to only having complex forest structure in certain focus areas.  

In addition, it was envisaged that these patches would move across the landscape 

over time, creating a diversified and dynamic forest landscape.  Modeling results 

however indicated that the objectives of this goal were rarely met, leading to it being 

omitted in recent modeling exercises.  The objective of this goal has subsequently 
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been implemented through solution reviews performed by agency biologists on the 

results of H&H model runs. 

Goal 1 aimed to create a sequence of forest treatments that maximized the net 

present revenue.  This goal was however never used by the ODF to determine if one 

policy alternative was superior over another.  The only contribution of this goal was 

therefore in determining when in time a given treatment should be affected on a 

given stand. 

The primary drivers of distinguishing between policy alternatives are therefore 

maximized non-declining timber flow and percentage of complex forest structure.  As 

stated before, these goals were implemented through a goal programming approach, 

which implies that the model would search for a solution that minimized deviations 

from some predetermined goal.  Finding a final solution with these models therefore 

required an iterative approach and a certain degree of subjective judgment by the 

analyst to firstly pick a goal level for the model to try and reach, and secondly to pick 

the model solution that best reflected the objectives of each goal.  In applying this 

subjective judgment, analysts typically selected model solutions that had little or no 

variation in timber flow across the planning horizon; while percentage complex forest 

structure was allowed to increase over time until it reached a predetermined level, 

where after it was allowed a limited degree of variation (± 5%). 
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The constraints that were implemented were typically as follows (Sessions et 

al. 2006): 

1. Restrict the harvest of certain areas on the landscape until they reach 

complex structure to stimulate the development of a certain percentage 

of complex structure.  These areas are typically earmarked for a certain 

desired future condition (DFC), and they cannot be harvested until they 

reach that condition. 

2. Restrict the harvest of certain areas on the landscape for a 

predetermined number of time periods.  These are typically areas 

associated with salmon anchor habitats, owls and murrelets.  The 

number of periods that these areas were restricted from harvesting was 

determined by the management plan for each species, and ranged from 

a few years to the whole planning horizon. 

3. Restrict the size of regeneration harvest openings to comply with the 

Oregon Forest Practices Act.  This act calls for opening sizes of less than 

120 acres, and stays in effect until regeneration reaches the “free-grow” 

stage (Logan, 2002). 

4. Restrict the regeneration harvest of stands directly after a thinning 

operation.  Since thinning is a silvicultural prescription designed to 

stimulate a forest stand towards a desired future condition, it would be 
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illogical to follow a thinning with a regeneration harvest rather than 

giving it time to develop towards the desired future condition. 

5. Restrict the thinning of recently thinned stands.  It would be 

uneconomical to have multiple entries into a given stand in short 

succession of each other. 

6. Restrict the total area under regeneration harvest within a certain 

period. 

7. Ensure that the management activities on all parts of a harvest unit are 

coordinated with each other.  I.e., thinning activities should occur 

within the same time period as harvest activities within the same 

harvest unit.  This constraint recognizes the economic benefit in 

coordinated activities on a given harvest unit. 

8. Restrict the minimum age at which a stand can have a regeneration 

harvest. 

9. Restrict the volume of timber that can pass over a certain road segment 

within a given time period.  This constraint avoids the scheduling of 

timber harvest in a manner that would place too high a burden on 

certain parts of the transportation network.  Overused road segments 

can have both an economic as well as environmental impact. 
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10. Apply special management activities to stands with Swiss Needle Cast 

(SNC).  The objective of this constraint is to accelerate the harvesting of 

SNC stands, by lifting some of the harvesting constraints on these 

stands. 

11. Keep stands that have reached older forest structure on the landscape 

for 20 years.  This constraint avoided a situation where harvest levels 

were sustained early in the planning horizon by depleting OFS stands. 

An additional constraint implemented by ODF analysts was to limit the ending 

inventory.  Here the ending inventory refers to the tree volume standing on the 

landscape at the end of the planning horizon.  Since the harvest scheduling model is 

only solving over a limited planning horizon, and has no “obligations” to meet 

beyond the planning horizon, it is possible for it to meet all the goals and constraints 

of the model and end the harvest schedule with a timber inventory that is fully 

depleted.  Such a harvest schedule would be unsustainable into the long term, since 

it would not be able to sustain predicted timber flow levels beyond the planning 

horizon.  The ODF analysts therefore determined the timber flow level that could be 

supported into perpetuity via the Long Term Sustained Yield (LTSY) associated with 

the landscape.  This value serves as a reference for the theoretical productive 

potential of a given landscape, and was calculated as the maximum productive 

capacity of a similar size landscape that has been fully regulated on a 50 year rotation 
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(a fully regulated landscape is one with equal area in each age class).  The LTSY is 

associated with a minimum inventory level that must be continuously maintained, 

and this was subsequently used as an inventory threshold that could not be crossed 

during the planning horizon. 

The decision unit used for these models was land parcels formed through the 

intersection of stands, slope, aspect, riparian classification, harvest unit, watershed, 

owl circles, murrelet habitat, and desired future condition.  Within each of these 

parcels, the land was considered to be homogenous with regards to the 

aforementioned classification criteria.  Subdividing stands into these smaller parcels 

was done because it is known that all parts of the stand would not receive the same 

type of management treatment, because of within stand variation on the 

aforementioned criteria.  In addition, it is also understood that transportation costs 

would differ from different parts of the stand (Sessions et al. 2006).  It is therefore 

possible for different parts of a stand to receive the treatment that maximizes its 

future development, provided that all treatments within a harvest unit must occur in 

the same time period.  This last requirement recognizes the physical and economic 

benefit in coordinated activities. 

The structure of ODF’s harvest scheduling model can best be described as a 

Model II formulation (Johnson and Scheurman 1977), since it can switch prescriptions 

at time of regeneration, and rotation lengths can vary (Sessions et al. 2006).  To solve 
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the above formulation, the model used a heuristic known as simulated annealing 

(Kirkpatrick et al. 1983).  This is an optimization technique that utilizes random 

search and incremental improvement to reach a final solution.  It also utilizes a 

method for accepting non-improving solutions to move the final solution away from 

local optima.  Simulated annealing has been used successfully in a wide variety of 

disciplines, including forestry problems with spatial constraints (Boston and Bettinger 

1999). 

In the ODF model, individual harvest units are selected randomly, followed by a 

random assignment of prescriptions and regeneration times for the parcels 

constituting the selected harvest unit (Sessions et al. 2006).  This random selection 

process is commonly referred to as a “move”.  Following the determination of the 

move, spatial feasibility is determined with regards to factors such as regeneration 

harvest size and proximity to protected areas.  If the spatial feasibility test is passed, 

the model proceeds to updating the objective function.  In this case the objective 

function takes the form dictated by the specific goal programming problem.  This 

function incorporates goals associated with predetermined targets for harvest 

volume and structure percentage, as well as the net present value (NPV) of the 

harvest schedule.  NPV is calculated by subtracting the cost of harvesting, roads, 

silviculture and administration from the timber value.  Harvesting and road costs are 

based on the type of operation, the dimensional properties of the timber, and the 
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location of the harvest unit on the transportation network.  Road costs include both 

construction and re-construction costs. 

3.1.5 Issues 

In using the model described above to make forest management policy, the 

ODF has encountered a number of issues pertaining to the quality and social 

acceptability of policy recommendations.  The rest of this section will focus on each 

of these issues. 

3.1.5.1 Social Acceptability 

The Tillamook State Forest lies within a forest zone (Western Washington and 

Northwestern Oregon) that is considered to be unique amongst the mesic temperate 

forests of the world (Franklin and Dyrness, 1973).  This uniqueness is firstly 

attributable to the nearly total dominance of coniferous species, since forests found 

in the mesic temperate zones are typically dominated by hardwoods.  Secondly, this 

forest zone is also known for the size and longevity of its tree species, and as such is 

considered to be the most productive with regards to biomass accumulation within 

the temperate zone, and possibly the world.  The Tillamook State Forest is therefore 

unique with regards to its natural properties, but also with regards to its timber 

production potential, leading to considerable social interest in the management 

policies adopted by the BOF.   



59 

 

This social interest has historically been extremely polarized, with one group 

favoring timber production over conservation, and the other conservation over 

timber production.  (This characterization is a generalization of multiple and varied 

viewpoints, but needs to be included to describe the general situation.)  Those 

focused on timber production have argued that the State has a fiduciary 

responsibility to the counties to prioritize revenue generation over conservation 

measures that exceed the legal requirements of the State of Oregon (Oregon 

Department of Forestry, 2008).  This group has generally called for harvest levels of 

275 to 325 MMBF per year for the combined area of the Astoria, Forest Grove and 

Tillamook Districts.  Assuming the midpoint of this range (300), this would translate 

to a harvest level of ±100 MMBF per year for the Tillamook District alone 

(Historically, about one third of the combined volume is sourced from Tillamook 

District (Oregon Department of Forestry, 2008b, 2008c)).  On the other hand, those 

focused on conservation have argued that the Tillamook State Forest is a unique 

habitat and breeding ground for several species, and especially for endangered owls 

and salmon (Oregon Department of Forestry, 2008a).  This group has generally called 

for harvest levels of ±144 MMBF per year for the combined area of the Astoria, 

Forest Grove and Tillamook Districts.  For the Tillamook District, this would result in a 

harvest level of ±48 MMBF per year (Oregon Department of Forestry, 2008c).  The 

ODF has addressed these polarized viewpoints through the principles of "greatest 
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permanent value" (see 3.1.2), which calls for the land to be managed to the benefit 

of all Oregonians.  To track their progress towards “greatest permanent value”, the 

BOF has adopted nine measurement criteria known as the Performance Measures 

(Oregon Department of Forestry, 2008d).  These Performance Measures called for a 

harvest level of ±240 MMBF per year for the combined area of Astoria, Forest Grove 

and Tillamook Districts (Oregon Department of Forestry, 2008b).  This translated to a 

harvest level of ±80 MMBF per year for the Tillamook District (Oregon Department of 

Forestry, 2008c).  At the time of this study, the combined area of Astoria, Forest 

Grove and Tillamook Districts were operating at an average harvest level of ±186 

MMBF per year (Oregon Department of Forestry, 2008b).  This translated to a harvest 

level of ±62 MMBF per year for the Tillamook District (Oregon Department of 

Forestry, 2008c). 

From the above it is clear that the harvest levels proposed by the ODF are still 

far from the levels required by each interest group, resulting in considerable debate 

on what the appropriate levels should be.  Proponents for conservation have stated 

that the ODF proposals are not sustainable, while the timber proponents have stated 

that the ODF is too accommodating towards conservation criteria (Oregon 

Department of Forestry, 2008a).  The conservation proponents are therefore 

essentially calling for a forest management plan that is conservative (lower risk) with 

regards to the outcomes, while the timber proponents are calling for a less 
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conservative plan (higher risk).  This study will add a quantification of risk to each of 

the proposed harvest levels, in order to add another criteria for the evaluation of 

alternative forest management plans. 

3.1.5.2 Data Quality 

While preparing the 2008 Board of Forestry State Forests Performance Report 

(Oregon Department of Forestry, 2008e), the ODF encountered significant 

discrepancies between timber yields predicted by the HnH model and those recorded 

at timber sales (Oregon Department of Forestry, 2008f).  For Astoria District they 

found that the model over predicted clear-cut volumes by 11% and partial cut 

volumes by 10%, while for Forest Grove District clear-cut volumes were over 

predicted by 1% and partial cut volumes under predicted by 12%.  These 

discrepancies were considered acceptable and within expected bounds.  The picture 

was however different for Tillamook District, where clear-cut volumes were over 

predicted by 33%, and partial cut volumes by 14%. 

At the time, the ODF was uncertain about the root cause of these 

discrepancies, but identified as potential sources the low percentage of measured 

stands (11%), incorrect tree height sampling and estimation procedures, and 

differences in merchandizing standards (Oregon Department of Forestry, 2008f).  The 

problem with the low percentage of measured stands was further compounded by a 
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stand re-typing and re-delineation exercise which caused a reduction in the number 

of measured stands. 

To deal with this problem, the ODF elected to reduce all clear-cut volume 

predictions by 32.9% and all partial cut predictions by 13.9% (Oregon Department of 

Forestry, 2008f).  This reduction was strongly criticized by certain public stakeholders 

(Oregon Department of Forestry, 2008a).  From this it is clear that there is an 

inherent risk associated with making management policies from model data, 

especially in cases where sample data is incomplete.  This is not only true for timber 

harvest volumes, but also for structure development.  This study will therefore aim to 

quantify the error associated with inventory, timber yield and structure prediction, 

and incorporate it into the modeling exercise to assess the risk associated with a 

given policy decision. 

3.2 Scope 

The scope of the analytical approach followed for this study is determined by 

two main factors, namely risk and level of abstraction.   

3.2.1 Risk 

The standard approach in modeling land management alternatives is to use 

the expected value of an outcome as a proxy for what might materialize in the future.  

This is also the approach followed by the ODF.  The problem with this approach is 
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that it assumes a single outcome for each scenario, and that this outcome is known 

with certainty (Hof and Pickens, 1991).  In reality, there is often large uncertainty 

associated with natural resource management.  Furthermore, the standard way of 

dealing with the risk associated with uncertain outcomes is either to model the 

"worst-case" or perform sensitivity analysis.  These two approaches result in either 

an over conservative solution, or merely reports on the risk associated with a given 

solution.  None of them seek the optimal solution given an acceptable level of risk. 

The materials and methods used for this study will therefore extend the scope 

of traditional land management modeling to include elements of uncertainty and 

risk.  Uncertainty will be included through parameter estimates of uncertainty and 

incorporating it into the model design.  Risk will be included by quantifying the risk 

associated with various land management alternatives, and also by seeking model 

solutions that minimize risk. 

3.2.2 Level of Abstraction 

The HnH Model used by the ODF is uniquely comprehensive and complex, 

since it utilizes information from all three planning levels, namely strategic, tactical 

and operational.  However, implementation of model results were only at the 

strategic-tactical level, since the judgment of professional foresters were preferred 

for operational issues (Sessions et al., 2006).  In addition, ODF analytical staff focused 



64 

 

the majority of their attention on only three out of roughly 66 model parameters, 

namely percentage structure, harvest volume and inventory (Oregon Department of 

Forestry, 2008b).  This statement is however a generalization of the overall approach, 

since the ODF did evaluate all alternatives along 9 performance measures that 

covered a wide range of social, environmental and economical criteria (Oregon 

Department of Forestry, 2008g), as well as multiple internal reviews by biologists and 

district staff.  The point here is that despite considerable model complexity and 

thorough internal and external review, policy alternatives were created at a fairly 

high level of abstraction. 

In addition, the size of the study area is substantially large with thousands of 

stands, that can be harvested in multiple periods, using multiple management 

prescriptions.  It was therefore anticipated that the non-linear programming problem 

would be extremely large, and that only the key policy drivers should be included in 

the model to reduce complexity and ensure solvability.  A heuristic model, such as 

the HnH Model, would not have had this problem, because it does not require the 

whole problem matrix to be loaded into computer memory during the solving 

routines.  Despite this limitation, mathematical programming was still considered to 

be the more appropriate technique since it guarantees an optimal solution (under 

the right circumstances) and provides slack values and shadow prices to enable 

solution evaluation. 
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Therefore, to narrow the focus to the key drivers of policy formulation, and 

also to reduce model complexity, the model used for this study will be at a higher 

level of abstraction than the HnH Model.  The study model therefore had 

considerably fewer goals and constraints than the HnH Model (see section 3.1.4).  So 

instead of having multiple goals to satisfy during optimization, the study models will 

instead each have one objective function that will be related to the particular risk 

issue under investigation.  Goals dealing with harvest volumes, percentage structure 

and inventory were subsequently converted to constraints.  In addition, constraints 

dealing with the preservation of owls, murrelets and old growth forest structure, as 

well as constraints on minimum harvest age and harvesting directly after thinning 

operations were included.  However, constraints dealing with percentage of 

regeneration harvest, adjacency of harvest units, size of openings, coordinated stand 

activities, areas reserved for structure development, salmon anchor habitats, timber 

volumes over roads and areas with Swiss Needle Cast were not included. 

3.3 Modeling Framework 

The modeling framework for this study can be partitioned into six analytical 

steps, namely Data Gathering, Data Preparation, Regression Analysis, Modeling Data 

Preparation, and Chance-Constrained Programming.  This section will briefly 

introduce each of these steps, to set the overall context for the following sections, 
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Figure 4:  Modeling Framework 
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data sources and data collection.  The data requirements for this study were firstly an 

estimate of inventory and yield based on the planning procedures and systems used 

by the ODF to generate policy alternatives, and secondly an accurate measurement 

of the actual inventory and yield that was realized upon completion of the planned 

operations.  The source of the planning data was fairly self evident, since only the 

HnH Model Data provided both current and future predictions.  The current 

predictions were used for comparisons between planned and actual, while the future 

predictions were used to populate yield tables that were adjusted for the 

discrepancies between planned and actual.  Two sources were identified for the 

actual data, namely the Timber Sale Data and the Sales Reports.  In the end the 

Timber Sale Data was selected for comparisons between planned and actual, since it 

contained more detailed data at a lower level of abstraction.  The Sales Reports were 

used to validate the Timber Sale Data.  Data collection was carried out through data 

requests to the appropriate staff members within the ODF. 

The next step in the modeling framework was Data Preparation, which 

delivered five data sets, namely Intersected Harvest Units, Species-Mix, Planned vs. 

Actual Inventory, Planned vs. Actual Timber Yield and Inventory vs. Structure.  The 

operations associated with the Intersected Harvest Units created a common 

reference between the HnH Model Data and the Timber Sale Data, by performing a 

spatial intersect between the land parcels associated with each of these data sets.  
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This common reference then created a mechanism (link) whereby the planned and 

actual data could be compared.  This intersect operation however dismantled some 

of the tree species data that was contained within the HnH Model.  Tree species was 

however expected to be a significant predictor of the relationship between planned 

and actual data, so it needed to be re-established within the data set.  This was 

accomplished through some aggregation operations on the Timber Sale Data, and 

resulted in the Species-Mix data set.  Once the Intersected Harvest Units and Species-

Mix classification were created, the next step was to create tables which contained a 

comparison between planned and actual inventory and yield.  This was accomplished 

through aggregating and joining all the data collected and processed thus far, and 

resulted in Planned vs. Actual Inventory (Inventory Regression Table) and Planned vs. 

Actual Timber Yield (Timber Yield Regression Table).  The final step was to create a 

table containing the Inventory vs. Structure data (Structure Regression Table).  This 

was accomplished by aggregating and joining HnH Model Data only, and was 

therefore completed independently from the planned vs. actual data preparation. 

The next step in the modeling framework was Regression Analysis, which 

resulted in three regression models, namely the Inventory Regression Model, the 

Timber Yield Regression Model, and the Structure Regression Model.  The inventory 

and yield regression models utilized the planned vs. actual data prepared earlier, and 

predicted expected (actual) inventory and yield using planned inventory or yield, as 
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well as species, site group and imputation status as indicator variables.  The Structure 

Regression Model utilized the inventory vs. structure data prepared earlier, and 

predicted expected structure given inventory, as well as species and site group as 

indicator variables.  Both the Inventory Regression Model and the Timber Yield 

Regression Model was derived through linear regression procedures.  The Structure 

Regression Model was created through logistic regression procedures. 

The next step was Modeling Data Preparation, during which the HnH Model 

Data and the regression models were used to prepare data for the chance-

constrained models.  Data preparation was subdivided into four elements, for 

predicting inventory, modified clear-cut yield, partial cut yield and structure.  The end 

product was a yield table for each element that predicted expected values over 30 

time periods, as well as a prediction error for each expected value.  The yield tables 

for inventory and modified clear-cut yield were derived through a two step process.  

The first step was to calculate the current inventory and timber yield, by inputting 

the HnH Model Data into the Inventory and Timber Yield Regression Models.  The 

second step was to predict the future values, by applying the between-period growth 

rates observed in the original HnH Yield Tables to the current inventory and timber 

yield.  The yield table for partial cut yield and structure was derived through a single 

step process, which utilized the Timber Yield Regression Model, Structure Regression 

Model and adjusted inventory to derive expected values over 30 periods.   
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The final step in the modeling framework was optimization through Chance-

Constrained Programming (CCP).  During this step, the expected values and 

prediction errors from the Data Preparation step were incorporated into various 

mathematical programming formulations.  Three formulations were implemented, 

namely Linear Programming (LP), Individual Chance-Constraints, and Chance 

Maximization.  The purpose of the LP formulations were to provide a baseline for 

comparing the results from the CCP formulations, as well as to provide an advanced 

basis for solving the CCP formulations.  The purpose of the Individual Chance-

Constraints formulations was to maximize the first period harvest, subject to a 

predetermined and fixed probability level.  The purpose of the Chance Maximizing 

formulations was to determine the maximum probability of achieving a given and 

fixed set of volume and structure targets. 

3.4 Data Gathering 

This study had two main data requirements, namely a planning estimate of 

inventory and yields, and an actual measurement of inventory and yields.  Three 

main data sources were identified, namely sales reports, timber sales and the HnH 

Model.  The sales reports are a comparison of projected timber sale volume against 

volume sold at the mill.  These reports were only used to validate the timber sale 

data, and were not part of the analysis.  Validation of the timber sale data was 
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essential, since it was assumed to represent actual inventory and yield.  Conversely, 

the HnH Model data represented what was expected or planned for with regards to 

inventory and yield.  The timber sale data was subsequently referred to as “Actual 

Data”, and the HnH Model data as “Planned Data”. 

3.4.1 Sampling Approach 

The sampling population for this study was all harvest areas within the 

boundaries of the Tillamook District that meet a set of requirements that will be 

listed later in this section.  A harvest area is a subsection of a harvest unit, while a 

harvest unit represents a single timber sale that has been offered for public bidding 

by the ODF.  Sample data was obtained from two sources, namely timber sale data 

(Actual Data) and the HnH model (Planned Data).  Actual Data was represented by 

harvest units subdivided into harvest areas, and Planned Data by land parcels.  

Sample observations were extracted at the harvest area level of aggregation, using 

the following set of rules: 

• The harvest unit to which the harvest area belongs must have a timber 

sale prospectus associated with it, and it must contain both a stand 

inventory and timber yield report for the particular harvest area. 

• All land parcels overlapping harvest areas considered for the study must 

be in an un-harvested state in the HnH Model, i.e. the proposed 
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regeneration harvest or thinning has either not occurred, or has not 

been recorded. 

Sample observations were therefore determined through nonrandom 

convenience sampling.  Gathering the Actual Data was relatively simple, since it only 

required the rules mentioned above.  For the Planned Data the process was more 

complex, since it required the application of the above rules, an intersect with the 

chosen harvest areas, and an aggregation of information up to harvest area level 

(Aggregation is required because land parcels were typically smaller than the harvest 

areas.)  This intersect and aggregation operation will be explained in detail in a later 

section, but it is important to mention it here because of its effect on the properties 

of the sample data.  This is because the two data sets used for this study differ 

substantially with regards to scope and purpose.  The timber sale data is limited to 

only those harvest units earmarked for harvesting, while the HnH model data 

represents a census of the whole study area.  It is therefore conceivable that the 

properties of the timber sale data is biased towards desirable timber properties, 

since only harvest units with desirable timber sale properties would have been 

included within the set of candidate observations.  In addition, the Actual Data and 

Planned Data will be intersected to establish a common basis for comparison.  While 

this step will be essential for analysis and comparison, it does however transfer the 

bias associated with the timber sale data to the HnH model data. 
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All of this implies that the sample used for this study is not random, and also 

potentially biased towards stands with desirable timber sale properties.  In addition, 

any inferences made from this data will potentially be biased in the same manner.  

These side effects are however unavoidable, since the Actual Data is the only true 

measure of reality in this study, and its inclusion is essential to deriving the statistical 

parameters required for subsequent analysis. 

3.4.2 Timber Sale Data 

For each of its timber sales, the ODF prepares a set of documents collectively 

known as a timber sale prospectus.  This document contains all the information that 

a prospective bidder on the sale might need, including information pertaining to the 

sale location, size, income from timber sales, harvesting cost, and road construction 

cost.  As part of the preparations for this document, a detailed inventory and yield 

assessment is performed. 

The inventory and yield assessment is typically referred to as a timber cruise, 

and it basically entails taking a representative sample of tree measurements such as 

height, DBH and basal area, followed by a statistical summary of the sample data.  

Sampling is generally performed through variable radius full point plots.  These plots 

are typically assigned on a grid basis, and spaced 300 to 400 ft. apart.  Within the 

plots, trees are recorded by species, merchantable height, form and diameter class.  
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Diameters are measured to the nearest inch, and heights to the nearest foot.  

Conifers less than 8” diameter at breast height (DBH) and hardwoods less than 10” 

DBH are not sampled.  Tree heights are measured to a 6” merchantable top for 

Douglas-fir, 7” for hemlock/other conifers, and 8” for hardwoods.  All measurements 

are outside bark.  Basal Area Factors (BAF) vary between 20 and 40, depending on 

local conditions.  Log grading follows the Columbia River Log Grading Rules.  

Typically, logs are graded favoring a 40’ log.  All logs greater than 12” diameter on the 

small end are graded as 2S, while 10” to 11” equals 3S, and 8” to 9” 4S.  Adjustments 

are made during the cruise for visual defects in trees.  An additional 10% is removed 

during processing for hidden defects, and an additional 5% for breakage.  Standard 

error percentages are generally kept below 15%.  Processing of cruise data is done in 

SuperAce.   

The sampling units used for cruising are typically not the harvest unit, but 

rather smaller subdivisions of the harvest unit (typically referred to as "areas").  The 

demarcation of these areas are based on parts of the harvest unit that are naturally 

disjoint, that are to receive different harvest prescriptions, or both.  Each area is 

cruised separately in most cases, resulting in a stand table for each area.  Within 

these stand tables, tree measurements are aggregated by species group and take-or-

leave designation (Leave trees will remain after harvest, while take trees will be 

harvested).  The species group is determined by the percentage basal area of each 
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species, while the take-or-leave designation is determined by the intended harvest 

type and the agency policies governing the implementation of each type.  In general, 

four harvest types are used, namely clear-cut (CC), modified clear-cut (MC), retention 

cut (RC), and partial cut (PC).  Harvest types are distinguished on the number of leave 

trees per acre and the leave tree basal area per acre.  The following criteria are used 

to distinguish harvest types (Oregon Department of Forestry, 2004): 

Clear-Cut (CC): 0 to 5 leave trees per acre 

Modified Clear-Cut (MC): Minimum of 5 leave trees per acre, up to a 

maximum of 33 square feet of basal area per 

acre 

Retention Cut (RC): Minimum of 33 square feet of basal area per 

acre, up to a maximum of 80 square feet of 

basal area per acre 

Partial Cut (PC): More than 80 square feet of basal area per acre 

There are other criteria that are also used to distinguish between these 

harvest types, but the ones listed here are the main drivers.  In addition, the agency 

also subdivides PC into Heavy Thinning, Moderate Thinning, Light Thinning, Group 

Selection, Single Tree Removal and Multiple Prescription Thinning, but since the 

timber sale prospectuses do not distinguish at this level it is not possible to 

incorporate the type of PC into this study. 
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The cruise data described above is collated into a Cruise Report for each 

timber sale prospectus.  The following tables were extracted from these reports for 

the purposes of this study: 

• Stand Table Summaries: A summary of inventory containing 

information such as number of sample trees, form factor, average 

height, trees per acre, basal area per acre, logs per acre, volume per 

average log (net ft³ and board foot), and volume per acre (net ft³ and 

board foot).  Values are aggregated by species group, take-or-leave 

designation and DBH class. 

• Volume Summary: A summary of timber yield containing 

information such as quadratic mean diameter, basal area per acre, v-

bar, gross volume per acre (MBF), defect & breakage percentage, and 

net volume per acre (MBF).  Values are aggregated by species group.  

Not all reports included all of these timber yield parameters, but only 

those that contained both gross and net volume were used for this 

study. 

• Log Stock Table: A summary of timber yield containing gross 

MBF, defect percentage and net MBF, aggregated by species group, 

sort, grade and log length.  Net MBF is also broken down by scaling 

diameter. 
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• Harvest Type Table: The harvest type, gross harvestable acres 

and net harvestable acres aggregated by harvest area. 

As mentioned in section 3.4.1, only those harvest units containing both an 

inventory and timber yield report was considered for this study.  Since there were 

two sources for timber yield data and only one for inventory data, selected timber 

sales had to contain either a Volume Summary or a Log Stock Table, but all had to 

contain a Stand Table Summary.  In addition, timber sales selected for this study still 

had to be in an un-harvested state in the HnH model data. 

The following data was subsequently extracted from each timber sale 

selected for this study: 

• Sale Name:  The unique name identifying each timber sale. 

• Area:  The unique identifier for each subdivision of each timber sale. 

• Species:  The species group used for aggregating results. 

• Take-or-Leave:  The take-or-leave designation used for aggregating 

results. 

• Harvest Type:  The type of harvest operation that was intended for 

each timber sale area, namely clear-cut (CC), modified clear-cut (MC), 

retention cut (RC) or partial cut (PC). 

• Trees per Acre:  The number of trees per acre for each species group 

within each timber sale area. 
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• Basal Area:  The basal area in ft²/acre of each species group within 

each timber sale area. 

• Actual Inventory:  The inventory in MBF/acre of each species group 

within each timber sale area. 

• Actual Timber Volume:  The volume of timber in MBF/Acre that can 

be removed of each species group within each timber sale area.  It is 

calculated by excluding the leave-trees from the inventory. 

The ODF also need to specify the spatial location and extent of each harvest 

area.  This is achieved through a Global Positioning System (GPS) survey of the 

boundaries.  For the purposes of this study, these boundaries were obtained directly 

from district staff in a digital Geographic Information System (GIS) format, and 

compiled into the following data set: 

• Timber Sale Boundaries:  Represents the actual perimeter and spatial 

location of each timber sale area.  The following information was 

collected for each timber sale boundary: 

o Sale Name:  A unique name identifying each timber sale. 

o Sale Area:  A unique identifier for each sale area within each 

timber sale. 

o Year:  The year that the sale was published. 

o Acres:  The actual size of the harvest unit area in acres. 
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3.4.3 HnH Model Data 

The HnH model is used by the ODF to formulate and test land management 

policies.  This model was described in detail in section 3.1.4.  The model consists of a 

number of data elements, and includes data describing the current land attributes, 

future growth potential and spatial location.  This study will utilize two data 

elements, namely yield tables and spatial data. 

3.4.3.1 Yield Tables 

The yield tables describe how stand properties change as a function of time 

and management prescription.  Each table contains 30 time periods, with a time 

period representing 5 years.  The management prescriptions are defined on whether 

a stand is thinned or not (grow only), the intensity of a thin, the time interval 

between thinning treatments, the time period of the first thinning treatment, and 

whether the prescription call for fertilization or not.  This results in a large number of 

management prescriptions, with some stands having up to 90 potential prescriptions. 

Stand properties quantified through yield tables include standing tree 

inventory (volume), tree volume excluded from regeneration harvest (leave-trees), 

tree volume available for partial harvest (thinning), diameter diversity index (DDI), 

number of tree stems, and standing tree value.  In addition, the tables also 
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distinguish between stand properties estimated before or after a potential 

management activity. 

The process of generating these tables starts with the ODF’s Stand Level 

Inventory (SLI) system (Oregon Department of Forestry, 2006, 2008f).  SLI provides 

current information about the characteristics of forest vegetation such as dead and 

live trees, non-tree vegetation (herbs, shrubs, grasses), and down woody material; as 

well as information pertaining to the spatial distribution of forest vegetation over the 

landscape (Oregon Department of Forestry, 2008h).  The raw data used in SLI is 

gathered through sampling stratified forest stands, with a general sample intensity of 

16 to 24 sample plots per stand.  Each vegetation component is sampled differently 

within each plot, with a combination of variable and nested fixed radii plots used for 

trees (dead or live), fixed radii plots used for non-tree vegetation, and line-transects 

used for down woody material. 

SLI data is however not available for all stands, which implies that the 

attributes of measured stands have to be extrapolated to unmeasured stands.  The 

ODF does this through an imputation technique that matches each unmeasured 

stand with a measured stand, based on a degree of similarity of physical 

characteristics such as vegetation and growing site. 

In order to predict the future condition, the SLI data is passed on to the Forest 

Vegetation Simulator (FVS) (Dixon, 2003).  This simulator uses growth and yield 
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models that were calibrated to the particular geographic area to make predictions of 

various stand parameters under various management prescriptions (Mason, Bruce & 

Girard, 2006; Sessions et al., 2006).  Data from FVS, plus other sources such as timber 

prices, are then used to compile the yield tables used in the ODF harvest scheduling 

models. 

Each record in a yield table relates to a number of land parcels through a 

system of unique identifiers.  As explained earlier, not all of the stands have 

inventory data, so multiple land parcels may reference a single yield table record 

through imputation.  Land parcels are formally defined in section 3.4.3.2, but they 

are basically areas of land that are homogeneous with regard to a number of land 

properties.   

From these yield tables, the following data was extracted for the purposes of 

this study: 

• Inventory:  Represents the estimated inventory of the land parcel in 

MBF/Acre. 

• Timber Volume:  Represents the estimated volume of timber that can 

be removed for sale in MBF/Acre.  It is calculated by subtracting the 

leave-trees from the inventory. 

• Leave Tree Volume:  The estimated volume of trees in MBF/Acre that 

will not be removed through the management prescription. 
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• Stand Age:  The average age of trees in years. 

• Structural Stand Type:  The expected structural stand type 

classification, namely REG, CSC, UND, LYR or OFS. 

3.4.3.2 Spatial Data 

As mentioned earlier (section 3.1.4), the HnH spatial data is created by 

intersecting a number of spatial data layers.  These layers include vegetation 

condition, physical characteristics, ownership, political boundaries, harvest units, 

habitat classifications, riparian boundaries, and road right-of-way (Sessions et al., 

2006).  This intersected layer consisted of 153,699 land parcels, and was considered 

current through December, 31
st

 2007 (Oregon Department of Forestry, 2008f). 

The following tabular data was extracted from the HnH spatial data: 

• Site Group:  A classification of each land parcel into one of three site 

classes, namely high (1), intermediate (2) or low (3). 

• Impute:  A dichotomous value, classifying a land parcel as either 

imputed with regards to inventory data, or not. 

In addition, the following spatial data was extracted from this layer: 

• Land Parcel Boundaries:  The perimeter and location of each of the 

land parcels. 
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3.5 Data Preparation 

In order to prepare the data for analysis, a number of preparatory operations 

had to be performed.  These included intersecting the harvest units and HnH land 

parcels to create a common base of comparison, classifying the intersected harvest 

units into species-mix classes, generating a data set containing planned and actual 

inventory, generating a data set containing planned and actual timber yield, and 

generating a data set containing inventory and structure.  The following contains a 

detailed discussion on each of these preparatory operations. 

3.5.1 Intersected Harvest Units 

Harvest unit boundaries typically do not match up to those of the HnH land 

parcels.  This can be attributed to the fact that their demarcation occurred 

independently, and with different objectives.  The HnH land parcels are homogenous 

with regards to stand, vegetation type, slope, aspect, riparian classification, harvest 

unit, watershed, owl circles, murrelet habitat, and desired future condition; while the 

harvest unit areas are only homogenous with regards to type of harvest treatment.  

In addition, the HnH parcel boundaries are derived through analytical processes, 

while the harvest unit boundaries are derived through land survey procedures. 

However, performing a legitimate comparison between Actual and Planned 

Data required perfect overlap between the boundaries of the harvest units and the 
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HnH parcels.  If this was not the case, then the individual land units would not 

reference the same geographic area, making direct comparison between Actual and 

Planned Data inappropriate.  To proceed, a spatial intersect of the harvest units and 

HnH parcels had to be performed.  During this operation, a spatial union of the 

boundaries was created, and only those land units which occurred in both of the 

original layers were retained in the output.  This led to a rearrangement of the spatial 

boundaries, which necessitated a re-aggregation of land units in subsequent analysis. 

The intersect was performed with ESRI's ArcGIS 9.3 software, using the 

"Intersect" tool.  The input layers consisted of the HnH spatial data with 153,969 

polygons, and the timber sale boundaries with 100 polygons.  The resulting output 

layer had 7,310 polygons. 

3.5.2 Species-Mix Classification 

Growth and yield models are typically a function of site index (SI), which is 

generally determined independently for each vegetation type of interest (Davis and 

Johnson, 1987).  Vegetation type is therefore expected to be a significant variable in 

the relationship between Planned and Actual Data.   

The ODF classifies stands according to three criteria, namely species (7), size 

(4) and stocking (2) for a total of 56 categories (Oregon Department of Forestry, 

2003).  The tree species criteria can be sub-divided into three single species stands 
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(Douglas-Fir, Hemlock and Hardwood) and four multi-species stands classified along 

the dominant species (Douglas-Fir, Hemlock, Hardwood and Other).  The tree size 

categories are Early to Mid-Seral, Small Late-Seral, Large Late-Seral, and Older Forest 

Structure, while the stocking categories are Low Density and High Density. 

All of the land parcels in the HnH model data (Planned) were classified 

according to the above method.  However, at the time of data gathering, only 11% of 

stands (23% of acres) had received a proper SLI cruise (Oregon Department of 

Forestry, 2008f).  The inventory data for the balance of the stands was obtained 

through imputation, resulting in uncertainty with regards to the true vegetation type 

for most of the stands.  In addition, the harvest unit boundaries generally span 

multiple stands.  A given harvest unit can therefore consist of multiple vegetation 

types, while the proposed regression model will assume a single vegetation type per 

harvest unit.  It would be possible to derive a vegetation type for each harvest unit 

through a weighted average of the vegetation types in the HnH model, but this would 

add another level of analytical approximation and uncertainty.  Finally, there were 56 

vegetation types in the ODF classification, which resulted in very small or zero sample 

counts for many of the vegetation types.  This would make it hard to justify the use of 

these vegetation types in a regression model of Planned vs. Actual Data, since 

parameter estimates would be based on small or non-existent samples. 
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It was therefore decided to base vegetation type on the Actual Data, and to 

perform the classification at a higher level of aggregation.  This addressed all the 

issues listed above, since the classification was based on surveyed data in all cases, 

there was no need to calculate vegetation from sub-units, and the vegetation type 

classification was at a level that allowed for sufficient samples of each type.  The 

classification scheme used only differentiated on species-mix, i.e. tree size and 

stocking were dropped from the classification.  The classification scheme was 

therefore reduced to a species-mix classification.  The rules used to classify harvest 

units into species-mix classes were the same as those used by the ODF, and were as 

follows: 

• If the basal area (BA) of a given species, expressed as a percentage of 

total BA, exceeded 80%, then the harvest unit area was classified as 

single species, using the following species codes: 

o Douglas-Fir 1D 

o Western Hemlock 1W 

o Hardwood 1H 

• Otherwise, if the percentage BA of a given species was less than 80%, 

but greater than 20%, and its percentage was larger than all other 

species, then the harvest area was classified as mixed species, using 

the following codes: 
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o Douglas-Fir DX 

o Western Hemlock WX 

o Hardwood HX 

• If harvest area failed to be classified in any of the above categories, 

then it received the following code: 

o Other OT 

The above classification rules were implemented in MS Access 2007®.  Input 

data was the Stand Table Summaries with 466 records, and the output was the 

Species-Mix Table with 89 records. 

3.5.3 Planned vs. Actual Inventory 

As stated before, one of the primary objectives of this study was to build a 

linear regression model for predicting actual inventory and yield from planned 

inventory and yield.  This section will discuss the data preparation involved with 

preparing the data for the inventory regression model.  All operations were 

performed in MS Access 2007 ®. 

As mentioned in section 3.4.1, the unit of observation for this study was the 

individual harvest areas.  Preparing the Actual Data for the inventory analysis was 

therefore relatively simple, since the data was already organized in a format that was 

consistent with the unit of observation.  In this case, the only preparation required 
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was aggregating the Stand Table Summary from a level separated into species group 

and take-or-leave designation, into the individual harvest areas.  During this process, 

the parameters of interest (Actual Inventory, Area Acres) were derived by summing 

over the data elements constituting each harvest area.  Data input into this process 

was the Stand Table Summaries (466 records).  The resulting Actual Inventory data 

set contained 89 records. 

Preparation for the Planned Data was more complicated, since it also 

required aggregating the intersected HnH Parcels into harvest areas.  During this 

process, the parameters of interest (Planned Inventory, Age, Site Group, Impute) 

were summarized into a single parameter for each harvest area (Leave-Tree Volume 

and Structural Stand Type are not relevant to this data set).  It was decided that the 

best summary was an area weighted average.  Data input into this process was the 

yield table for each parameter (23,289 records) and the harvest areas intersected 

with the HnH land parcels (7,310 records).  This resulted in four tables, namely 

Planned Inventory, Age, Site Group and Impute, each with 100 records.  

The final step was to combine all the tables listed above, as well as the 

Harvest Type Table (86 records) and the Species-Mix Table (89 records), into a single 

table called the Inventory Regression Table.  The Harvest Type Table served no 

purpose in the inventory regression analysis, other than ensuring that the Yield 

Regression Table and Inventory Regression Table operated off the same record set.  
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The discrepancy in the record count between the tables listed above is due to the 

fact that some data sources were complete, while others lacked key data elements.  

Only those records that were complete with regards to all data elements were 

retained in the Inventory Regression Table.  As a summary, the field definitions and 

data sources of the Inventory Regression Table is listed in Table 1.  The contents of 

the Inventory Regression Table is listed in Appendix A. 

Table 1: Field Definitions and Sources of the Inventory Regression Table 

FIELD DESCRIPTION UNITS SOURCE 

SALE_NAME Name of the harvest unit Text 
Stand Table 

Summaries 

SALE_AREA 
Name of the area within the harvest 

unit 
Text 

Stand Table 

Summaries 

SALE_YEAR Year that the sale was published 
Long 

Integer 

Timber Sale 

Boundaries 

HARV_TYPE The type of harvest Text 
Harvest Type 

Table 

SITE_GRP The area weighted average site group Text 
HnH Model 

Spatial Data 

SPC_MIX The species-mix of the harvest area Text 
Classification 

Scheme 

IMPUTE 
The area weighted average 

imputation status of the harvest area 
Text 

HnH Model 

Spatial Data 

AGE 
The area weighted average age of the 

harvest area 
Double 

HnH Model 

Spatial Data 

PLANNED_INV 

The area weighted average inventory 

for the harvest area from Planned 

Data 

Double 
HnH Model Yield 

Tables 

ACTUAL_INV 
The inventory for the harvest area 

from Actual Data 
Double 

Stand Table 

Summaries 
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3.5.4 Planned vs. Actual Timber Yield 

This section will discuss the data preparation for the timber yield regression 

model.  All operations were performed in MS Access 2007 ®. 

As mentioned in section 3.4.3.1, data for actual yields was gathered from two 

sources, namely Volume Summaries and Log Stock Tables.  The choice of source 

depended on what was available, but generally the Log Stock Tables were preferred 

since they contained more detailed data.  On an aggregated basis there was no 

difference between these two sources though.  Data preparation therefore started 

by aggregating these two sources to a common basis, in this case to levels defined by 

sale name, sale area and species.  The combined table was called the Actual Yields by 

Species Table, and consisted of 330 records.  The parameter of interest (Actual Net 

Timber Yield) was then aggregated by summing over the data elements of each 

harvest area, to generate the Actual Timber Yields Table (86 records).  Actual Net 

Timber Yield was calculated by subtracting a defect and breakage percentage from 

the Actual Gross Timber Yield. 

The planned inventory was imported from the Inventory Regression Table 

described earlier.  The final step was to combine the planned inventory and actual 

yield tables, as well as the Harvest Type Table (86 records) and the Species-Mix Table 

(89 records), into a single table called the Timber Yield Regression Table.  The 

structure of this table was essentially the same as the Inventory Regression Table, 
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with the exception that the actual inventory field was replaced by the actual timber 

yield field.  As a summary, the field definition and source of this additional field is 

listed in Table 2.  The contents of the Timber Yield Regression Table is listed in 

Appendix B. 

Table 2:  Field Definitions and Sources of the Timber Yield Regression Table 

FIELD DESCRIPTION UNITS SOURCE 

ACTUAL_YLD 
The timber yield for the harvest area 

from Actual Data 
Double 

Stand Table 

Summaries 

 

3.5.5 Inventory vs. Forest Structural Type 

As stated before, one of the primary objectives of this study was to build a 

linear regression model for predicting planned inventory from actual inventory.  The 

purpose of this was firstly to align the inventory and yield tables with reality, and 

secondly to parameterize the variability that exists in actual inventory and yield.  It 

was also anticipated that a relationship might exist between inventory and forest 

structural type.  Therefore, if the inventory regression model resulted in an 

adjustment of inventory data, then it is conceivable that the forest structural type 

classification might also need adjustment.  Since a direct comparison between 

planned and actual forest structural type was not available, the only other option 

was to build an indirect relationship that used inventory to predict forest structural 
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type.  This section will describe the steps that were followed to build this regression 

model. 

The data that was used to build the structure regression model was gathered 

from the HnH Model Data.  The assumption behind using this data was that the 

relationship between inventory and structure is fixed, i.e. a stand of a certain 

inventory should always yield a certain structure.  An adjustment of inventory from 

planned to actual should therefore also drive any potential change in structure from 

planned to actual.  Using the HnH Model Data is therefore appropriate, since this 

fixed relationship was determined through vegetation simulators, and should remain 

relevant regardless of the quality of the starting point (beginning inventory).   

Using inventory as a proxy for structure is of course a generalization of the 

forests structural type classification, since the ODF base their classification on both 

stems per acre with a DBH greater than 18 inches and height greater than 100 foot 

(TPA18100), as well as Diameter Diversity Index (DDI).  Since inventory is the only 

available measure of reality, all pathways to actual structure had to start with actual 

inventory (It was not possible to derive TPA18100 and DDI from the Stand Summary 

Tables).  Inventory is however expected to be strongly correlated with TPA18100 and 

DDI, which implies through extension that structure should also be strongly 

correlated with inventory.  So instead of indirectly predicting structure from 
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inventory via regression models of inventory on TPA18100 and DDI, it was decided to 

predict structure directly through a regression model of inventory on structure. 

As mentioned earlier, the data for the structure regression was extracted 

from the HnH Model Data.  To prepare the data for analysis, a number of preparatory 

steps were performed.  The first step was to extract the required parameters from 

the HnH Model Yield Tables, namely Inventory, Partial Cut Volume, Forest Structural 

Type, Vegetation Type, DDI, TPA18100 and Age.  The next step was to filter out only 

the required prescriptions.  Only two prescriptions were used for this study.  These 

were prescription 0, which lets the stand grow without any management 

intervention until harvest (no thinning), and prescription 108.1 (408.1 for future 

stands), which implements a partial cut at age 50 which retains 55 stems per acre 

larger than 8" DBH.  The partial cut prescription was selected through comparison 

with the Actual Inventory Data, which showed that the median age for partial cuts 

was 51.84  years and that the median retained stems per acre was 59.29 .  

Prescription 108.1 was therefore found to be the HnH Model Data prescription which 

was the closest to the actual partial cut prescription.  Prescription 0 was available for 

all strata, while prescription 108.1 was only available for those strata that met the 

prescription requirements. 

Following the filter operation, the parameter table structures were merged 

and transposed to facilitate data joining with other data sources, creating a single 



94 

 

table with 35,061 records.  The next step was to join this table with the HnH Model 

Spatial Data, which filtered out any prescriptions that are not used on the Tillamook 

District, since only those prescriptions that exist in both the yield and spatial data are 

retained.  This step also added information about site group.  A Dominant Species 

field was added as a higher order aggregation of vegetation type, containing only the 

dominant species within each stand (D for Douglas Fir, W for Western hemlock, H for 

Hardwood, and O for Other).  The intent was to use it in lieu of vegetation type, in 

case the sample count per vegetation type was insufficient for regression modeling.  

A Complex Status was also added as a binary indicator variable to distinguish 

between complex (1) and non-complex stands (0).  The resulting table was called 

the Structure Regression Table and had 31,775 records.   

As a summary, the field definitions and sources of the Structure Regression 

Table are listed in Table 3.  An extract (stratum 63004012) from this table is 

presented in Appendix C. 
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Table 3:  Field Definitions and Sources of the Structure Regression Table 

FIELD DESCRIPTION UNITS SOURCE 

EXT_REG 

Classifies prescriptions into EXT and REG.  

EXT prescriptions apply to existing stands, 

and REG to future stands.  

Text 
HnH Model 

Yield Tables 

STRATA 
The stand stratum which the prescription 

applies to. 
Text 

HnH Model 

Yield Tables 

RX 
The prescription unique identifier (0, 101.07 

and 401.07) 
Text 

HnH Model 

Yield Tables 

PERIOD 
The planning period (0 to 30) to which the 

prescription outcome applies. 
Integer 

HnH Model 

Yield Tables 

PC_YIELD 
The partial cut yield (MBF/Acre) for the 

given prescription in the given period. 
Double 

HnH Model 

Yield Tables 

AGE 
The age of the stand under the given 

prescription in the given period. 
Integer 

HnH Model 

Yield Tables 

VEG_TYPE 
The vegetation type, as defined by the ODF 

classification rules. 
Text 

HnH Model 

Yield Tables 

DOM_SPC 
The dominant tree species within each 

stratum. 
Text 

Classification 

Scheme 

SITE_GRP The site classification of each stratum. Text 
HnH Model 

Spatial Data 

INV 
The inventory for the given prescription, in 

the given period, on the given stratum. 
Double 

HnH Model 

Yield Tables 

STRUCT 

The forest structural type for the given 

prescription, in the given period, on the 

given stratum. 

Text 
HnH Model 

Yield Tables 

CURCOMP 

The complex status for the given 

prescription, in the given period, on the 

given stratum. 

Text 
Classification 

Scheme 

 

3.6 Regression Analysis 

The purpose of the regression analysis was twofold.  Firstly, it established a 

relationship between planned and actual inventory, planned and actual timber yield, 
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and inventory and structure.  Secondly, it also estimated the standard error for 

predicting actual inventory, actual timber yield and structure from planned 

inventory, planned timber yield and inventory.  These regression models were a 

primary driver in the chance-constrained programming models that followed, so it 

was essential to establish the best predictive models possible.  To this end, model 

fitting and testing exhibited a degree of redundancy, by using multiple graphical and 

formal tests for assumptions, fit and validation. 

3.6.1 Linear Regression 

The major linear regression assumptions tested were linear relationship 

between the dependent and independent variables, no serial correlation in the 

residuals, constant variance in the residuals (homoskedacity), and normality in the 

residual distribution.  In addition, the final regression model was validated through a 

double cross-validation technique. 

All regression analysis was performed in R (R Development Core Team, 2009).  

R is an Open Source implementation of the S language, and is the statistical package 

of choice for many statisticians.  The analysis steps were as follows: 

Univariate Summaries:  These summaries were created for both independent 

and dependent variables, but separately for factorial and continuous variables.  

Factorial variables were summarized by observation count per factorial level, to 
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ascertain whether each level had sufficient observations to be included in the 

analysis.  Continuous variables were summarized via parameters such as mean, 

standard deviation, median, quartiles and skewness, in order to assess distributions 

and identify illogical values.  Summaries were also augmented with box-plots for 

illustration purposes. 

Histograms:  To visually asses the normality of variable distributions, a kernel 

density estimate was created for each variable.  These are essentially the same as a 

histogram, but without the artificial demarcation of variables into bins which often 

make histograms hard to interpret. 

Correlation Coefficients:  Correlation coefficients were calculated for all 

independent variables to evaluate the degree of correlation between independent 

variables.  Variables that exhibited strong correlation (values close to -1 or 1) could 

not participate in the same regression model, since the independence of these 

variables could not be guaranteed. 

Scatterplot Matrix:  These enabled a visual assessment of the linear 

relationships between all variables.  The purpose of this was twofold.  Firstly, it 

highlighted independent variables that were linearly related to the dependent 

variable, and secondly, independent variables that were linearly related to each 

other (i.e. correlation of independent variables).  Scatterplots were augmented with 

lowess regression lines.  These are locally-weighted polynomial regression lines, 
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which illustrate the linear relationship between two continuous variables.  

Scatterplots and lowess lines were created with the "pairs" and "lowess" functions of 

R (R Development Core Team, 2009). 

Bi-Variate Plots:  Following the examination of the scatterplots and 

correlation coefficients, a shortlist of potential continuous independent variables 

were created.  Each of these variables were plotted against the dependant variable.  

The purpose of this was to perform a visual assessment of the linear relationship 

between the dependent and independent variables.  In addition, the need for 

potential variable transformation was also examined. 

Lack-of-Fit �-Test:  This test was used to evaluate the adequacy of the 

selected regression model form.  The test statistic is an extra-sum-of-squares �-value 

that is calculated from a comparison between a full and reduced model.  The full 

model is obtained by aggregating the continuous independent variables into factorial 

levels, by rounding to zero decimal places.  The reduced model is typically the full 

regression model.  The test statistic is calculated as follows (Ramsey and Schafer, 

1997): 

 �-Stat = ���� !" − ��� !$% &'" − &'$⁄)*$+  
3-1 

 

Where: 
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��� ! = Sums of squares of residuals for the full (�) and reduced (�) model 
&' = Degrees of freedom for the full (�) and reduced (�) model 
)*$+ = Estimate of )+ from the full (�)  model 
The test statistic was evaluated by finding the proportion :;-value< of values 

from an �-distribution on degrees of freedom of &'"  and &'$ that would exceed the 

test statistic. 

Variable Selection:  During variable selection, the coefficient associated with 

each variable in a given regression model was tested for significant difference from 

zero, i.e. >�: @A = 0.  This test can take one of two forms, depending on the number 

of coefficients being evaluated simultaneously.  If multiple coefficients are being 

evaluated, then the appropriate statistic is the extra-sums-of-squares �-statistic 

described above.  If only one coefficient is being evaluated, then the appropriate 

statistic is the B-statistic.  This statistic evaluates >�: @A = 0, and is calculated as the 

ratio between the coefficient and the standard error of the coefficient, i.e. (Faraway, 

2002): 

 BC = @DC! :@DC< 
3-2 

 

Where: 

@DC = The estimate of the A-th coefFicient 
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! :@DC< = The standard error of the A-th coefFicient 

The test statistic was evaluated by finding the proportion :;-value< of values 

from a B -distribution on G − ;  degrees of freedom �; = number of coefFicients� 

that was further from zero than the test statistic. 

Interaction:  The next step was to determine if any interaction was present 

between the independent variables.  This was determined by deriving forward, 

backward and bi-directional stepwise regression models.  These three models were 

then compared against the proposed model with a extra-sums-of-squares �-test.  

The "stepAIC" R function was used (Venables & Ripley, 2002). 

Case-Influence Statistics:  Case-influence statistics were used to identify 

sample points with an unusually large influence on the regression analysis.  Three 

statistics were utilized, namely leverage, Cook’s distance, and studentized residuals.  

Leverage identifies those sample points with an unusual combination of independent 

variables.  These points often have a significant impact on the regression analysis, 

hence their inclusion should be carefully considered.  Studentized residuals detect 

residual values that are statistical outliers, i.e. beyond what is expected with regards 

to probability.  With normally distributed residuals one would expect about 5% of 

studentized residuals to fall beyond two standard deviations from the mean.  If this 

number is larger than 5%, there might be significant issues with outliers.  Finally, 

Cook’s distance measures the overall influence of a given sample point.  It therefore 
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measures the impact of omitting a given sample point from the regression analysis.  

Sample points with a Cook’s distance statistic of higher than one typically indicate 

large influence cases. 

Residual Plots:  The basic assumptions of linear regression are normally 

distributed residuals with an expected value of zero, homoskedacity, non-

autocorrelation, and non-stochastic independent variables (Kmenta, 1997).  Most of 

these can be visually evaluated through residual plots.  In particular, a plot of 

residuals against fitted values (residual plot) can be used to assess homoskedacity 

and non-autocorrelation, while a plot of standardized residuals against theoretical 

quantiles (normal probability plot) can be used to assess the normality assumption 

(Draper and Smith, 1998).  Points on a residual plot should be randomly distributed in 

a “cloud” formation without any observable "structure", such as a "funnel" 

(heteroskedacity) or linear (serial correlation) shape.  Points on a normal probability 

plot should be arranged on a straight (H = I) line. 

Formal Tests for Homoskedacity:  A regression model with heteroskedastic 

residuals is unbiased and consistent, but not BLUE (best linear unbiased estimator), 

efficient or asymptotically efficient (Kmenta, 1997).  This implies that the chosen 

parameter estimates will not have the smallest variance.  In addition, this study relies 

heavily on the residual standard error to parameterize the risk associated with 

certain outcomes.  It is therefore essential to ensure the best possible 
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parameterization of residual standard error, by fitting a regression model that is 

homoskedastic. 

A number of formal tests are available for homoskedacity.  None of these 

tests are however fail safe, since they are influenced to varying degrees by factors 

such as type of heteroskedacity and normality.  This study therefore utilized multiple 

tests to gain more confidence in the final conclusion.  Three tests were used, namely 

the Levene's, Breusch-Pagan and White tests.   

The first test was Levene’s Test, which evaluates >�: )J = )+ = ⋯ = )L , 

where M represents a data grouping scheme.  The standard form of Levene’s Test 

therefore aggregates the fitted values into groups, and then calculates the absolute 

deviation of each fitted value from its group mean.  These absolute deviations are 

then evaluated through an �-test which compares the "between group" mean square 

with the "within group" mean square (Draper and Smith, 1998).  It is generally 

recommended to use ten classes for grouping the data, and also to use the group 

median rather than the mean when evaluating skewed distributions (Brown and 

Forsythe, 1974).  The Levene Test using the median rather than the mean is often 

also referred to as the Brown-Forsythe Test.  This test was executed through the 

"car" package in R (Fox and Bates, 2010). 

The second test was the Breusch-Pagan Test.  This test also evaluates 

>�: )J = )+ = ⋯ = )L, but utilizes an >N that tests whether the variance can be 
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described through a continuous function with continuous first derivatives (Kmenta, 

1997).  This test has however been criticized for its sensitivity to a departure from the 

assumption of normally distributed regression disturbances.  An alternative version, 

called the Studentized Breusch-Pagan Test, has been shown to be immune to the 

assumption of normality (Koenker, 1981).  This test was implemented through the 

"lmtest" package in R (Zeileis and Hothorn, 2002). 

The third test was the White Test.  This test is similar to the Studentized 

Breusch-Pagan Test, since the two become equivalent with the appropriate 

specification of the coefficients in the >N function (Kmenta, 1997).  The >N for this 

test therefore states that the squared residuals are a function of the regression 

coefficients, their cross-products and their squares.  It was also calculated through 

the "lmtest" package in R (Zeileis and Hothorn, 2002). 

Formal Test for Normality:  The coefficients of a regression model with 

residuals that are not normally distributed is BLUE and consistent, but not necessarily 

efficient or asymptotically efficient (Kmenta, 1997).  A number of normality tests are 

available, of which the omnibus and empirical cumulative distribution function (EDF) 

tests are the most commonly used.  An omnibus test evaluates an >� which assumes 

that skewness and kurtosis are from a normal distribution.  Popular choices for 

omnibus tests are the Shapiro-Wilk and D'Agostino tests (Hann, 2007), due to their 

discriminating power.  An EDF test is a goodness-of-fit test on a theoretical normal 
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distribution, so it evaluates an >� which assumes a theoretical normal distribution.  

Popular choices for these tests are the Anderson-Darling and Cramér-von-Mises 

tests, but these tests are known to have inferior discriminatory power (Hann, 2007).  

In R, the Shapiro-Wilk test was implemented through the "stats" package (R 

Development Core Team, 2009), the Anderson-Darling and Cramér-von-Mises tests 

through the "nortest" package (Gross, 2006), and the D'Agostino test through the 

"moments" package (Komsta and Novomestky, 2007). 

Formal Test for Serial Correlation:  The least squares estimates of coefficients 

from a regression model with serial correlation is unbiased and consistent, but they 

are not BLUE, efficient or asymptotically efficient (Kmenta, 1997).  This implies that 

the chosen coefficients would not have the smallest variance.  In this study it is 

important to test for serial correlation, since the data used was collected over a four 

year period.  It is therefore conceivable that cruising methods might have changed 

over this time, which could introduce correlated residuals into the regression model.  

The most widely used test for serial correlation is the Durbin-Watson Test (Kmenta, 

1997).  This test utilizes >�:no autocorrelation and >N:autocorrelation is greater than 

zero.  It requires the ordering of residuals along some measurement of time, and 

computes a statistic that is based on the differences between successive residuals 

(Draper and Smith, 1998).  The test was implemented through the "lmtest" package 

in R (Zeileis and Hothorn, 2002). 
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Model Validation:  All of the analytical steps performed thus far focused on 

obtaining the best possible regression fit for the sample of data at hand.  The 

emphasis of these goodness-of-fit measures was therefore solely on the sample.  The 

result is a model that fits the sample data well, but has unknown predictive 

properties for the population as a whole.  In the worst case, this could lead to a 

model that fits the sample well, but has very poor predictive properties (Hosmer and 

Lemeshow, 2000). 

Model validation should therefore be used to assess the predictive 

capabilities of a chosen regression model.  There are two modes of model validation, 

namely external and internal.  External model validation refers to a process whereby 

a validation occurs on a sample of data that was not used in building the regression 

model.  This would allow the processes of model fitting and validation to occur 

independently of each other.  In practice it is however not always possible to obtain 

multiple independent samples.  This is especially true in the case of this study, since 

the pool of stands that were measured for both the timber sale prospectuses and 

general inventory is extremely limited.  In a case such as this, external model 

validation can be accomplished by splitting the data into two sets.  One can then be 

used for model fitting, and the other for model validation.  In the case of small 

samples this could lead to even smaller samples for model fitting, which could lead to 

poorly fitted models as well as models that are dependent on the manner in which 
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the sample was split (Harrell, 2001).  The only other alternative therefore is internal 

model validation, which utilizes various methods to extract multiple validation 

samples from the original sample, which is then used to calculate various measures 

of model validation.  Over time, many internal validation methods have been 

developed, each with its own advantages and disadvantages.  This study therefore 

utilized multiple methods, since no single method has been proven to be best in all 

circumstances.  In particular, this study utilized cross-validation and bootstrapping. 

In cross-validation, the sample is divided into M subsets of equal size.  Each M 

subset is then used as a validation set for a regression model fitted to the remaining 

observations (Kozak and Kozak, 2003).  This is repeated M times, resulting in each 

subset (fold) being used for both validation and model fitting.  It has been shown that 

M = 10 (10-fold cross-validation) leads to desirable results (Breiman and Spector, 

1992; Kohavi, 1995).  A further refinement of cross-validation results in leave-one-out 

(LOO) cross-validation, where M = G (i.e., each subset consists of one sample only, 

resulting in G  subsets).  LOO cross-validation is a widely used and accepted form of 

cross-validation (Allen, 1974; Stone, 1974; Picard and Cook, 1984; Shao, 1993).  

However, despite its wide use, under certain conditions LOO is outperformed by 

ordinary (grouped) cross-validation (Efron, 1983).  This study therefore utilized both 

10-fold and LOO cross-validation.  In R, both cross-validation techniques were 

evaluated through the "DAAG" package (Maindonald and Braun, 2009).  For both 
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techniques the validation statistic was root mean square error (RMSE).  In the case of 

LOO, a 95% confidence interval was also calculated for the validation statistic. 

The second validation technique was bootstrapping.  It is generally considered 

to be a superior validation method to cross-validation (Efron, 1983), mainly due the 

fact that the bootstrap method exhibits less variability than cross-validation (Efron 

and Tibshirani, 1997).  This study utilized two forms of bootstrapping, namely the 

enhanced bootstrap and the .632 bootstrap.  The .632 is generally preferred over the 

enhanced bootstrap (Efron, 1983), since it makes a bias correction for the estimate of 

predictive accuracy.  However, the theory surrounding the .632 bootstrap is fairly 

undeveloped, so it should be used with caution and in conjunction with other 

methods.  A third method, the .632+ bootstrap has been shown to return even better 

results than the .632 (Efron and Tibshirani, 1997), but to date it has seen virtually no 

implementation in mainstream statistical packages, making it difficult to use with 

confidence.  For both of the proposed methods, the original sample was randomly re-

sampled with replacement to create O subsamples of size G (Efron, 1979).  The 

number of subsamples used is typically quite large, with the idea being that it should 

be sufficiently large to negate the individual influence of subsamples.  For this study, 

one thousand (1,000) subsamples were used.  For the enhanced bootstrap, each 

subsample is used to generate a regression model (bootstrap), which is validated 

against the original sample.  Each bootstrap is evaluated through an accuracy index, 
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which in this case was the mean square error (MSE).  The estimated MSE from the 

original regression model (empirical MSE (P�QRST)) is then subtracted from each of 

the bootstrap MSE's :P�QCUVVW< , to generate O  estimates of optimism 

XOAY!CSZR[ \]^_(Harrell, 2001): 

 OAY!CSZR[ \]^ = P�QCUVVW − P�Q[ RST for A = 1. . O 3-3 

 

From these estimates of optimism an average optimism XO`Y!aSZR[ \]^bbbbbbbbbbbbbbb_ is 

calculated, which is finally added to the empirical MSE to generate an over fitting-

corrected estimate of MSE :P�QUVVW[ <: 

 P�QUVVW[ = P�Q[ RST + O`Y!aSZR[ \]^bbbbbbbbbbbbbbb 3-4 

 

The enhanced bootstrap method has however been shown to under estimate 

the effects of over-fitting, i.e. return an optimistic estimate of MSE (Harrell, 2001).  

This can be attributed to the fact that a large proportion (0.632) of observations will 

appear in both the bootstrap and validation data set (Efron, 1983).  This can be 

remedied by only using observations that were not part of the bootstrap for 

validation.  The MSE returned by each bootstrap can then be averaged to return 

P�Q�[ .  This estimate of MSE is however overly pessimistic (upwards biased).  This 
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can be corrected by estimating MSE through the weighted average of P�Q�[  and an 

overly optimistic (downwards biased) estimate of MSE, in this case P�Q[ RST.  The 

weighting scheme used to calculate the .632 bootstrap is therefore as follows, with 

the weights determined by the probability of an observation being in or out of a 

given bootstrap (Efron, 1983): 

 P�Q[ .de+ = 0.632 ∙ P�Q�[ + 0.368 ∙ P�Q[ RST 3-5 

In R, both the enhanced and .632 bootstrap estimates were calculated 

through the "Design" package (Harrell, 2009).  Both of these techniques calculated 

MSE (and RMSE by extension), slope, intercept and �+ as validation statistics.  The 

slope and intercept were created through a comparison of observed and predicted 

dependent variables. 

System of Simultaneous Equations:  Once the individual linear regression 

models were built for inventory and timber yield, the next step was to identify how 

they were related to each other and what adjustments were required to counter the 

effect of inter-dependence.  Since both models were built from a single source of 

observations, it was anticipated that some degree of dependence would exist 

between the inventory and timber yield regression models.  The type of adjustment 

used to counter this dependence was however determined by the nature of the 

dependence. 
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When describing the variables used within a system of simultaneous 

equations, they are typically classified as either endogenous or predetermined.  The 

value of endogenous variables are determined within the system, while 

predetermined variables determine the value of the endogenous variables (Kmenta, 

1997).  Predetermined variables are also subdivided into exogenous variables and 

lagged endogenous, with exogenous variables determined completely outside of the 

system, and lagged endogenous determined within the system by a previous 

measurement period.  No lagged endogenous variables were anticipated for this 

study.  A system of simultaneous equations must have at least one equation with 

more than one endogenous variable (Kmenta, 1997). 

To estimate the parameters of a system of simultaneous equations, each of 

the equations must be properly identified (Koutsoyiannis, 1977; Kmenta, 1997).  For 

an equation to be properly identified, it must adhere to order and rank conditions.  

The order condition is said to be satisfied if (Koutsoyiannis, 1977): 

 :g − Ph< ≥ (j − 1) 3-6 

Where: 

j = Number of equations 

g = Total number of variables 

Ph = Number of variables in equation l 
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The rank condition is said to be satisfied if at least one non-zero determinant 

of order (j − 1) can be constructed from the coefficients of the variables not used in 

the given equation (Koutsoyiannis, 1977).  An equation that does not meet the order 

condition, regardless of the rank condition, is classified as under-identified (Kmenta, 

1997).  An equation is said to be exactly identified if it meets the rank condition and 

satisfies the order condition through an equality, and over-identified if it meets the 

rank condition and exceeds the order condition.  Only exactly and over-identified 

equations are considered to be identified. 

Estimating the parameters of a system of simultaneous equations can be 

achieved through a number of methods.  Of these, ordinary least squares (OLS), two-

stage least squares (2SLS) and three-stage least squares (3SLS) are the most 

frequently used.  OLS leads to inconsistent estimates and should typically not be 

used, except for seemingly unrelated (SUR) and recursive systems with uncorrelated 

equations (Kmenta, 1997).  A SUR system has only one endogenous variable per 

equation, while a recursive system has a triangular matrix of coefficients (i.e. the first 

equation has one endogenous dependent variable; the second one has two 

endogenous variables of which one acts as an independent variable and appears in 

the previous equation, while the other is a dependent variable; and etc.).  2SLS is 

classified as single equation method, since it relies on limited reference to other 

equations within the system.  Its parameter estimates are therefore consistent, but 
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not asymptotically efficient (Kmenta, 1997).  As its name suggests, 2SLS consists of 

applying OLS in two stages.  The first stage OLS regresses each endogenous variable 

onto all predetermined variables.  In the second stage, equation parameters are 

estimated through OLS, by using the equations from the first stage to replace the 

endogenous variables appearing as independent variables in each equation.  Lastly, 

3SLS is classified as a system method since parameters are estimated simultaneously 

(Kmenta, 1997).  Parameter estimates from 3SLS are therefore asymptotically 

efficient, since it incorporates the between equation correlation.  The first two stages 

of 3SLS is identical to 2SLS, while the third stage applies generalized least squares to 

the equations parameterized in the second stage (Koutsoyiannis, 1977; Kmenta, 

1997). 

As mentioned earlier, the method used to parameterize the system of 

equations was determined by the nature of the equations themselves.  OLS was 

therefore used for SUR and recursive systems if it could be shown that the equations 

were uncorrelated.  Failing this, 3SLS was preferred over 2SLS, since it provided 

parameter estimates that were both consistent and asymptotically efficient.  In R, all 

parameter estimates were obtained through the "systemfit" function in the 

"systemfit" package (Henningsen and Hamann, 2007). 
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3.6.2 Logistic Regression 

As mentioned before, forest structure is a classification of stands into five 

distinct structural stand types, namely Regeneration (REG), Closed Single Canopy 

(CSC), Understory (UDS), Layered (LYR) and Older Forest Structure (OFS).  The 

determination of whether a stand has reached complex structure or not is through 

these five structure stand types, with LYR and OFS considered complex, and the rest 

as non-complex.  These five classes can therefore be aggregated into two classes, 

since this study is only concerned with the percentage of complex structure that is 

attained at a given point of time following a given management prescription.  Forest 

structure is therefore described by a dichotomous variable, with a value of zero 

indicating non-complex structure, and a value of one indicating complex structure. 

Using traditional linear regression to describe the relationship between 

inventory and structure is therefore not possible.  This is due to the fact that a linear 

regression model will return a structural classification along a continuous scale, while 

the structural classification values are only interpretable at discrete values.  In 

addition, a linear regression could also return dependent variable values that are less 

than zero or greater than one, which would also not be interpretable without some 

post-processing of regression predictions. 

A widely used alternative to linear regression is logistic regression, since it 

deals with the specific case of dichotomous dependent variables (Hosmer et al., 
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1997).  Logistic regression is part of a larger body of regression models known as 

generalized linear models (GLM).  Under these models, the expected outcome of the 

dependent variable is related to a linear combination of the independent variables, 

through the inverse of a link function from the exponential family (Hill & Lewicki, 

2007)(Ramsey & Schafer, 1997): 

 Q(m) = lnJ:@� + @JoJ + ⋯ + @pop< 3-7 

The components of GLM are therefore a probability distribution from the 

exponential family, a link function (l), and a linear predictor (@o).  The expected 

value of the dependent variable will be modeled along the shape of the probability 

distribution, while the choice of probability distribution will determine the form of 

the link function.  The link function is related to the inverse of the linear predictor.  

This provides a regression equation that is still linear in the independent variables, 

but which is transformed through the link function to fit the dependent variable.  

Iterative weighted linear regression is used to obtain maximum likelihood estimates 

of the regression parameters (Nelder & Wedderburn, 1972).  Under GLM, the 

variance associated with the expected value of the dependent variable is non-

constant, and is a function of the independent variables (Ramsey & Schafer, 1997). 

When dealing with a dichotomous dependent variable, the binomial 

distribution is generally the natural choice.  This is because it can accept an 

independent variable over the range −∞ to ∞, while limiting the value of the 
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dependent variable to between zero and one.  There are several link functions that 

can be used with a binomial distribution, but the logit has been found to be most 

favorable.  This can be attributed to the fact that it is canonical, as well as its 

mathematical flexibility, ease of use and interpretation (Hosmer & Lemeshow, 

2000)(Ramsey & Schafer, 1997).  The logit is defined as: 

 l(I) = rG s t(I)1 − t(I)u 
3-8 

Here t(I)  represents the population proportion with binary value one, or 

the probability of a single observation with a binary value of one.  As stated earlier, 

the link function serves as a link between a linear predictor and a non-linear 

prediction.  Thus the logit should also equal the linear predictor: 

 l(I) = @� + @JIJ + ⋯ + @pIp 3-9 

Setting the logit equal to the linear predictor yields the logit function, which is 

the function that will be used during regression model fitting: 

 rG s t(I)1 − t(I)u = @� + @JIJ + ⋯ + @pIp 
3-10 

The inverse of the logit function is the logistic function (Hosmer & Lemeshow, 

2000)(Draper & Smith, 1998)(Ramsey & Schafer, 1997), which is used to calculate the 

final estimated values: 
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 t(I) =  vwxvyzyx⋯xv{z{
:1 +  vwxvyzyx⋯xv{z{< 

3-11 

As noted earlier, the binomial distribution is assumed to be the underlying 

probability distribution for logistic regression.  This implies that the variance of the 

dependent variable [t(I)] is defined as (Hosmer & Lemeshow, 2000)(Ramsey & 

Schafer, 1997): 

 Var}t(I)~ = t(I)�1 − t(I)% 3-12 

The variance of the regression estimate is therefore a function of the estimate 

itself, and is therefore heteroskedastic.  This implies that homoskedaticity is not an 

assumption of logistic regression.  In addition, errors are also not assumed to be 

normally distributed, but it is assumed that they are described by the chosen 

probability distribution.  Assumptions that are important in logistic regression are 

proper specification of the model, independent sampling, linearity between the logit 

and the linear predictor, absence of multicollinearity, no outliers, large samples, and 

sampling adequacy.   

All statistical analyses were performed in R (R Development Core Team, 

2009).  The analytical steps for determining the logistic regression model were as 

follows: 

Numerical Summaries:  These summaries were created for all the candidate 

independent variables, as well as the dependent variable.  Continuous variables were 
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summarized with measures such as minimum, maximum, mean, median, standard 

deviation, skewness and quartiles, with the objective being to identify illogical or 

extreme values.  Factorial variables were summarized with sample counts for each 

factorial level, with the objective being to assess whether each level is reasonably 

represented in the data set. 

Cross Tabulations:  A cross tabulation of all factorial independent variable 

levels against all levels of the dependent variable were compiled for observation 

counts of each independent variable.  The purpose of this was to assess whether 

there were sufficient observations for each level of the dependent variable at each 

level of the factorial independent variables.  A general rule of thumb is that no more 

than 20% of the cross-tabulations should have a count of less than 5. 

Matrix Plots:  Matrix plots of continuous independent variables were used to 

visually assess the correlation between these variables.  These correlations were 

used to assess the linear relationship between dependent and independent variables, 

as well as the correlation between independent variables.  In addition to the 

scatterplots, lowess lines and histograms were also added to these plots to assess the 

variable distribution.  Scatterplots and lowess lines were created with the "pairs" and 

"lowess" functions of R (R Development Core Team, 2009). 

Univariable Analysis:  For this step, a logistic regression model was fitted for 

each independent variable, using only the independent and dependent variable.  This 
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was accomplished through the "glm" function in R (R Development Core Team, 

2009).  The purpose of this step was to test the strength of association between each 

independent variable and the dependent variable.  The test statistic was the 

likelihood ratio value, which is obtained from an ANOVA analysis of the equal means 

model and the proposed univariable model.  It was assumed that the significance 

level (p) of the test statistic followed a chi-square distribution under H� and that the 

slope coefficient is zero.  Variables that returned p < 0.25 were retained on the list 

of candidate independent variables (Hosmer & Lemeshow, 2000). 

Variable Selection:  Next, all the variables identified from the univariable 

analysis were added to a single multivariable model.  Variables with insignificant 

Wald statistics (p > 0.05) were sorted from least to most significant.  The variable 

with the least significant Wald statistic (obtained from the "glm" function) was then 

temporarily dropped from the model, followed by a likelihood ratio test of the full 

and reduced model.  If the likelihood ratio statistic was insignificant at the 0.05 level, 

then the variable was permanently dropped from the model.  This process was 

repeated until all variables had significant Wald and likelihood ratio statistics.  The 

model obtained at the end of this step was the preliminary main effects model 

(Hosmer & Lemeshow, 2000). 

Linearity in the Logit:  One of the assumptions of logistic regression is that 

the continuous variables are linear in the logit.  This study utilized three graphical 
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evaluation techniques to visually assess this assumption.  The first technique plotted 

each continuous independent variable against the smoothed logit.  This was done by 

fitting a univariable restricted cubic spline (RCS) regression model to each continuous 

variable, using the "Hmisc" function in R (Harrell, 2009).  The second technique 

grouped the continuous independent variable into deciles, and then calculated the 

logit from the sum of the binomial indicators within each deciles group.  These logits 

were then plotted against each group’s deciles midpoint.  The third technique used a 

lowess line drawn on a plot of the binomial variable and independent variable. 

If non-linearity was suspected, continuous variables were re-scaled with 

appropriate transformations, and the inclusion of the transformed variables tested 

through likelihood ratio statistics.  The resulting was referred to as the main effects 

model (Hosmer & Lemeshow, 2000). 

Interaction:  The next step was to determine if any interaction was present 

between the independent variables.  This was determined by deriving forward, 

backward and bi-directional stepwise regression models.  These three models were 

then compared against the main effects model with a likelihood ratio test.  As with 

the linear regression, the "stepAIC" R function was used (Venables & Ripley, 2002).  

The model at the end of this step was referred to as the preliminary final model 

(Hosmer & Lemeshow, 2000). 
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Goodness-of-Fit:  Once the preliminary final model was identified, the next 

step was to assess how well the proposed model fitted the set of observations that 

was used to derive it.  The focus was therefore on the overall fit, and not on the fit of 

individual observations.  A number of methods have been developed for assessing 

goodness-of-fit for logistic regression models.  These include Pearson chi-square, 

deviance, and Hosmer-Lemeshow (H-L).  Since the preliminary final model contained 

a continuous variable, the number of unique independent variable patterns (J) was 

expected to be about the same as the sample size (J ≈ n).  This implied that each 

unique covariate pattern would probably only have one observation.  However, the 

Pearson chi-square and deviance tests both require at least 5 observations per 

independent variable pattern, per dependent variable level.  (I.e., in a contingency 

table of the dependent variable against independent variable patterns, each cell 

should have more than 5 observations.)  If this condition is not met, then the 

calculated p-value would be meaningless (Hosmer & Lemeshow, 2000)(Hosmer et al., 

1997).  The H-L was devised as a way around this problem, since this test groups the 

G  observations into l  groups (typically l = 10), thus overcoming the problems 

associated with � ≈ G.  It has however been shown that the outcome of the H-L test 

is dependent on the grouping strategy.  This leads to situations where a model fits 

well under one grouping, but is rejected under another.  An alternative to this test is 

one which is based on the sum of squares of smoothed residuals (le Cessie & van 
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Houwelingen, 1995)(Le Cessie & Van Houwelingen, 1991)(Copas, 1983).  This test has 

no formal name in the literature, and is referred to as either the Hosmer-Le Cessie 

test, or the le Cessie-van Houwelingen-Copas-Hosmer.  In this study the latter variant 

was used, abbreviated as "LHCH".  This study utilized both H-L and LHCH, since using 

multiple statistical measures is better than an overreliance on a single statistic.  The 

L-H was therefore implemented through custom R code, while the "Design" package 

in R (Harrell, 2009) calculated LHCH. 

Measures of Association:  In logistic regression, measures of association are 

used to evaluate predicted probabilities against observed probabilities.  These 

measures rely on a calculation of concordance, which is a measure of correlation for 

all pair-wise comparisons of observation points.  Pair-wise comparison is performed 

over all possible pairs that can be formed from the dataset, i.e. G+.  A pair is 

considered concordant if the ranking of the two independent variables (oJ, o+), is 

maintained for the two independent variables (mJ, m+).  I.e., when o+ > oJ, then 

m+ > mJ, and vice-versa.  A pair is considered discordant when the ranking is not 

maintained.    I.e., when o+ > oJ, then m+ < mJ, and vice-versa.  When either the 

dependent or independent variables are equal, the pair is considered tied.  A number 

of measures of association have been proposed.  This study will utilize Goodman and 

Kruskal's gamma (Gamma), Somer's �z� , and the concordance index (�  Index).  

Gamma is the difference between the number of concordant and discordant pairs, as 
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a percentage of all concordant and discordant pairs (Goodman & Kruskal, 1954).  

Gamma values range from −1 to +1.  A value of −1 indicates perfect discordance, 

while +1 indicates perfect concordance.  A value of zero indicates no association, i.e. 

model predictions are random.  The Gamma statistic is the percentage by which the 

error in the prediction of the rank of the dependent variable is reduced through 

knowing the independent variable.  Somer's �z� is essentially the same as Gamma, 

except that it penalizes for pairs tied on the dependent variable.  Somer's �z� is the 

difference between the number of concordant and discordant pairs, as a percentage 

of all concordant, discordant and pairs tied on o (Somers, 1962).  Its interpretation is 

the same as for Gamma.  The � Index is a measure of the model's ability to 

discriminate between events (dependent = 1)  and nonevents (dependent = 0) .  

The � Index is therefore the proportion of all pairs consisting of both an event and 

nonevent, for which the predicted probability was higher for the event than the 

nonevent (Harrell, 2001).  Values for the c Index range between 0.5 and 1.  A value of 

0.5 indicates completely random prediction, while a value larger than 0.9 is 

considered excellent prediction.  Finally, all of the measures of association were 

calculated with the "Design" package in R (Harrell, 2009). 

Plot Prediction Accuracy:  A prediction accuracy plot is typically used when a 

classification table is part of the stated goal of the analysis.  This study will not 

require a classification table, but the measures associated with its calculation are 
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useful as another assessment of goodness-of-fit.  Classification tables are derived by 

comparing the event outcome of each observation with the event outcome of each 

prediction.  An event outcome takes on the values of the dependent variable.  I.e. a 

value of one corresponds to an event occurring, and a value of zero to a nonevent.  

The dependent variable of a logistic regression model however is not an event 

outcome, but rather a probability of the event occurring.  Converting a probability to 

an event outcome therefore requires a probability cut-point value.  Probabilities 

above the cut-point will then be classified as an event, and those below as a 

nonevent.  Unfortunately the classification is entirely dependent on the cut-point 

selection, since the probability distributions are often skewed (Hosmer & Lemeshow, 

2000).  To overcome this obstacle, cut-points are selected based on maximizing 

sensitivity and specificity.  Sensitivity is defined as the proportion of predictions that 

were correctly classified as an event, and specificity as the proportion correctly 

classified as a nonevent.  Maximizing sensitivity and specificity requires simultaneous 

consideration of all possible cut-points.  One way of achieving this is through a 

"receiver operating characteristic" (ROC) curve.  This curve plots sensitivity against 

1 − specificity  (one minus specificity) for cut-points between zero and one.  

1 − Specificity is the proportion of predictions incorrectly classified as events.  Thus 

using the ROC curve it is possible to determine an estimate of the optimal cut-point, 

as well as measures such as sensitivity, specificity, predictive value positive (PV +), 
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predictive value negative (PV −), and area under curve (AUC).  The AUC is a measure 

of the discriminatory power of the model.  Its value is the same as the c index 

discussed earlier, so it won't be elaborated on further.  Of interest though are the 

PV + and PV − values.  The PV + is the probability that an event occurred when the 

model predicted it, and PV − the probability that a nonevent occurred when the 

model predicted it.  All of the above were obtained through "Epi" package in R 

(Carstensen et al., 2009). 

Regression Diagnostics:  Measures such as goodness-of-fit are used to assess 

the fit of the proposed model to the whole data set, typically using a single statistic.  

For regression diagnostics, fit assessment is evaluated for each observation point, 

thus resulting in a statistic for each observation.  The purpose of regression 

diagnostics is to identify observations that do not fit the proposed model well, or 

have unusual influence on the proposed model (Hosmer and Lemeshow, 2000).  The 

tests proposed here are designed to be calculated on a covariate pattern level, i.e. 

values of independent variables should be aggregated into unique covariate patterns.  

However, it was expected that at least one of the independent variables in the final 

model would be continuous, which would result in the number of covariate patterns 

(J) being approximately equal to the sample size (J ≈ n).  In such a case it is not 

necessary to aggregate independent variables into covariate patterns (Hosmer and 

Lemeshow, 2000). 
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Three statistics are recommended for regression diagnostics on logistic 

regression models (Hosmer and Lemeshow, 2000), namely the change in estimated 

coefficients due to deletion of covariate pattern � :∆@D�<, the change in Pearson's chi-

square due to deletion of covariate pattern � :ΔΧ�+<, and the change in deviance due 

to deletion of covariate pattern � :∆��<.  The first step in determining these statistics 

was to calculate the Pearson :��< and deviance :&�< residuals for each covariate 

pattern �, as well as ��� component of the hat-matrix :ℎ�< corresponding to covariate 

pattern �.  As noted earlier, it was expected that at least one of the independent 

variables would be continuous.  The assumption was therefore made that the total 

number of covariate patterns (�) would equal G.  It was therefore not necessary to 

calculate �� , &�  and ℎ�  on a covariate basis, and it was sufficient to use the standard 

functions associated with each of these.  In this study they were calculated with the 

"Design" package in R (Harrell, 2009).  Once these values were established, ∆@D�, ΔΧ�+ 

and ∆��  were calculated as follows in R (Hosmer and Lemeshow, 2000): 

 ∆@D� = ��+ℎ�:1 − ℎ�<+ 
3-13 

 ΔΧ�+ = ��+
:1 − ℎ�< 

3-14 

 ∆�� = &�+:1 − ℎ�< 
3-15 



126 

 

These statistics are best evaluated by plotting each of them against the 

estimated logistic probability :t*�<.  Large residuals are then visually identified as 

those that are separated from the main mass of points.  In addition, the upper 

ninety-fifth percentile of the distributions of ΔΧ�+  and ∆��  is 3.84  (Hosmer and 

Lemeshow, 2000), thus we would expect less than five percent of the values to 

exceed this threshold.  For ∆@D�, a threshold of 1 is typically used (Hosmer and 

Lemeshow, 2000). 

Model Validation:  The validation techniques used were the same as those 

for the linear regression, which has been described in detail in section 3.6.1. 

3.7 Modeling Data Preparation 

The next step in the analytical framework was to prepare the data sets that 

were required for the Chance-Constrained Programming models.  The objectives for 

this step were twofold.  The first objective was to adjust the yield tables for 

inventory, timber yield and structure to obtain a better alignment between planned 

and actual, and to therefore remove as much uncertainty from predictions as 

possible.  The second objective was to gather estimates of the remaining prediction 

uncertainty, by incorporating the standard error of expected values into the analysis.   
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This section will be discussed in two parts.  The first will deal with the 

methods used to adjust the yield tables, while the second will deal with estimation of 

prediction uncertainty. 

3.7.1 Yield Table Adjustment 

Two methods of yield table adjustment were used, namely the One Step 

Approach and the Two Step Approach.  The method selected depended on the 

nature of the data that was being adjusted.  These two methods are discussed in 

further detail below. 

3.7.1.1 One Step Approach 

This method was used on those yield tables for which it was not possible to 

perform a between-period comparison of yield table values.  This was the case for 

the partial cut and structure yield tables.  In these tables, it was either not possible to 

calculate a rate of change between periods, or such calculation was not logically 

interpretable. 

This method started with the extraction of the original yield table from the 

HnH Model Data.  This table contained predictions of yield, organized along strata 

number, management prescription number, and time period.  Each strata number 

was also associated with a unique vegetation type.  Once the yield table was 

extracted, the appropriate regression model was applied to all predictions within the 
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original yield table, using values from the original yield table as well as other 

variables.  Where appropriate, strata with parameters that fell outside of those used 

in the regression analysis were filtered out.  The purpose of this step was to avoid 

extrapolation of regression model predictions, where appropriate.  The final product 

was an adjusted yield table.  

3.7.1.2 Two Step Approach 

This method was used on those yield tables for which it was possible to 

perform a between-period comparison of yield table values.  This was the case for 

the inventory and modified clear-cut yield tables.  For these tables the adjustment 

process consisted of two steps, namely current state and future state. 

Deriving the current state of a yield table began with extracting the original 

yield table from the HnH Model Data.  This table contained predictions of yield, 

organized along strata number, management prescription number, and time period.  

Each strata number was also associated with a unique vegetation type.  Once the 

yield table was extracted, a number of filters were passed over the records to 

prepare them for entry into the regression models.  The first was to extract only the 

current inventory, by filtering out the entries associated with Period 0.  It was 

determined that the regression model should only be applied to a single period, since 

re-applying it to each time period would eventually require extrapolation of the 
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regression models.  Also, applying the regression model to the current period instead 

of a later one would limit the exposure to the uncertainty contained in the Forest 

Vegetation Simulator (FVS).  Once the values for Period 0 were extracted, the next 

step was to filter out those strata with parameters that fell outside of those used in 

the regression analysis.  Once again, the purpose of this step was to avoid 

extrapolation of regression model predictions.  Once this step was completed, the 

final step was to apply the regression model to the filtered data, using the original 

prediction and other variables used by the regression model.  The final product was 

an adjusted Period 0 yield value for all strata falling within the range of the regression 

model variables.  

The next step in preparing the yield tables was to predict the future state of 

all combinations of period, stratum and prescription.  It was mentioned in the 

previous section that it would not be possible to adjust each period using the 

regression models, since it would lead to extrapolation beyond the observed data.  

The alternative therefore was to grow the adjusted current state forward using the 

Period-on-Period rate of change from the original yield tables.  The formulation for 

this method was as follows: 

 �� = Q(���|���) '�� A = 0 

�C = �CnJ ∙ ��C��CnJ  '�� A = 1, ⋯ ,30 

3-16 
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Where: 

�C = Final yield table prediction for Period A  
��C = Original yield table prediction for Period A 

��C = New yield table prediction from regression model for Period A 

A = 0, ⋯ ,30 

This method produced yield curves that were essentially a parallel shift from 

the original.  As such, the adjustment over time was not drastic.  It could be argued 

that this method of adjusting future predictions is inappropriate, and that a more 

acceptable method would have been to grow the adjusted current condition forward 

through a vegetation simulator.  Unfortunately, for this study, data was only available 

at a summarized stand level, which would have been insufficient for vegetation 

simulators. 

3.7.2 Prediction Standard Errors 

Prediction standard errors are typically used in statistical inference to derive a 

probabilistic interval (prediction interval) for future outcomes from the same 

population used for model building.  It is important to distinguish between the 

standard error of prediction and the standard error of the estimated mean.  Here the 

standard error of the estimated mean only refers to the error in the mean response, 

while the standard error of prediction refers to the error in predicting the outcome 

for a particular individual within the population (Ramsey and Schafer, 1997).  The 
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standard error of prediction is therefore typically larger than the standard error of 

the estimated mean, and is the appropriate standard error to use when dealing with 

predictions. 

Two methods of estimating the standard errors of yield table predictions 

were used, depending on whether linear or logistic regression was used to derive the 

relevant prediction.  The preparation of prediction standard errors will therefore be 

discussed under two headings, namely linear regression and logistic regression. 

3.7.2.1 Linear Regression 

The formula for calculating the prediction standard error from a simple linear 

regression model was as follows (Kmenta, 1997; Ramsey and Schafer, 1997): 

 )*h*(�w) = �)*+ s1 + 1G + (o� − ob)+
∑ IC¡+ u 

3-17 

Where, 

l*(o�) = @D� + @DJo� 

)*+ = Estimate of Standard Error of Residuals 

G = Observation Count 

o� = SpeciFied Value of oC 
ob = Average Value of oC 
IC¡ = oC − ob 
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This shows that the standard error of prediction is a function of the 

independent variable, and it will be smaller for larger G , larger dispersion of 

independent variable �∑ IC¡+�, and smaller difference between o� and ob. 

This formula can also be expanded to the multiple regression case.  This 

formula was as follows (Kmenta, 1997): 

 

)*h*��w� =
¥¦¦
¦¦¦¦¦
¦¦§ )*+ + )*+G + ¨�o�L − obL�+Var© :@DL<

L+2 ¨:o�� − ob�<(o�L − obL)Cov© :@D�, @DL<
�ªL

 
3-18 

Where, 

l*(o�) = @D� + @DJo�J + ⋯ + @D«o�« 

�, M = 1,2, ⋯ , g; � < M 

For this study, a prediction standard error was calculated for each value in 

each yield table.  These errors were calculated with the "predict" function in R (R 

Development Core Team, 2009), which required a set of independent variables for 

each prediction and standard error.  This presented a problem on two fronts.  Firstly, 

for some of the yield tables the regression equation was only used to adjust the 

current period, which implied that the required independent variables did not exist 

for subsequent periods.  Secondly, some strata were not adjusted to avoid 

extrapolation of the regression model, which implied again that the required 

independent variables did not exist.  To calculate predictions and standard errors, 



133 

 

independent variables were therefore generated through backwards solving of the 

regression equation.  This reinstated the original independent variables for those 

yield table entries that were adjusted, and generated theoretical reference variables 

for those that were not.   

As noted earlier, the "predict" function in R was used to generate the 

prediction standard errors.  The output from this function was a prediction interval 

for the given yield table value, which was transformed to a prediction standard error 

through the following relationships: 

 )*h*��w� = m − m®¯"B°n«,± +⁄  

)*h*��w� = m²T" − mB°n«,± +⁄  

3-19 

 

Where, 

m = Predicted Value of m 

m®¯", m²T" = Prediction Interval 
´ = Probability Level 
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3.7.2.2 Logistic Regression 

The formula for calculating the prediction standard error of the logit :l*�I�< 

from a simple logistic regression model was as follows (Hosmer and Lemeshow, 

2000): 

 )*h*��w� = ¶·Y�© :@D�< + o�+·Y�© :@DJ< + 2o�¸�¹© :@D�, @DJ< 
3-20 

 

Where, 

l*�o�� = @D� + @DJo� 

o� = SpeciFied Value of oC 
The standard error of the logit prediction can then be converted to a standard 

error of probability prediction :t�I�< through the following standard relationship: 

 t�o�� =  h*��w�
1 +  h*��w� 

3-21 

The standard error of the logit prediction can be extended to the multiple 

logistic regression case.  This formula was as follows (Hosmer and Lemeshow, 2000): 

 )*h*��w� = �¨ o�L+ ·Y�© :@DL<L + ¨ ¨ 2o�Lo��¸�¹© :@DL , @D�<�ºLL  3-22 

Where, 

l*�o�� = @D� + @DJo�J + ⋯ + @D«o�« 

�, M = 0,1, ⋯ , g; � > M 
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The standard error of probability prediction :t�I�< can then be obtained 

through the relationship with l*�I� expressed earlier.  For this study, a prediction 

standard error was calculated for each value in each yield table.  Determining these 

errors did not require the calculation of theoretical independent variables (as was the 

case with the linear regression models), since all independent variables were entered 

"as is" into the regression model.  Prediction standard errors were therefore 

calculated with the "predict" function in R, by using the "se.fit" attribute returned 

from this function (R Development Core Team, 2009). 

3.8 Chance-Constrained Programming 

3.8.1 Overview 

The final step in the modeling framework was to use the estimates of 

expected outcomes and uncertainty from the previous steps in an optimization 

routine that considered both.  This study utilized a mathematical programming 

technique called Chance-Constrained Programming to solve the land management 

problem, since it guarantees a globally optimal solution under the right 

circumstances and generates variables such as slack, reduced cost and shadow price 

for assessing solution sensitivity (Davis and Johnson, 1987).  Other techniques, such 

as random search algorithms (heuristics), cannot guarantee a globally optimal 

solution and cannot report slack, reduced cost and shadow prices.  These heuristics 
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are however computationally less complex and require less computing resources to 

complete, hence the fact that they are a common choice for forest management 

problems.  However, at the time of this study 64-bit computing has become the norm 

for most desktop computing, making the application of mathematical programming 

to real-world forest management problems far more accessible. 

Chance-Constrained Programming (CCP) was first described by Charnes and 

Cooper (1959, 1962, 1963), and is distinguished from other mathematical 

programming techniques by its ability to incorporate uncertainty in estimates of 

model parameters.  This is best illustrated through a comparison with a Linear 

Programming (LP) formulation, which is defined as follows: 

Maximize: 

 ¨ ��I�
°

�»J  3-23 

 

Subject to: 

 ¨ YC�I� ≥ ¼C
°

�»J for a given A 3-24 

The problem with this approach is that the LP parameters :�� , YC� , ¼C< are 

treated as fixed measurements that are known with certainty (Hof et al., 1992).  This 

is seldom the case in natural resource management.  An alternative is to use CCP, 
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which treats the model parameters as random variables, distributed on a 

predetermined probability distribution (Charnes and Cooper, 1959).  A number of 

CCP formulations have been defined over time, depending on which model 

parameters are considered to be random (Hof and Pickens, 1991; Hof et al., 1992; 

Taha, 2007).  For this study, only the yield coefficients (A-matrix) were considered 

random.  Under this assumption, the deterministic constraints from the LP model is 

reformulated into a series of  probabilistic constraints: 

 � ½¨ Y¾C�I� ≥ ¼C
°

�»J ¿ ≥ �C  for a given A 3-25 

Here, �C  represents the probability of meeting the constraint, while Y¾C� 

represents the random A-matrix.  For this study, Y¾C� will be normally distributed with 

mean Y¾C� and variance/covariance )C��+ .  The above probabilistic constraints can then 

be reformulated to the deterministic non-linear equivalents (Hof and Pickens, 1991; 

Hof et al., 1992; Weintraub and Abramovich, 1995; Taha, 2007): 

 ¨ Y¾C�I�
°

�»J + ÀC ½¨ ¨ I�I�)C��+°
�»J

°
�»J ¿

J +Á
≥ ¼C  for a given A 

3-26 

Here ÀC  is the z-value (standard normal deviate) associated with meeting the 

constraint, such that (Hof et al., 1992; Weintraub and Abramovich, 1995): 

 �C = jC�ÀC� = 1 − ��ÀC� 3-27 
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Where ��ÀC� is the closed form of the standard normal cumulative density 

function, defined as: 

 ��ÀC� = 1√2t Ã  nÄÅ +⁄ÆÇ
nÈ &É 

3-28 

From this it is evident that the CCP constraints are non-linear, which 

introduces the potential to select local optima instead of global optima during 

optimization.  It has however been shown that the above mathematical program is 

convex for all ÀC ≥ 0.5, and therefore only have one optimum (Van de Panne and 

Popp, 1963; Wets, 1983). 

3.8.2 Simplifying Assumptions 

One of the objectives of this study was to apply CCP to a real-world forest 

management problem in order to assess both the technical feasibility of building such 

a model, as well as the computational feasibility of solving it.  The study area 

therefore consisted of almost 5,500 stands, each with two prescription options being 

modeled over thirty time periods.  The resulting models were therefore extremely 

large and required a number of simplifying assumptions to facilitate both model 

construction and solving.  In particular these pertained to the analysis unit, the 

covariance between the decision variables :I�<, and the approximation of the 

standard normal cumulative density function :��ÀC�<. 
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3.8.2.1 Analysis Unit 

Firstly, in order to reduce the overall size of the model, it was decided to 

perform the analysis at a stratum level rather than a stand level.  Stands were 

therefore aggregated into stratums, which were defined by both the existing and 

regeneration stratum (I.e. stands were grouped on both the existing and 

regeneration stratum).  This reduced the number of analysis units from 5,452 stands 

to 3,234 strata.  The rationale behind this decision was that stands were not 

modeled as discrete entities, since there were no binary variables controlling the 

flow of whole stand units through the model.  Instead, the only true way that the 

model would have been able to distinguish between acres was on stratum, since this 

was the only mechanism that differentiated yields between analysis units.  Therefore, 

performing the analysis at the stratum level should, in theory, deliver the same 

results as the stand level analysis.  The only drawback of this approach is that results 

cannot be tied back to individual stands, but this would have been an arbitrary 

benefit since the model could potentially have split the stands into smaller parts. 

3.8.2.2 Covariance 

The second assumption was that the covariance between the I�  (within-row) 

equaled zero.  Within the field of forest management, this type of covariance 

typically refers to the correlation that theoretically exists between the stochastic 
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yield coefficients of stands that are in close proximity to each other (Hof et al., 1996).  

An assumption of zero within-row covariance reduced equation 3-26 to the following 

simplified form (Hof et al., 1992): 

 ¨ Y¾C�I�
°

�»J + ÀC ½¨ I�+�C�+
°

�»J ¿
J +Á

≥ ¼C  for a given A 
3-29 

Here �C�+  is the variance associated with each Y¾C�.  Hof et al. (1992) and 

Weintraub and Abramovich (1995) argued that this is a reasonable assumption, since 

only the covariance associated with cause-effect relationships should be included in 

the model.  They argue that, depending on model formulation, the within-row 

coefficients are either the result of mutually exclusive events or are based on 

separate land parcels.  In such a case where there is no direct interaction, it is safe to 

assume that the covariance is zero.  In this study the individual stands were 

aggregated into strata with equal growth potential, which by definition has no spatial 

location.  The assumption of zero within-row covariance was therefore defendable in 

light of the fact that there was no mechanism whereby the stochastic yield 

coefficients could interact.   

A general assumption in all chance-constrained formulations is that the 

between-row covariance is zero.  In this planning problem, this type of covariance 

typically refers to the theoretical correlation that exists between planning periods, 

i.e. the stochastic yield in one period should be correlated with the next.  The major 
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reason for assuming zero between-row covariance is that its inclusion would result in 

an intractable problem (Hof et al., 1992; Weintraub and Abramovich, 1995).  To 

examine the potential consequences of excluding this type of correlation, this study 

utilized a post-optimality method to assess the impact of between-row covariance.  

This method utilized simulation to apply between-row covariance to a CCP solution.  

The first step was to estimate the between-row covariance of modified clear-cut 

volumes for each stratum, as well as the between-row covariance of complex 

structure for each stratum.  This was achieved by creating 1,000 random 

observations of each yield coefficient in each of the 30 time periods.  These 

observations were then used to generate two linear regressions for each stratum, 

namely one that regressed modified clear-cut volume against time period, and one 

that regressed probability of complex structure against time period.  Each of these 

regression models returned a coefficient of determination ��+�, the root-square of 

which returned the Pearson product-moment correlation coefficient ���.  The second 

step was to simulate the impact of correlated coefficients on a solution returned by 

the CCP.  This process started by generating random observations of the first clear-

cut and structure coefficients associated with each I� .  The yield coefficients 

associated with each I�  in the periods that followed were then determined using the 

method presented by Mykytka and Cheng (1994) for generating random correlated 
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variables.  Given two random variables o  and m , with correlation � , the 

transformation was as follows: 

 m+ = �)Ê)� o + Ë1 − �+m − �)ÊÌ�)� + X1 − Ë1 − �+_ ÌÊ  3-30 

Where: 

m+ = Correlated random observation of the given yield coefFicient 

m = Un-correlated random observation of the given yield coefFicient 

o = Random observation of the First occurrence of the given yield coefFicient 

ÌÊ = Expected value of m 

Ì� = Expected value of o 

)Ê = Standard error associated with m 

)� = Standard error associated with o 

� = Pearson product-moment correlation coefFicient  

The application of this transformation started by generating a random 

observation �m� of the yield coefficient, using its expected value �ÌÊ� and standard 

error �)Ê�.  This observation was then transformed by using the random observation 

�o� of the first occurrence of the yield coefficient for I�, the expected value of o 

�Ì��, the standard error of o �)��, and the Pearson product-moment correlation 

coefficient ���.  This process was repeated for each I�.  The process was repeated 

100 times to create 100 simulations of clear-cut volume and acres of complex 

structure for each period. 
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3.8.2.3 Standard Normal 

Some of the CCP formulations applied in this study utilized a random 

probability of meeting a given constraint.  This probability was implemented through 

a variable standard normal deviate term, which was determined through the 

optimization process.  These models therefore required a simple and efficient 

function for calculating the associated probabilities, since a simplified function 

reduces both model complexity and computational resources required.  It was 

therefore decided not to use the closed form of the standard normal cumulative 

density function, but rather some form of approximation.  In this regard, Hof et al. 

(1992) evaluated both a logistic and polynomial approximation.  They found that the 

results from both were acceptable, but that the polynomial generally performed 

better.  The logistic approximation was however far simpler to implement, and it was 

therefore selected to approximate the cumulative distribution function.  It was 

defined as follows (Hof et al., 1992): 

 jC�ÀC� = 1 − ��ÀC� ≈ 1 − 11 +  nÆÇ �.Ï⁄  
3-31 

 

3.8.3 Model Formulations 

The following models were developed to answer the research questions 

posed by the project.  Models were developed in an incremental manner, starting 
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with an LP formulation which was incrementally expanded to various CCP 

formulations.  Al models were constructed in the General Algebraic Modeling System 

(GAMS) version 23.3.2, using a desktop computer with an 2.83 GHz Intel® Core™2 

Quad CPU with 8 GB of memory and a 64-bit operating system (Windows 7 

Professional).  Although this computer was custom built and towards the higher end 

of functionality and price (±$1,000 in 2008) for desktop computers, it was much less 

expensive than dedicated workstations and dealt with the models adequately.  This 

highlighted the point that standard desktop computers are now more than able to 

deal with large complicated mathematical programming models.  LP models were 

optimized with the CPLEX solver, while the CONOPT solver was used for the non-

linear CCP models. 

3.8.3.1 Linear Programming Model 

The first step in the mathematical modeling analysis was to prepare an LP 

formulation for the land management problem.  The purpose of this model was 

twofold.  Firstly, it served as a benchmark for comparing the results from the CCP 

formulations, as well as for checking the logical consistency of the model.  Secondly, 

it was used to create an advanced basis for later models.  An advanced basis is an 

information file that contains shadow prices, variable levels and reduced costs for a 
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given model solution.  It can be used as an optimization "starting point" for 

subsequent CCP formulations, which dramatically accelerates the solution process.   

The objective of this model was to maximize the first period harvest.  It was 

defined as follows: 

Maximize: 

 >WL 

for M = 1 

3-32 

Subject to: 

 − ¨ IR C�L� + ¨ ¨ I"C�LÐÑÑ� − ¨ ¨ I"C�ÒLÒ� = 0 

∀ A, M, with M¡ = M + 1 

3-33 

 ¨ ¨ IR C�LL� = ÔC  

∀ A 

3-34 

 ¨ ¨ ¨ IR C�LL�C = ÔWVW  3-35 

 ¨ ¨ ¨ IRC�LÐHRÕC�LLÐ�C + ¨ ¨ ¨ ¨ I"C�ÒLÐH"ÕC�ÒLLÐÒ�C = �L 

∀ M, with r ≤ M < M¡ 
3-36 

 �L > �R×Ø  

∀ M = g 

3-37 
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 ¨ ¨ IRC�LHRSC�L�C + ¨ ¨ ¨ I"C�ÒLH"S C�ÒLÒ�C = >SL 

∀ M 

3-38 

 ¨ ¨ ¨ IRC�LÐHRTC�LLÐ�C + ¨ ¨ ¨ ¨ I"C�ÒLÐH"TC�ÒLLÐÒ�C = >TL 

∀ M, with M¡ > M 

3-39 

 ¨ ¨ ¨ IRC�LÐHRZC�LLÐ�C + ¨ ¨ ¨ ¨ I"C�ÒLÐH"ZC�ÒLLÐÒ�C = �L 

∀ M, with r ≤ M < M¡ 
3-40 

 �L > �TÔWVW  

∀ M ≥ 16 

3-41 

 >SL + >TL = >WL  

∀ M 

3-42 

 >WL ≤ >WLÐ  

∀ M, with M < g, M¡ = M + 1 

3-43 

 M ≥ �C 
∀ A 

3-44 

 Ù − r ≥ jSÕ× 3-45 

 I"C�ÒÑHRTC�LÐ = 0 

∀ A, �, M, with M < g, M¡ = M − 1 

3-46 
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 I"C�ÒÑH"TC�ÒÑÐ = 0 

∀ A, �, r, Ù, with Ù¡ = Ù − 1 

3-47 

Where, 

A = Stratum identiFier 1,2, … , � 

� = Prescription identiFier 1,2, … , � 

M = Existing stratum modiFied clear-cut period 1,2, … , g 

r = Regenaration period 1,2, … , g + 1 

Ù = Regeneration stratum modiFied clear-cut period 1,2, … , g + 1 

�R×Ø = Ending inventory threshold 

�T = Structure percentage goal 

jSÕ× = Minimum harvest age 

ÔWVW = Total acres 

ÔC = Stratum A acres 

�C = First period that stratum A can be harvested 

>SL
= Total harvest volume from modiFied clear-cut for period M 

>TL
= Total harvest volume from partial cut for period M 

>WL
= Total harvest volume for period M 

�L = Total inventory in period M 

�L = Total acres of complex structure for period M 

IR C�L
= Existing acres from stratum A, on prescription �,  



148 

 

= harvested in period M 

I"C�ÒÑ = Regenerated acres from stratum A, on prescription �,  
 = planted in period r, harvested in period Ù 

HRÕ C�L = Existing inventory from stratum A, on prescription �,  
= harvested in period M 

H"ÕC�ÒÑ = Regenerated inventory from stratum A, on prescription �,  
 = planted in period r, harvested in period Ù 

HRS C�L = Existing modiFied clear-cut volume from stratum A, 
= on prescription �, harvested in period M 

H"SC�ÒÑ = Regenerated modiFied clear-cut volume from stratum A, 
= on prescription �, planted in period r, harvested in period Ù 

HRTC�L = Existing partial cut volume from stratum A, 
= on prescription �, harvested in period M 

H"TC�ÒÑ = Regenerated partial cut volume from stratum A, 
= on prescription �, planted in period r, harvested in period Ù 

HRZC�L = Probability of existing acres from stratum A, on prescription �,  
=  harvested in period M reaching complex structure  

H"ZC�ÒÑ = Probability of regenerated acres from stratum A, on prescription �, 
=  planted in period r, harvested in period Ù reaching complex structure 
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The decision variables for this model can be separated into two groups, namely 

existing and regenerated.  Here the "existing" group represents acres from strata 

currently on the landscape, while the "regenerated" group represents acres from 

future strata.  The flow of acres between these two groups was constrained by 

equation 3-33, which ensured that all acres harvested in a given period (existing or 

already regenerated) had to be regenerated in the following period.  Equation 3-34 

constrained the acres that entered the model to what was available for each stratum, 

while equation 3-35 served as an accounting variable for total stratum acres.  

Equation 3-36 was an accounting variable for total standing inventory in each period, 

while equation 3-37 constrained the inventory in Period 30 (ending inventory) to 

above a predefined threshold level.  This threshold level was determined through 

inventory modeling exercises within the ODF, and essentially establishes the 

inventory level that should be retained to operate at a sustainable harvest level.  

Equations 3-38 and 3-39 served as accounting variables for volume of timber 

harvested respectively from modified clear-cuts and partial cuts in each period.  

Equation 3-40 served as an accounting variable for total acres of complex structure in 

each period, while equation 3-41 constrained the percentage complex structure to be 

larger than 40% from Period 16 onwards.  Here acres of complex structure was 

defined as the expected acres of a complex structure, and was therefore calculated 

by multiplying the product of the probability of a stratum being in complex structure 
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in a given period under a given management prescription, with the acres of the 

stratum under the given management prescription in the given period.  Equation 

3-42 was an accounting variable for the total harvest volume in a given period, while 

equation 3-43 established non-declining flow (NDF) from one period to another.  

Here NDF is defined as a total harvest volume that never decreases from one period 

to another.  Equation 3-55 constrained the first period that an existing stratum can 

be harvested to the period in which it reached the minimum harvest age, while 

equation 3-45 ensures that regenerated strata are not harvested below the minimum 

harvest age.  Finally, equations 3-46 and 3-47 constrain modified clear-cut harvests 

from existing and regenerated strata to never follow a period in which a thinning 

occurred. 

3.8.3.2 Individual Chance-Constraints 

The next step was to prepare a CCP model with predetermined and fixed 

chance-constraints for total harvest volume and structure.  The purpose of this 

model was to determine the maximum harvest volume and area of complex 

structure that could be sustained under predetermined probabilities for total volume 

and structure.  A secondary purpose was to investigate the interaction between the 

harvest volume probability and the complex structure probability.  This model was 

constructed by making the following changes to the LP model: 
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Maximize: 

 >ÝL 

for M = 1 

3-48 

Subject to: 

 >WL + ÀÞ ½¨ ¨ IR+C�L� HRSR+ C�LC + ¨ ¨ ¨ I"+C�ÒLÒ H"SR+ C�ÒL�C
+ ¨ ¨ ¨ IR+C�LÐLÐ

HRTR+ C�L�C
+ ¨ ¨ ¨ ¨ I"+C�ÒLÐLÐ

H"TR+ C�ÒLÒ�C ßJ +Á = >ÝL 

∀ M, with M¡ > M 

3-49 

 �L + ÀZ ½¨ ¨ ¨ IR+C�LÐHRZR+ C�LLÐ�C

+ ¨ ¨ ¨ ¨ I"+C�ÒLÐH"ZR+ C�ÒLLÐÒ�C ßJ +Á = �ÝL  

∀ M, with M = 16 and r ≤ M < M¡ 

3-50 

 >ÝL ≤ >ÝLÐ  

∀ M, with M < g, M¡ = M + 1 

3-51 

Where: 

ÀÞ = Standard normal deviate for total volume 
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ÀZ = Standard normal deviate for structure 

>ÝL = Chance-constrained total harvest volume for period M 
�ÝL = Chance-constrained total complex structure acres for period M 

HRSR C�L = Standard error of existing modiFied clear-cut volume from stand A, 

= on prescription �, harvested in period M 

H"SRC�ÒÑ = Standard error of regenerated modiFied clear-cut volume from stand A, 

= on prescription �, planted in period r, harvested in period Ù 

HRTR C�L = Standard error of existing partial cut volume from stand A, 

= on prescription �, harvested in period M 

H"TRC�ÒÑ = Standard error of regenerated partial cut volume from stand A, 

= on prescription �, planted in period r, harvested in period Ù 

HRZR C�L = Probability standard error of existing acres from stand A,   

=  on prescription �,harvested in period M reaching complex structure 

H"ZRC�ÒÑ = Probability standard error of regenerated acres from stand A,  

=  on prescription �, planted in period r, harvested in period Ù  

=  reaching complex structure 

This formulation was largely based on the work of Hof et al.(1992).  Here, the 

objective was to maximize the first period chance-constrained harvest volume 

(equation 3-48).  Equations 3-49 and 3-50 calculated the chance-constrained harvest 

levels :>ÝL< and complex structure acres :�ÝL<, given a fixed probability for harvest 
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volume �ÀÞ� and complex structure acres �ÀZ�.  Equation 3-51 established a non-

declining flow of chance-constrained harvest volumes. 

The first assumption contained within this model was that the within-row 

covariance is zero.  This was justified by the fact that the stands were aggregated into 

strata, and that the concept of covariance between strata is illogical.  The second 

assumption was that the between-row covariance is also zero.  This assumption was 

purely made for the sake of ensuring a tractable problem, and has no theoretical 

motivation.  The consequences of this assumption will be described through a post-

optimality analysis, which will simulate the impact of between-row covariance on the 

model results. 

This model formulation also does not allow for any recourse actions, i.e. 

corrective actions after the realization of uncertainty.  Recourse is a tool that is 

widely used in forest management.  It was however argued that the exclusion of 

recourse was justified in these models, since the Board of Forestry and ODF are 

entrusted with making and applying long range forest management plans, which 

makes them publically accountable for the commitments they made for harvest 

volumes and forest structure. 

Finally, each of the models will be executed with two predetermined standard 

normal deviates.  One for harvest volume and one for structure.  This will allow for 

different probabilities to be associated with either of the model targets, enabling an 
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investigation of the interaction between probability, harvest volume and structure.  

The assumption that is however inherent in this formulation is that forest 

management targets will be sustained across all planning periods with the same 

probability.  A final aspect of this model which should be highlighted is the fact that 

only the harvest volume chance-constraint participates in the objective function. 

3.8.3.3 Chance Maximizing 

The next step was to construct a CCP model that treated the standard normal 

deviates as variables, and then minimized the maximum standard normal deviate in 

order to meet or exceed a predetermined volume or structure target.  The purpose 

of this model was to determine the maximum probability of meeting a given harvest 

volume and structure target.  This model was constructed by making the following 

changes to the LP model: 

Minimize: 

 à 3-52 

Subject to: 
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 >WL + áÞL ½¨ ¨ IR+C�L� HRSR+ C�LC + ¨ ¨ ¨ I"+C�ÒLÒ H"SR+ C�ÒL�C
+ ¨ ¨ ¨ IR+C�LÐLÐ

HRTR+ C�L�C
+ ¨ ¨ ¨ ¨ I"+C�ÒLÐLÐ

H"TR+ C�ÒLÒ�C ßJ +Á ≥ >WL 

∀ M, with M¡ > M 

3-53 

 �L + áZL ½¨ ¨ ¨ IR+C�LÐHRZR+ C�LLÐ�C

+ ¨ ¨ ¨ ¨ I"+C�ÒLÐH"ZR+ C�ÒLLÐÒ�C ßJ +Á ≥ �TÔWVW 

∀ M, with M = 16 and r ≤ M < M¡ 

3-54 

 à ≥ áÞL 3-55 

 à ≥ áZL 3-56 

Where: 

áÞL = Standard normal deviate for total volume in period M 

áZL = Standard normal deviate for structure in period M 

>WL = Total harvest volume target for period M 
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à = Maximum standard normal deviate for total volume and structure 

This formulation was largely based on the work of Hof et al.(1992).  Here, the 

objective was to minimize the maximum observed standard normal deviate 

(equation 3-52).  This essentially maximized the probability of achieving equations 

3-53 and 3-54, where these equations calculated the standard normal deviate 

associated with the given targets for harvest volume :>WL< and structure (�TÔWVW) 

in period M.  Equations 3-55 and 3-56 established the maximum observed standard 

normal deviate. 

The first assumption contained within this model was that the within-row 

covariance is zero.  This was justified by the fact that the stands were aggregated into 

strata, and that covariance between strata is unlikely.  The second assumption was 

that the between-row covariance is also zero.  This assumption was purely made for 

the sake of ensuring a tractable problem, and has no theoretical motivation.  The 

consequences of this assumption will be described through a post-optimality 

analysis, which will simulate the impact of between-row covariance on the model 

results. 

This model formulation also does not allow for any recourse actions, i.e. 

corrective actions after the realization of uncertainty.  Recourse is a tool that is 

widely used in forest management.  It was however argued that the exclusion of 

recourse was justified in these models, since the Board of Forestry and ODF are 
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entrusted with making and applying long range forest management plans, which 

makes them publically accountable for the commitments they made for harvest 

volumes and forest structure. 

Finally, the formulation of this model incorporated a normal standard deviate 

for the harvest target in each period, as well as the structure target in each period.  

This implies that each chance-constraint can be assigned its own probability.  These 

probabilities are however not independent, since the objective function in 

conjunction with equations 3-55 and 3-56 forces them all above a minimum 

threshold. 

3.8.4 Model Building 

The models used for this study were built in two steps.  The first step involved 

building the data sets that were required to solve the specified model, while the 

second involved building the mathematical logic that defined the specified model. 

All operations involved with building the model data sets were performed in 

MS Access 2007®.  These data sets were based on the yield tables generated in 

section 3.7, as well as the spatial data from the HnH Model Data.  The first step was 

to restrict the analysis to only those land parcels that could be considered for land 

management decisions.  This was done through a series of filters, which removed 

land parcels with erroneous data (null values and nonsensical field values), as well as 
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those outside the administrative boundaries or ODF jurisdiction (fund code 0, 54, 55, 

56, 57, 611), designated for special stewardship consideration (AdminRem code 1), 

could not be logged (logsys code 0), designated as old growth (oldgrowth code 1), 

designated as wildlife habitat (fpa_wild code 1), designated as inside the “special” 

riparian buffer (riparian code 1), designated as critical for Northern Spotted Owl 

habitat (ta_owl code 1, 2), and designated as Marbled Murrelet management areas 

(ta_mmma code 1).  This reduced the total available acres to 182,076.  The next step 

was to aggregate the available land parcels up to the strata level.  The rationale 

behind this step was discussed in section 3.8.2.  Here land parcels were aggregated 

on both existing and regeneration (future) stratum, i.e. only those land parcels with 

identical existing and regeneration stratums were grouped together.  Finally, all of 

these data sets were combined into text files which represented the model scalars 

��R×Ø , �T and jSÕ×, ÀÞ and ÀZ� , sets �A, �, M, r and Ù� , parameters �ÔC and �C�  and 

yield tables �H�. 

The final model building step was to build the mathematical logic on top of 

the data associated with each model.  This was done through the GAMS Integrated 

Development Environment (IDE), which is essentially a scripting environment for 

building and solving mathematical models.  In particular, the IDE was responsible for 

retrieving the model data, building the mathematical model using the relevant 
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mathematical logic, passing the model to a solver for optimization, retrieving the 

solution from the solver, and saving the solution to a retrievable format. 

3.8.5 Model Solving 

The purpose of this modeling exercise was to establish the applicability of CCP 

to large forest management problems, and to assess the impact of uncertainty on 

forest management decisions.  To address these questions, the mathematical models 

formulated earlier were built and solved in the sequence that they were presented, 

i.e. first the LP model, followed by the Individual Chance-Constraints Model, followed 

by the Chance Maximizing Model.  This sequence allowed for the results from the LP 

model to be passed on to the CCP models.  In addition, to address the question 

around the impact of uncertainty on forest management, all of the above models 

were solved under various constraint levels.  In particular, four levels of complex 

structure (20%, 30%, 40% and 50%), four levels of total harvest volume (48, 62, 80 

and 100 MMBF/Year) and four levels of probability (0.6, 0.7, 0.8 and 0.9) were used 

(where appropriate).  The structure levels were chosen arbitrarily around the current 

target of 40%, while the total harvest volume targets were selected to coincide with 

the position of various stakeholders in the forest management plan (section 3.1.5.1).  

The probability levels were chosen to reflect the full spectrum of risk-averse 

attitudes. 
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Model solving therefore started by solving the LP model for the four levels of 

structure listed above.  These solutions were then passed to the Individual Chance-

Constraints models, which were then solved for fixed chance-constraint levels of 0.6 

to 0.9 (incrementing at 0.1).  The results of the LP models were also passed on to the 

Chance Maximizing models, which were solved for all combinations of the structure 

and harvest volume targets listed above.  This created a matrix of outcomes under 

maximized chance which could be used to evaluate the impact of uncertainty, as well 

as the interaction between structure and harvest volume under uncertainty. 

The above models were all run for a minimum period of eight hours.  If in that 

time, the model did either not find an optimal or feasible solution, then the model 

run was abandoned and considered failed.  Models that returned a feasible solution 

without stopping execution at an optimal solution in the eight hours were also 

terminated, and depending on the degree of convergence, their solutions were 

accepted into the project results. 
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4 Results 

The following sections will describe the results that were observed for the 

Regression Analysis, Modeling Data Preparation, and Chance-Constrained 

Programming components of the modeling framework. 

4.1 Regression Analysis 

4.1.1 Inventory 

The purpose of the Inventory Regression Model was to predict actual 

inventory in MBF/Acre, using age, planned inventory, species mix, site group and 

imputation status as independent variables.  The analysis started with examining the 

factorial summaries for the 86 observations of the Inventory Regression Table (listed 

below in Table 4).  From this it was clear that some variable levels were over-

represented (Sale Year "2007", Harvest Type "PC", Species Mix "DX", Impute "Yes"), 

while others were under-represented (Sale Year "2009", Harvest Type "RC", Species 

Mix "1D", "1W", "OT", Impute "No"). 

Table 4:  Initial Indicator Variable Summary for the Inventory Regression Data 

SALE_YEAR SITE_GRP SPC_MIX IMPUTE 

2006:16 1:34 1D: 1 No :19 

2007:41 2:32 1W: 1 Yes:67 

2008:24 3:20 DX:41  

2009: 5  HX:16  

  OT: 3  

  WX:24  
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Upon review of this summary, it was decided to remove all samples of Species 

Mix "1D", "1W" and "OT", since the number of observations at these levels were 

insufficient to use within a regression analysis.  The factorial summaries for the 

remaining 81 observations are listed in Table 5. 

Table 5:  Final Indicator Variable Summary for the Inventory Regression Data 

SALE_YEAR SITE_GRP SPC_MIX IMPUTE 

2006:15 1:30 DX:41 No :18 

2007:39 2:31 HX:16 Yes:63 

2008:22 3:20 WX:24  

2009: 5    

 

The numerical summaries and box-plots for the continuous variables are 

listed and illustrated in Table 6 and Figure 5.  From these it was clear that the 

distributions for AGE, PLANNED_INV and ACTUAL_INV were skewed to the right, with 

respective skewness values of 3.27, 3.64 and 1.73.  The box-plots also showed a 

number of outliers for each variable, the effect of which were considered during 

regression diagnostics.  Also noteworthy is the fact that the means for PLANNED_INV 

and ACTUAL_INV were relatively similar �25.97 and 25.30�, but that the respective 

standard deviations were not �10.76 and 14.03�.  This suggests that there was more 

variability in the actual data than the planned data.  This was supported by the box-
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plots, where the inter-quartile range was larger for the actual data than the planned 

data. 

Table 6:  Final Continuous Variable Summary for the Inventory Regression Data 

 AGE PLANNED_INV ACTUAL_INV 

Mean 53.26 25.97 25.30 

Standard Deviation 14.63 10.76 14.03 

Median 49.96 22.99 21.41 

Trimmed Mean 51.74 24.67 23.01 

Median Absolute Deviation 7.24 5.62 10.34 

Minimum 23.48 10.25 7.10 

Maximum 146.29 96.97 86.20 

Range 122.81 86.71 79.09 

Skewness 3.27 3.64 1.73 

Kurtosis 18.13 20.87 3.67 

Standard Error 1.63 1.20 1.56 
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Figure 5:  Box-Plots for the Continuous Variables of the Inventory Regression Data 

 

The linear relationship between the continuous variables was assessed 

through the scatterplot matrix in Figure 6.  This figure contains a combination of 

variable distribution and correlation information, including histograms, kernel density 

estimates, coefficients of correlation, scatterplots and lowess regression lines.  The 

histograms and kernel density estimates once again illustrated the skewed nature of 

the distributions and the associated outliers.  The correlation coefficients showed 

that AGE was strongly correlated with both PLANNED_INV and ACTUAL_INV 
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(correlation coefficients of 0.78 and 0.67 respectively).  This was an expected result, 

but also implied that AGE could not serve as an independent variable in the Inventory 

Regression Model, since it was too strongly correlated with the primary independent 

variable (PLANNED_INV).  PLANNED_INV was therefore the only continuous 

independent variable carried forward to the rest of the analysis. 

The scatterplot matrix also showed a strong correlation �0.79� between 

PLANNED_INV and ACTUAL_INV.  This relationship was further examined in Figure 7.  

Here the lowess curve suggested a strong relationship, but also a degree of curvature 

in the relationship.  A simple way to deal with this curvature was to transform 

planned inventory through a squared term.  The plot also suggested the presence of 

at least one potential outlier, namely observation number 68. 
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Figure 6:  Scatterplot Matrix for the Continuous Variables of the Inventory Regression Data 

 

Figure 7:  Bi-Variate Plot of Planned Inventory and Actual Inventory 
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The next step was to define a preliminary main effects model.  Based on the 

above results, the preliminary main effects model was declared as follows: 

 Ì}Y_AG¹|;_AG¹, ��¸, �P�, ��ãQ~
= @� + @J;_AG¹ + @+;_AG¹+ + @eℎI + @�äI
+ @ÏAÙ + @dl2 + @ål3 

4-1 

Where: 

Y_AG¹ = Actual inventory (ACTUAL_INV) in MBF/Acre 

;_AG¹ = Planned inventory (PLANNED_INV) in MBF/Acre 

��¸ = Factorial levels of SPC_MIX 

�P� = Factorial levels of IMPUTE 

��ãQ = Factorial levels of SITE_GRP 

ℎI = 1 if ��¸ is HX, 0 otherwise  
äI = 1 if ��¸ is WX, 0 otherwise  
AÙ = 1 if �P� is Yes, 0 otherwise  
l2 = 1 if ��ãQ is 2, 0 otherwise 

l3 = 1 if ��ãQ is 3, 0 otherwise 

Next, the influence of the outliers on the preliminary main effects regression 

model was evaluated.  This was determined through plots of residuals, studentized 

residuals, leverage and Cook's distance.  These plots are shown in Figure 8.  From 
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these plots it was clear that observation number 68 violates the thresholds for both 

leverage �0.1975� and Cook's distance �1.0000� .  It was therefore decided to 

remove observation number 68 from the rest of the analysis.  The studentized 

residuals plot also identified a number of outliers (studentized residual > 2 or < −2).  

In total, there were 4 outliers, which equaled the 5% threshold (It is generally 

accepted that about 5% of observations could be outliers). 

 

Figure 8:  Case-Influence Statistics for the Inventory Preliminary Main Effects Model 

The next step in evaluating the proposed model was to perform a Lack-of-Fit 

F-Test to evaluate the adequacy of a linear regression model on the observed data.  
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preliminary main effects model defined above, and the full model was a separate-

means model.  The separate means model was defined as follows: 

 

 ÌìY_AG¹|;_AG¹C, �� �̧ , �P�L , ��ãQÒí = ÌC�LÒ  4-2 

Where: 

;_AG¹C = Level A of ;_AG¹ 

�� �̧ = Level � of ��¸ 

�P�L = Level M of �P� 

��ãQÒ = Level r of ��ãQ 
ÌC�LÒ=Expected value of Y_AG¹ at levels A, �, M, r 

Note, that ;_AG¹C  was obtained by aggregating planned inventory into 

factorial levels through rounding to zero decimal places.  These models were used in 

a Lack-of-Fit test, which evaluated the following hypotheses: 

>�: Ì}Y_AG¹|;_AG¹, ��¸, �P�, ��ãQ~
= @� + @J;_AG¹ + @+;_AG¹+ + @eℎI + @�äI + @ÏAÙ + @dl2 + @ål3 

>N: ÌìY_AG¹|;_AG¹C , �� �̧ , �P�L, ��ãQÒí = ÌC�LÒ  

The ANOVA results for the Lack-of-Fit test were as follows: 

Table 7:  Lack-of-Fit ANOVA Results for the Inventory Preliminary Main Effects Model 

Model Res.DF RSS DF SS F Pr(>F) 

Reduced     72   4,086.3     

Full     46   2,752.5     26   1,333.7  0.8573  0.6573 
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This test returned an �-statistic of 0.8573.  The proportion of values from an 

�-distribution on 26 and 46 degrees of freedom that would exceed this value is 

0.6573.  This large ;-value therefore provided insufficient evidence to reject >�, 

resulting in the conclusion that there was no lack-of-fit of the preliminary main 

effects model. 

The next step was to derive the main effects model, by testing the 

significance of the coefficients in the preliminary main effects model through B-tests 

and extra-sums-of-squares �-tests.  This analysis started by examining the B-test 

values of the preliminary main effects model: 

Table 8:  Estimates of Regression Coefficients in the Inventory Preliminary Main Effects Model 

Variable Coefficient Estimate Std. Error t value Pr(>|t|) �GB �� ;B  @� 24.6659 10.7785 2.2880 0.0251 ;_AG¹  @J -1.2464 0.8112 -1.5370 0.1288 ;_AG¹+  @+ 0.0428 0.0146 2.9400 0.0044 ℎI  @e -5.2462 2.3590 -2.2240 0.0293 äI  @� 5.0944 2.0907 2.4370 0.0173 AÙ  @Ï 1.5669 2.0867 0.7510 0.4552 l2  @d 1.3086 2.0270 0.6460 0.5206 l3  @å -0.7601 2.4093 -0.3150 0.7533 

 

This model returned an Adjusted �+ value of 0.6262, and a residual standard 

error of 7.5340.  From these results it was evident that the ;-values associated with 

the B-statitsics  of the coefficients for ��ãQ  (l2 and l3)  were relatively large 
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�> 0.05�.  It was therefore necessary to test >�: @6 = @7 = 0.  The ANOVA results for 

the extra-sums-of- squares �-test were as follows: 

Table 9:  Extra-Sums-of-Squares ANOVA Results for Removing SITE from the Inventory Preliminary 

Main Effects Model 

Model Res.DF RSS DF SS F Pr(>F) 

Full     72   4,086.3     

Reduced     74   4,140.5 -2.00 -54.20  0.4775  0.6223 

 

This test returned an �-statistic of 0.4775 and a ;-value of 0.6223, resulting 

in insufficient evidence to reject >�: @6 = @7 = 0 at the 5% level.  SITE was therefore 

not a significant variable, and was removed.  The resulting model coefficients were as 

follows: 

Table 10:  Estimates of Regression Coefficients in the Inventory Preliminary Main Effects Model 

After Removing SITE 

Variable Coefficient Estimate Std. Error t value Pr(>|t|) �GB �� ;B  @� 23.4281 10.4545 2.2410 0.0280 ;_AG¹  @J -1.1534 0.7998 -1.4420 0.1535 ;_AG¹+  @+ 0.0413 0.0144 2.8740 0.0053 ℎI  @e -5.0744 2.2416 -2.2640 0.0265 äI  @� 5.1226 1.9803 2.5870 0.0117 AÙ  @Ï 1.8216 2.0551 0.8860 0.3783 

 

This model returned an Adjusted �+ value of 0.6315, and a residual standard 

error of 7.4800.  From these results it was evident that there was insufficient 

evidence to reject >�: @5 = 0 at the 5% level, since this coefficient returned a t-
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statistic of 0.8860, with an associated p-value of 0.3783.  IMP was therefore not a 

significant variable, and was removed.  The resulting model coefficients were as 

follows: 

Table 11:  Estimates of Regression Coefficients in the Inventory Preliminary Main Effects Model 

After Removing IMP 

Variable Coefficient Estimate Std. Error t value Pr(>|t|) �GB �� ;B  @� 23.6911 10.4354 2.2700 0.0261 ;_AG¹  @J -1.0656 0.7925 -1.3450 0.1828 ;_AG¹+  @+ 0.0398 0.0142 2.7940 0.0066 ℎI  @e -5.3916 2.2097 -2.4400 0.0171 äI  @� 5.1639 1.9769 2.6120 0.0109 

 

This model returned an Adjusted �+ value of 0.6325, and a residual standard 

error of 7.4690.  From these results it was evident that there was insufficient 

evidence to reject >�: @1 = 0 at the 5% level, since this coefficient returned a B-

statistic of −1.3450, with an associated ;-value of 0.1828.  ;_AG¹ was therefore not a 

significant variable, and was removed.  The resulting model coefficients were as 

follows: 

Table 12:  Estimates of Regression Coefficients in the Inventory Main Effects Model 

Variable Coefficient Estimate Std. Error t value Pr(>|t|) �GB �� ;B  @� 9.8663 1.7910 5.5090 <0.0001 ;_AG¹+  @J 0.0209 0.0022 9.6980 <0.0001 ℎI  @+ -5.3886 2.2214 -2.4260 0.0176 äI  @e 5.1466 1.9873 2.5900 0.0115 
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This model returned an Adjusted �+ value of 0.6286, and a residual standard 

error of 7.5090.  From these results it was evident that there was sufficient evidence 

to reject >�: @1 = 0, and  >�: @2 = @3 = 0 at the 5% level, since all the remaining 

coefficients had ;-values that were significantly less than 0.05.  The main effects 

model was therefore defined as follows: 

 Ì}Y�B|;_AG¹, ��¸~ = @� + @J;_AG¹+ + @+ℎI + @eäI 4-3 

The next step was to examine the case-influence statistics once again, to 

ensure that equation 4-3 was not unusually influenced by a particular observation.  

The results are shown in Figure 9.  From this it was evident that observations 

51, 52, 53, 60 and 80  exceeded the leverage threshold �0.1000� .  Of these, 

observations 53 and 58  were flagged with higher than usual influence (Cook's 

distance), but it was still less than the threshold value �1.0000�.  While some 

observations with high leverage were identified, none of them had significant 

influence, which led to the conclusion to accept the results and continue to the next 

step. 
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Figure 9:  Case-Influence Statistics for the Inventory Main Effects Model 
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Figure 10:  Residual Plots for the Inventory Regression Model 

From the above Residuals vs. Fitted plot it was fairly evident that the model 

residuals were homoskedastic, since the distribution of residuals were fairly uniform 

and characterized by a lowess line that was mostly horizontal.  The results from the 

formal tests for homoskedacity are shown in Table 13.  These results show that there 
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the 5% level using Levene's test, but that there was insufficient evidence :;-value =
0.1272 and 0.2000< to reject >� at the 5% level using the Breusch-Pagan and White 

test.  It was therefore safe to conclude that the model residuals were homoskedastic. 
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Table 13:  Formal Tests of Homoskedacity for the Inventory Regression Model 

Test Statistic Value p-Value 

Levene (Brown-Forsythe) 1.8512 0.0741 

Breusch-Pagan 5.6986 0.1272 

White 11.0307 0.2000 

 

From the normal probability plot (Figure 10) it was also fairly evident that the 

residuals were normally distributed, since most of the residuals were located close to 

the H = I line.  The exception was point number 58, which was previously identified 

as an outlier with insignificant leverage and influence (hence it was retained in the 

results).  The results from the formal test for normality are shown in Table 14.  These 

results show that there was sufficient evidence :;-value = 0.0020 and 0.0240< to 

reject >� (residuals normally distributed) at the 5% level using the omnibus tests 

(Shapiro-Wilk and D'Agostino), while there was insufficient evidence :;-value =
0.1213 and 0.1796< to reject >� at the 5% level using the EDF tests (Anderson-

Darling and Cramér-von-Mises).  This suggested that the residuals fitted a normal 

distribution, but that excessive skewness or kurtosis might have been present.  This 

theory was supported by the normal probability plot, where the points aligned with a 

normal curve, bar one outlier (observation number 58).  When this outlier was 

removed, there was insufficient evidence :;-value = 0.8359 and 0.8290< to reject 

>�  at the 5% level using the omnibus tests (Shapiro-Wilk and D'Agostino 
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respectively).  It was therefore safe to conclude that the model residuals were 

normally distributed. 

Table 14:  Formal Test of Normality for the Inventory Regression Model 

Test Statistic Value p-Value 

Shapiro-Wilk 0.9457 0.0020 

D'Agostino 2.2569 0.0240 

Anderson-Darling 0.5880 0.1213 

Cramér-von-Mises 0.0843 0.1796 

 

Next the results from the test for autocorrelation were evaluated.  These are 

shown in Table 15.  From this test it was evident that there is insufficient evidence 

:;-value = 0.2227< to reject >�  of no autocorrelation at the 5% level.  It was 

therefore concluded that the residuals are not serially correlated. 

Table 15:  Formal Test of Autocorrelation for the Inventory Regression Model 

Test Statistic Value p-Value 

Durbin-Watson 1.8528  0.2227 

 

At this stage the main effects model was essentially complete.  A plot of the 

model data and regression lines is shown in Figure 11. 
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Figure 11:  Plot of Inventory Regression Model 
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Table 16:  Cross-Validation Results for the Inventory Regression Model 

Cross-Validation Method Avg. RMSE Lower 95% CI Upper 95% CI 

10-Fold 8.4125 6.4554 9.9934 

Leave-One-Out 8.3808 6.4493 9.9440 

 

The results for the bootstrap validation are shown in Table 17.  The results 

show that the model estimate of residual standard error was fairly close to the 

bootstrapped estimate, with a ratio of 0.9769 for the enhanced bootstrap and 

0.9741 for the .632 bootstrap.  In addition, the slope parameter indicated that the 

average ratio between model predictions and bootstrap predictions was 0.9930 for 

the enhanced bootstrap and 0.9970 for the .632 bootstrap.  In addition, Figure 12 

indicated a good match between model and bootstrap predictions.  It was therefore 

concluded that the predictive capabilities of the Inventory Regression Model was 

satisfactory. 

Table 17:  Bootstrap Results for the Inventory Regression Model 

 
Model 

Enhanced 
Bootstrap .632 Bootstrap 

Adjusted R² 0.6286 0.6080 0.5960 

RMSE 7.5090 7.6867 7.7086 

Intercept  0.2460 0.1230 

Slope  0.9930 0.9970 
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Figure 12:  Predicted vs. Observed Actual Inventory from .632 Bootstrap for the Inventory 

Regression Model 
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under-represented (Sale Year "2009", Harvest Type "RC", Species Mix "1D", "1W", 

"OT", Impute "No"). 

Table 18:  Initial Indicator Variable Summary for the Timber Yield Regression Data 

SALE_YEAR HARV_TYPE SITE_GRP SPC_MIX IMPUTE 

2006:16 MC:27 1:34 1D: 1 No :19 

2007:41 PC:45 2:32 1W: 1 Yes:67 

2008:24 RC:14 3:20 DX:41  

2009: 5   HX:16  

   OT: 3  

   WX:24  

 

Upon review of this summary, it was decided to remove all samples of Species 

Mix "1D", "1W" and "OT", since the number of observations at these levels were 

insufficient to use within a regression analysis.  The factorial summaries for the 

remaining 81 observations are listed in Table 19. 

Table 19:  Final Indicator Variable Summary for the Timber Yield  Regression Data 

SALE_YEAR HARV_TYPE SITE_GRP SPC_MIX IMPUTE 

2006:15 MC:26 1:30 DX:41 No :18 

2007:39 PC:41 2:31 HX:16 Yes:63 

2008:22 RC:14 3:20 WX:24  

2009: 5     

 

The numerical summaries and box-plots for the continuous variables are 

listed and illustrated in Table 20 and Figure 13.  From these it was clear that the 

distributions for AGE, PLANNED_INV, ACTUAL_INV, PLANNED_YLD and ACTUAL_YLD 

were skewed to the right, with respective skewness values of 
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3.27, 3.64, 1.73, 3.17 and 1.67.  With regards to timber yield, it was noteworthy that 

there was a large difference between planned yield and actual yield, and that the 

standard deviation of planned yield was higher than actual yield.  The box-plots also 

showed a number of outliers for each variable, the effect of which were considered 

during regression diagnostics. 

Table 20:  Final Continuous Variable Summary for the Timber Yield Regression Data 

 AGE PLANNED 
_INV 

ACTUAL_ 
INV 

PLANNED_ 
YLD 

ACTUAL_ 
YLD 

Mean 53.26 25.97 25.30 23.02 13.96 

Standard Deviation 14.63 10.76 14.03 9.54 7.28 

Median 49.96 22.99 21.41 19.86 12.11 

Trimmed Mean 51.74 24.67 23.01 21.9 13.11 

Median Absolute Deviation 7.24 5.62 10.34 5.35 6.11 

Minimum 23.48 10.25 7.10 9.89 4.30 

Maximum 146.29 96.97 86.20 82.89 48.36 

Range 122.81 86.71 79.09 73.01 44.06 

Skewness 3.27 3.64 1.73 3.17 1.67 

Kurtosis 18.13 20.87 3.67 16.76 4.65 

Standard Error 1.63 1.20 1.56 1.06 0.81 
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Figure 13:  Box-Plots for the Continuous Variables of the Timber Yield Regression Data 
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ACTUAL_INV was also strongly correlated with the other continuous independent 

variables (AGE, PLANNED_INV, PLANNED_YLD), with respective correlation 

coefficients of 0.67, 0.79 and 0.77 .  This implied that AGE, PLANNED_INV, 

PLANNED_YLD could not serve as independent variables in the Timber Yield 

Regression Model, since they were too strongly correlated with the primary 

independent variable (ACTUAL_INV).  ACTUAL_INV was therefore the only 

continuous independent variable carried forward to the rest of the analysis. 

The relationship between actual timber yield and actual inventory was further 

examined in Figure 15.  Here the lowess curve suggested a strong relationship, that 

appeared fairly linear in nature.  The plot also suggested the presence of a number of 

outliers. 
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Figure 14:  Scatterplot Matrix for the Continuous Variables of the Timber Yield Regression Data 

 

Figure 15:  Bi-Variate Plot of Planned Inventory and Actual Timber Yield 
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The next step was to define a preliminary main effects model.  Based on the 

above results, the preliminary main effects model was declared as follows:  

 

 

 

 

 Ì}Y_Hr&|Y_AG¹, >Ô�·, ��¸, �P�, ��ãQ~
= @� + @JY_AG¹ + +@+;� + @e�� + @�ℎI
+ @ÏäI + @dAÙ + @ål2 + @îl3 

4-4 

Where: 

Y_Hr& = Actual yield (ACTUAL_YLD) in MBF/Acre 

Y_AG¹ = Actual inventory (ACTUAL_INV) in MBF/Acre 

>Ô�· = Factorial levels of HARV_TYPE 

��¸ = Factorial levels of SPC_MIX 

�P� = Factorial levels of IMPUTE 

��ãQ = Factorial levels of SITE_GRP 

;� = 1 if >Ô�· is PC, 0 otherwise 

�� = 1 if >Ô�· is RC, 0 otherwise 

ℎI = 1 if ��¸ is HX, 0 otherwise  
äI = 1 if ��¸ is WX, 0 otherwise  
AÙ = 1 if �P� is Yes, 0 otherwise  
l2 = 1 if ��ãQ is 2, 0 otherwise 

l3 = 1 if ��ãQ is 3, 0 otherwise 
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Next, the influence of the outliers on the preliminary main effects regression 

model was evaluated.  This was determined through plots of residuals, studentized 

residuals, leverage and Cook's distance.  These plots are shown in Figure 16.  From 

these plots it was clear that observation number 68 violates the threshold level of 

leverage �0.2222�, but not that of Cook's distance �1.0000�.  This observation was 

therefore retained in the analysis.  The studentized residuals plot also identified a 

number of outliers (studentized residual > 2 or < −2).  In total, there were 5 

outliers, 1 more than the 5% threshold (It is generally accepted that about 5% of the 

observations can be outliers). 

 

Figure 16:  Case-Influence Statistics for the Timber Yield Preliminary Main Effects Model 
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The next step in evaluating the proposed model was to perform a Lack-of-Fit 

F-Test to evaluate the adequacy of a linear regression model on the observed data.  

This required a full and reduced model.  In this case the reduced model was the 

preliminary main effects model defined above, and the full model was a separate-

means model.  The separate means model was defined as follows: 

 

 

 

 

 ÌìY_Hr&|Y_AG¹C , >Ô�·�, ��¸L, �P�Ò, ��ãQÑí = ÌC�LÒÑ 4-5 

Where: 

Y_AG¹C = Level A of Y_AG¹ 

>Ô�·� = Level � of ��¸ 

��¸L = Level M of ��¸ 

�P�Ò = Level r of �P� 

��ãQÑ = Level Ù of ��ãQ 
ÌC�LÒÑ=Expected value of Y_Hr& at levels A, �, M, r, Ù 

Note, that Y_AG¹C  was obtained by aggregating planned inventory into 

factorial levels through rounding to zero decimal places.  These models were used in 

a Lack-of-Fit test, which evaluated the following hypotheses: 

>�: Ì}Y_Hr&|Y_AG¹, >Ô�·, ��¸, �P�, ��ãQ~
= @� + @JY_AG¹ + @+;� + @e�� + @�ℎI + @ÏäI + @dAÙ + @ål2
+ @îl3 

>N: ÌìY_Hr&|Y_AG¹C , >Ô�·�, ��¸L , �P�Ò , ��ãQÑí = ÌC�LÒÑ 
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The ANOVA results for the Lack-of-Fit test were as follows: 

Table 21:  Lack-of-Fit ANOVA Results for the Timber Yield Preliminary Main Effects Model 

Model Res.DF RSS DF SS F Pr(>F) 

Reduced     72     732.3     

Full     39     303.3     33     429.0  1.6718  0.0621 

 

This test returned an �-statistic of 1.6718.  The proportion of values from an 

�-distribution on 39 and 72 degrees of freedom that would exceed this value is 

0.0621.  This ;-value therefore provided insufficient, but also inconclusive, evidence 

to reject >� at the 5% level.  These results seem to suggest that there is little 

distinction between the descriptive powers of the linear regression model and the 

separate means model.  The linear regression model was however retained, since 

there was no strong evidence against it, and it would facilitate further analysis. 

The next step was to derive the main effects model, by testing the 

significance of the coefficients in the preliminary main effects model by means of B-

tests and extra-sums-of-squares �-tests.  This analysis started by examining the B-test 

values of the preliminary main effects model: 

Table 22:  Estimates of Regression Coefficients in the Timber Yield Preliminary Main Effects Model 

Variable Coefficient Estimate Std. Error t value Pr(>|t|) �GB �� ;B  @� 3.8402 1.3515 2.8420 0.0058 Y_AG¹  @J 0.5423 0.0309 17.5750 <0.0001 ;�  @+ -7.7777 0.9687 -8.0290 <0.0001 ��  @e -1.6033 1.0847 -1.4780 0.1438 ℎI  @� -1.2754 1.0342 -1.2330 0.2215 
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Variable Coefficient Estimate Std. Error t value Pr(>|t|) äI  @Ï 0.3163 0.8898 0.3550 0.7233 AÙ  @d -0.2405 0.9004 -0.2670 0.7902 l2  @å 1.5882 0.8493 1.8700 0.0655 l3 @î 1.4330 1.0200 1.4050 0.1644 

 

This model returned an Adjusted �+ value of 0.8082, and a residual standard 

error of 3.189.  Ranking these coefficients according to ;-value showed that �P� was 

the least significant coefficient.  From these results it was evident that there was 

insufficient evidence to reject >�: @6 = 0  at the 5%  level, since this coefficient 

returned a B-statistic of −0.2670, with an associated ;-value of 0.7902.  �P� was 

therefore not a significant variable, and was removed.  The resulting model 

coefficients were as follows: 

Table 23:  Estimates of Regression Coefficients in the Timber Yield Preliminary Main Effects Model 

After Removing IMP 

Variable Coefficient Estimate Std. Error t value Pr(>|t|) �GB �� ;B  @� 3.6841 1.2109 3.0430 0.0033 Y_AG¹  @J 0.5422 0.0307 17.6880 0.0000 ;�  @+ -7.8316 0.9414 -8.3190 0.0000 ��  @e -1.6412 1.0685 -1.5360 0.1289 ℎI  @� -1.2443 1.0210 -1.2190 0.2269 äI  @Ï 0.3207 0.8840 0.3630 0.7178 l2  @d 1.5697 0.8410 1.8660 0.0660 l3  @å 1.4444 1.0126 1.4260 0.1580 

 

This model returned an Adjusted �+ value of 0.8107, and a residual standard 

error of 3.1690.  From these results it was evident that the ;-values associated with 
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the B-statitsics of the coefficients for ��¸_P�o (ℎI and äI) were relatively large 

(> 0.05).  It was therefore necessary to test >�: @4 = @5 = 0.  The ANOVA results for 

the extra-sums-of- squares �-test were as follows: 

Table 24:  Extra-Sums-of-Squares ANOVA Results for Removing SPC_MIX from the Timber Yield 

Preliminary Main Effects Model 

Model Res.DF RSS DF SS F Pr(>F) 

Reduced     75     753.5     

Full     73     733.0      2      20.5  1.0185  0.3662 

 

This test returned an �-statistic of 1.0185 and a ;-value of 0.3662, resulting 

in insufficient evidence to reject >�: @6 = @7 = 0 at the 5% level.  ��¸_P�o  was 

therefore not a significant variable, and was removed.  The resulting model 

coefficients were as follows: 

Table 25:  Estimates of Regression Coefficients in the Timber Yield Preliminary Main Effects Model 

After Removing SPC_MIX 

Variable Coefficient Estimate Std. Error t value Pr(>|t|) �GB �� ;B  @� 3.0146 1.0151 2.9700 0.0040 Y_AG¹  @J 0.5521 0.0298 18.5160 <0.0001 ;�  @+ -7.5135 0.9146 -8.2150 <0.0001 ��  @e -1.5726 1.0634 -1.4790 0.1434 l2  @� 1.6569 0.8184 2.0250 0.0465 l3  @Ï 1.6992 0.9455 1.7970 0.0763 

 

This model returned an Adjusted �+ value of 0.8106, and a residual standard 

error of 3.1700.  From these results it was evident that the ;-values associated with 
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the B-statitsics of the coefficients for ��ãQ_j�� (l2 and l3) were relatively large 

(≥ 0.05).  It was therefore necessary to test >�: @4 = @5 = 0.  The ANOVA results for 

the extra-sums-of- squares �-test were as follows: 

Table 26:  Extra-Sums-of-Squares ANOVA Results for Removing SITE_GRP from the Timber Yield 

Preliminary Main Effects Model 

Model Res.DF RSS DF SS F Pr(>F) 

Reduced     77     804.1     

Full     75     753.5      2      50.6  2.5179  0.0874 

 

This test returned an �-statistic of 2.5179 and a ;-value of 0.0874, resulting 

in insufficient evidence to reject >�: @4 = @5 = 0 at the 5% level.  ��ãQ_j�� was 

therefore not a significant variable, and was removed.  The resulting model 

coefficients were as follows: 

 

Table 27:  Estimates of Regression Coefficients in the Timber Yield Main Effects Model 

Variable Coefficient Estimate Std. Error t value Pr(>|t|) �GB �� ;B  @� 4.4107 0.8100 5.4450 <0.0001 Y_AG¹  @J 0.5420 0.0299 18.1280 <0.0001 ;�  @+ -7.6060 0.9305 -8.1740 <0.0001 ��  @e -1.8021 1.0777 -1.6720 0.0986 

 

This model returned an Adjusted �+ value of 0.8031, and a residual standard 

error of 3.2310.  The main effects model was therefore defined as follows: 
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 Ì}Y_Hr&|Y_AG¹, >Ô�·~ = @� + @JY_AG¹ + @+;� + @e�� 4-6 

The next step was to examine the case-influence statistics once again, to 

ensure that equation 3-30 was not unusually influenced by a particular observation.  

The results are shown in Figure 17.  From this it was evident that there were two 

residuals with high leverage �threshold = 0.0988�, but none that exceeded the 

threshold for Cook's Distance �0.1000�.  It was therefore concluded that some points 

had high leverage, but none of them had unusually high influence on the model.  

Also, some residuals were statistical outliers, but the number of outliers �3� was 

below the 5% level of 4 outliers.  It was therefore decided to accept the results and 

continue to the next step. 
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Figure 17:  Case-Influence Statistics for the Timber Yield Main Effects Model 

The next step was to evaluate the degree to which the main effects model 
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Figure 18:  Residual Plots for the Timber Yield Regression Model 

The Residuals vs. Fitted plot seemed to indicate that the residuals were fairly 

homoskedastic, since the lowess line was more or less horizontal.  The results from 

the formal tests for homoskedacity are shown in Table 28.  These results show that 

there was sufficient evidence :;-value = 0.0079< to reject >�: )J = )+ = ⋯ = )L at 

the 5% level using the Levene test, but that there was insufficient evidence 

:;-value = 0.1599 and 0.4905< to reject >� at the 5% level using the Breusch-Pagan 

and White test.  Since two of the formal tests indicated a homoskedastic distribution, 

and the graphical evaluation provided strong evidence of a homoskedastic 

distribution, it was concluded that model residuals were homoskedastic. 
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Table 28:  Formal Tests of Homoskedacity for the Timber Yield Regression Model 

Test Statistic Value p-Value 

Levene (Brown-Forsythe) 2.7630 0.0079 

Breusch-Pagan 5.1676 0.1599 

White 6.4302 0.4905 

 

From the normal probability plot (Figure 18) it was also fairly evident that the 

residuals were normally distributed, since the trend of the residual points were 

towards the H = I line, with only slight departures.  The results from the formal test 

for normality are shown in Table 29. 

Table 29:  Formal Test of Normality for the Timber Yield Regression Model 

Test Statistic Value p-Value 

Shapiro-Wilk 0.9699 0.0534 

D'Agostino -0.8833 0.3771 

Anderson-Darling 0.4780 0.2303 

Cramér-von-Mises 0.0585 0.3918 

 

These results show that there was insufficient evidence to reject >� (residuals 

normally distributed) at the 5% level for most of the tests, except the Shapiro-Wilk 

test where the evidence was inconclusive.  From these results it was concluded that 

the residual distribution was normal, since most of the tests supported this notion 

and there was no strong evidence against it. 

Next the results from the test for autocorrelation were evaluated.  These are 

shown in Table 30.  From this test it was evident that there was inconclusive evidence 



197 

 

:;-value = 0.0330< to reject >�  of no autocorrelation at the 5% level.  It was 

however decided to retain the proposed main effects model, since there was no 

strong evidence to support the presence of autocorrelation. 

Table 30:  Formal Test of Autocorrelation for the Timber Yield Regression Model 

Test Statistic Value p-Value 

Durbin-Watson 1.6150  0.0330 

 

At this stage the main effects model was essentially complete.  A plot of the 

model data and regression lines is shown in Figure 19. 

 

Figure 19:  Plot of Timber Yield Regression Model 
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The final set of tests dealt with validating the predictive power of the model 

through cross-validation and bootstrapping.  The results from the cross-validation are 

shown in Table 31.  The results showed that the model estimate of residual standard 

error was significantly different from the 10-fold cross-validation estimate, since it 

fell outside of the 95% confidence interval generated through the latter method.  

However, the model estimate of residual standard error was fairly close to the LOO 

cross-validation estimate (ratio of 0.9125), and it also fell well within the 95% 

confidence interval.   

Table 31:  Cross-Validation Results for the Timber Yield Regression Model 

Cross-Validation Method Avg. RMSE Lower 95% CI Upper 95% CI 

10-Fold 4.5917 4.0199 5.1635 

Leave-One-Out 3.5399 2.8963 4.1835 

 

The results for the bootstrap validation are shown in Table 32.  The results 

showed that the model estimate of residual standard error was fairly close to the 

bootstrapped estimate, with a ratio of 0.9748 for the enhanced bootstrap and 

0.9710 for the .632 bootstrap.  In addition, the slope parameter indicated that the 

average ratio between model predictions and bootstrap predictions was 1.0100 for 

the enhanced bootstrap and 0.9930 for the .632 bootstrap.  In addition, Figure 12 

indicated a good match between model and bootstrap predictions.  It was therefore 

concluded that the predictive capabilities of the Inventory Regression Model was 
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satisfactory, since three (LOO cross-validation, enhanced bootstrap and .632 

bootstrap) out of four validation methods returned favorable results. 

Table 32:  Bootstrap Results for the Inventory Regression Model 

Model 
Enhanced 
Bootstrap .632 Bootstrap 

Adjusted R² 0.8030 0.8090 0.7600 

RMSE 3.2300 3.3135 3.3264 

Intercept  -0.1140 0.1130 

Slope  1.0100 0.9930 

 

 

Figure 20:  Predicted vs. Observed Actual Timber Yield from .632 Bootstrap for the Timber Yield 

Regression Model 

5 10 15 20 25

5
10

15
20

25

Predicted ACTUAL_YLD

O
bs

er
ve

d 
A

C
T

U
A

L_
Y

LD

Mean absolute error=0.576 n=81B= 1000 repetitions, .632

Apparent
Bias-corrected
Ideal



200 

 

4.1.3 Structure 

The first step in analyzing the Structure Regression Data, was to determine 

the time period to use.  As noted earlier, the Structure Regression Data contained 

predictions of inventory and structure for 31 time periods, given a particular stratum 

and management prescription.  It would not be possible to use all 31 simultaneously 

in the same regression model, since predictions would be serially correlated at the 

stratum level.  The first step was therefore to determine which time period to use.  

With logistic regression it is desirable to have approximately equal numbers of 

positive �1�  and negative �0�  observations, since an overrepresentation of one 

binomial level could lead to a bias in the predicted probabilities.   

Table 33 shows the number of observations for each binomial level for the 

“grow-only” prescription.  This shows that the ratio of non-complex to complex 

observations changed from 10.1154 in Period 0 to 0.1130 in Period 30.  The period 

that had the best balance in observations was Period 13, with a ratio of 1.0500.  

Period 13 was therefore chosen as the period for all observations for the Structure 

Regression Model.  This effectively removed PERIOD as a variable from the rest of the 

analysis. 
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Table 33:  Stratum Counts per Period per Complex Status 

Period  Non-Complex  Complex Period  Non-Complex  Complex 

0 789 78 16 334 533 

1 784 83 17 314 553 

2 762 105 18 275 592 

3 747 120 19 251 616 

4 718 149 20 231 636 

5 707 160 21 208 659 

6 681 186 22 185 682 

7 661 206 23 165 702 

8 635 232 24 147 720 

9 602 265 25 136 731 

10 560 307 26 120 747 

11 519 348 27 109 758 

12 495 372 28 100 767 

13 444 423 29 91 776 

14 395 472 30 88 779 

15 361 506    

 

Extracting the Period 13 information therefore resulted in a dataset with 867 

observations.  The factorial summaries for this dataset were as follows: 

Table 34:  Initial Indicator Variable Summary for the Structure Regression Data (Excl. VEG_TYPE) 

EXT_REG   RX    PERIOD DOM_SPC SITE_GRP CURCOMP 

EXT:843 NT:648 13:867 D:457 1:337 0:444 

REG: 24 TH:219  H:197 2:271 1:423 

   O: 16 3:259  

   W:197   
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Table 35:  Initial Indicator Variable Summary for the Structure Regression Data (VEG_TYPE Only) 

VEG_TYPE Count VEG_TYPE Count VEG_TYPE Count VEG_TYPE Count 

1D2H   13  1W2L    2  HX1L    2  WX1L    4  

1D2L    2  1W4H    3  HX2H    2  WX2H   16  

1D3H  143  1W5H    2  HX2L    1  WX2L    6  

1D3L    6  1WR1   12  HX3H  110  WX3H   36  

1D4H   32  1WR2   12  HX3L    5  WX3L    4  

1D4L    3  DX1L    4  HX4H   48  WX4H   64  

1D5H    1  DX2H   50  OT1L    2  WX5H   12  

1H2H    1  DX2L   20  OT3H    3  WXR3   12  

1H3H   24  DX3H  132  OT4H    9  WXR4   12  

1H3L    2  DX3L    5  OT5H    2    

1H4H    2  DX4H   41      

  DX5H    5      

 

From these summaries it was evident that some of the factorial levels had low 

observation counts, and were therefore proportionally under-represented.  In 

particular, the "REG" level of EXT_REG (regeneration prescriptions) and the "O" level 

of DOM_SPC ("Other" dominant species) had proportionally low observation counts.  

Also, about 43% of factorial levels for the VEG_TYPE indicator variable had 5 or less 

observations.  It was therefore decided, that observations at the "REG" level of 

EXT_REG and the "O" level of DOM_SPC would not be included in the study since 

they were not adequately represented.  This effectively removed EXT_REG as a 

variable from the rest of the analysis.  In addition, the VEG_TYPE indicator variable 

was removed in its entirety, since a substantial number of its factorial levels had 
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insufficient counts.  The factorial summaries for the remaining 827 observations are 

listed in Table 36. 

Table 36:  Final Indicator Variable Summary for the Structure Regression Data 

EXT_REG RX PERIOD DOM_SPC SITE_GRP CURCOMP 

EXT:827 NT:624 13:827 D:457 1:321 0:420 

 TH:203  H:197 2:260 1:407 

   W:173 3:246  

 

The numerical summaries and box-plots for the continuous variables are 

listed and illustrated in Table 37 and Figure 21.  From these it was evident that AGE 

was slightly skewed to the right �1.68�, while INV exhibited almost no skewness 

�0.42� .  The box-plots also showed that the inter-quartile distributions were 

approximately normal, and that there were  a number of outliers for each variable. 

Table 37:  Final Continuous Variable Summary for the Structure Regression Data 

 AGE INV 

Mean  110.11   46.68 

Standard Deviation   21.77   14.00 

Median  108.00   46.01 

Trimmed Mean  108.22   46.16 

Median Absolute Deviation   11.86   13.97 

Minimum   63.00   14.96 

Maximum  245.00   95.84 

Range  182.00   80.87 

Skewness    1.68    0.42 

Kurtosis    6.74    0.16 

Standard Error    0.76    0.49 
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Figure 21:  Box-Plots for the Continuous Variables of the Structure Regression Data 

 

The linear relationship between the continuous variables was assessed 

through the scatterplot matrix in Figure 22.  This figure contains a combination of 

variable distribution and correlation information, including histograms, kernel density 

estimates, coefficients of correlation, scatterplots and lowess regression lines.  The 
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distributions and the associated outliers.  The correlation coefficients showed that 
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Figure 22:  Scatterplot Matrix for the Continuous Variables of the Structure Regression Data 
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These results showed that all the ;-values were below the threshold value of 

0.25.  All of the proposed variables were therefore incorporated into the preliminary 

main effects model.  The initial preliminary main effects model was therefore defined 

as follows: 

 Ì}¸�P�|AG¹, ��¸, ��ãQ, �o~
= @� + @JAG¹ + @+ℎ + @eä + @�l2 + @Ïl3
+ @dBℎ 

4-7 

Where: 

¸�P� = 1 if structure is complex (CURCOMP), 0 otherwise 

AG¹ = Inventory (INV) in MBF/Acre 

��¸ = Factorial levels of DOM_SPC 

��ãQ = Factorial levels of SITE_GRP 

�o = Factorial levels of RX 

ℎ = 1 if ��¸ is H, 0 otherwise  
ä = 1 if ��¸ is W, 0 otherwise  

l2 = 1 if ��ãQ is 2, 0 otherwise 

l3 = 1 if ��ãQ is 3, 0 otherwise 

Bℎ = 1 if �o is TH (Thin), 0 otherwise 

The next step was to derive the main effects model, by testing the 

significance of the coefficients in the preliminary main effects model through Wald 
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and likelihood ratio statistics.  This analysis started by examining the Wald statistics 

values of the preliminary main effects model: 

Table 39:  Estimates of Regression Coefficients in the Structure Preliminary Main Effects Model 

Variable Coefficient Estimate Std. Error z value Pr(>|z|) �GB �� ;B @� -5.3639 0.6465 -8.2970 <0.0001 AG¹ @J 0.0876 0.0103 8.4870 <0.0001 ℎ @+ 0.5333 0.2586 2.0620 0.0392 ä @e 1.2439 0.2232 5.5730 <0.0001 l2 @� 0.2052 0.2084 0.9850 0.3247 l3 @Ï 0.4463 0.2305 1.9360 0.0528 Bℎ @d 2.7953 0.2882 9.6990 <0.0001 

 

This model returned an Akaike's Information Criterion (AIC) value of 

920.2300.  These results showed that ��ãQ returned Wald statistics �É� of 0.9850 

and 1.9360 for l2 and l3, with associated ;-values of 0.3247 and 0.0528.  These 

were larger than the 5% level, and indicated that there might be insufficient evidence 

to reject >�: @4 = @5 = 0.  This hypothesis was formally tested through a likelihood 

ratio test on the drop in deviance between the full and reduced models.  These 

results were as follows: 

Table 40:  Likelihood Ratio ANOVA Results for Removing SITE from the Structure Preliminary Main 

Effects Model 

Model Resid. Df Resid. Dev Df Deviance P(>|Chi|) 

Reduced 822  910.0300     

Full 820  906.2300   2  3.8031   0.1493  
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This test returned drop in deviance of 3.8031 and a ;-value  of 0.1493 , 

resulting in insufficient evidence to reject >�: @� = @Ï = 0 at the 5% level.  ��ãQ 

was therefore not a significant variable, and was removed.  The resulting model 

coefficients were as follows: 

Table 41:  Estimates of Regression Coefficients in the Structure Preliminary Main Effects Model After 

Removing SITE 

Variable Coefficient Estimate Std. Error z value Pr(>|z|) �GB �� ;B @� -4.6304 0.5002 -9.2570 <0.0001 AG¹ @J 0.0778 0.0088 8.8490 <0.0001 ℎ @+ 0.3907 0.2473 1.5800 0.1140 ä @e 1.2080 0.2201 5.4890 <0.0001 Bℎ @� 2.6186 0.2705 9.6800 <0.0001 

 

This model returned an AIC value of 920.0300.  These results showed that all 

the coefficient estimates were significant, except the ℎ level of ��¸.  To test the 

significance of the ��¸ indicator variable a likelihood ratio test was performed that 

evaluated the sequential drop in deviance as each variable was added to the model.  

These results are shown in Table 42, and shows that there was sufficient evidence to 

reject >�: @1 = 0, >�: @2 = @3 = 0 and >�: @4 = 0 at the 5% level.   
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Table 42:  Likelihood Ratio Tests of Drop in Deviance for Sequentially Added Variables in the 

Structure Regression Model 

 Df Deviance Resid. Df Resid. Dev P(>|Chi|) 

NULL   826  1,146.2600  

INV 1   51.8170 825  1,094.4400 <0.0001  

DOM_SPC 2   70.5930 823  1,023.8500 <0.0001  

RX 1  113.8170 822    910.0300 <0.0001  

 

The next step was to evaluate the linearity in the logit assumption for each 

continuous independent variable.  The restricted cubic spline (RCS), grouped logits 

and lowess curves are shown in Figure 23.  All of these plots showed a strong 

tendency towards linearity. 

 

Figure 23:  Linearity in Logit Evaluation Plots for Structure Regression Model 
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The next step was to evaluate the main effects model for the inclusion of 

interaction terms.  This was done using forward, backwards and bi-directional 

stepwise regression using AIC as the decision criteria.  These tests showed that there 

was a significant interaction between INV and DOM_SPC.  The results from the 

likelihood ratio test, which tested the significance of the interaction term, were as 

follows: 

Table 43:  Likelihood Ratio ANOVA Results for the INV and DOM_SPC Interaction Term in the 

Structure Preliminary Main Effects Model 

Model Resid. Df Resid. Dev Df Deviance P(>|Chi|) 

Reduced 822  910.0300     

Full 820  871.8800   2  38.1500 <0.0001  

 

Following this step, the main effects model was therefore defined as: 

 

 

 

 

 Ì}¸�P�|AG¹, ��¸, ��ãQ, �o~
= @� + @JAG¹ + @+ℎ + @eä + @�Bℎ + @ÏAG¹ ∙ ℎ
+ @dAG¹ ∙ ä 

4-8 

This model returned an AIC value of 885.8800, and the following coefficients: 
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Table 44:  Estimates of Regression Coefficients in the Structure Main Effects Model 

Variable Coefficient Estimate Std. Error z value Pr(>|z|) �GB �� ;B @� -2.7691 0.5623 -4.9250 <0.0001 AG¹ @J 0.0418 0.0102 4.1050 <0.0001 ℎ @+ -4.5069 1.2438 -3.6230 0.0003 ä @e -2.7416 0.8355 -3.2810 0.0010 Bℎ @� 2.2756 0.2713 8.3880 <0.0001 AG¹: ℎ @Ï 0.1087 0.0277 3.9320 0.0001 AG¹: ä @d 0.0826 0.0174 4.7490 <0.0001 

 

The next step was to evaluate the overall fit of the chosen model to the 

regression data, i.e. goodness-of-fit.  This was effected through two tests, namely the 

Hosmer-Lemeshow (H-L) and le Cessie-van Houwelingen-Copas-Hosmer (LHCH) tests.  

The results from these tests were as follows: 

Table 45:  Goodness-of-Fit Tests for the Structure Regression Model 

Test Statistic Value Df p-Value 

H-L -1.9619     0.0498 

LHCH 6.0657  8 0.6399 

 

Table 45 shows that the results from these two tests showed that the H-L test 

presented inconclusive evidence to reject >� that the model fits, while the LHCH test 

strongly showed that there was insufficient evidence to reject >� that the model fits.  

It was therefore concluded that the Goodness-of-Fit was adequate. 
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The next step was to evaluate the measures of association for the proposed 

model.  This was effected through three tests, namely Goodman and Kruskal's 

gamma (Gamma), Somer's �z�, and the concordance index (� Index).  All of these 

tests measured the degree of concordance of the proposed model.  The concordance 

concept was explained in section 3.6.2.  The results from these tests were as follows: 

Table 46:  Measures of Association for the Structure Regression Model 

Test Statistic Value 

Gamma         0.6320  

Somer's �z�         0.6310  � Index         0.8150  

 

The results from these tests showed strong concordance under each test.  In 

particular, a � Index larger than 0.8 is generally considered excellent. 

The next step was to assess the predictive accuracy of the proposed model.  

This was effected through measures of predictive accuracy such as PV +, PV − and 

Area Under Curve (AUC).  The results for these measures, together with the Receiver 

Operator Curve (ROC) are shown in Figure 24: 
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Figure 24:  ROC for the Structure Regression Model 
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change in Pearson's chi-square due to deletion of covariate pattern � :ΔΧ�+<, and the 

change in deviance due to deletion of covariate pattern � :∆��<.  These plots were as 

follows: 

 

Figure 25:  Regression Diagnostics for the Structure Regression Model 
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At this point the main effects model was essentially complete.  A plot of the 

model data and regression lines for both the grow only and thinning prescriptions is 

shown in Figure 26 and Figure 27. 

 

Figure 26:  Plot of Structure Regression Model for the Grow Only Prescription 
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Figure 27:  Plot of Structure Regression Model for the Thinning Prescription 
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The results for the bootstrap validation are shown in Table 48.  The results 

showed that the model estimate of �z�  was fairly close to the bootstrapped 

estimates, with a ratio of 1.0115 for the enhanced bootstrap and 1.0121 for the .632 

bootstrap.  In addition, the slope parameter indicated that the average ratio between 

model predictions and bootstrap predictions was 0.9711 for the enhanced bootstrap 

and 0.9748 for the .632 bootstrap.  Figure 28 also indicated a good match between 

model and bootstrap predictions.  It was therefore concluded that the predictive 

capabilities of the Structure Regression Model was satisfactory. 

Table 48:  Bootstrap Results for the Structure Regression Model 

 
Model Enhanced Bootstrap .632 Bootstrap �z� 0.6310       0.6238      0.6234  

Intercept        0.0003      0.0005  

Slope        0.9711      0.9748  
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Figure 28:  Predicted vs. Observed Structure Probability from the .632 Bootstrap for the Structure 

Regression Model 
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Where: 

Y_AG¹ = Actual inventory (ACTUAL_INV) in MBF/Acre 

;_AG¹ = Planned inventory (PLANNED_INV) in MBF/Acre 

��¸ = Factorial levels of SPC_MIX 

ℎI = 1 if ��¸ is HX, 0 otherwise  
äI = 1 if ��¸ is WX, 0 otherwise  

This model only had one endogenous variable, namely the dependent 

variable Y_AG¹.  None of the other variables were passed on from other equations, 

i.e. they were all exogenous.  Therefore, when the Inventory Regression Model was 

used to predict inventory only, it had no dependencies on other equations and could 

be used in its proposed form. 

Next, the Timber Yield Regression Model was evaluated.  It was defined in the 

previous steps as follows: 

 Ì}Y_Hr&|Y_AG¹, >Ô�·~ = @� + @JY_AG¹ + @+;� + @e�� 4-10 

Where: 

Y_Hr& = Actual yield (ACTUAL_YLD) in MBF/Acre 

Y_AG¹ = Actual inventory (ACTUAL_INV) in MBF/Acre 

>Ô�· = Factorial levels of HARV_TYPE 

;� = 1 if >Ô�· is PC, 0 otherwise 

�� = 1 if >Ô�· is RC, 0 otherwise 
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Within the broader modeling framework, Y_AG¹  was derived from the 

Inventory Regression Model, to create a link between the adjusted (actual) inventory 

and timber yield.  This model therefore had two endogenous variables, namely the 

dependent variable Y_Hr&  and the independent variable Y_AG¹ .  The Inventory 

Regression Model and Timber Yield Regression Model therefore jointly formed a 

system of equations for predicting actual timber yield.  Also, this system was 

recursive, since the matrix of coefficients for endogenous variables was triangular 

(i.e. the equations can be ordered in such a way that each endogenous dependent 

variable is a function of some exogenous variables and those endogenous variables 

that appeared higher up in the list of equations).  The next step was to evaluate the 

residual covariance and correlation matrices for the two equations, which are shown 

in Table 49.  These matrices showed that the correlation between the two equations 

was very small and insignificant (correlation coefficient of 0.14).  This is not an 

unexpected result, since the observations for planned inventory and actual timber 

yield were collected from independent sources.  It was therefore determined that it 

would be appropriate to apply ordinary least squares (OLS) independently to each 

equation, and retain the proposed regression model parameters.  This is because a 

recursive system with uncorrelated equations still yields consistent and 

asymptotically efficient estimates through OLS applied to each equation individually 

(Borders, 1989; Kmenta, 1997). 
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Table 49:  Covariance Matrix of the Residuals for the Inventory and Timber Yield Regression Models 

 Covariance Correlation 

 INV YLD INV YLD 

INV  56.39    3.33   1.00    0.14  

YLD   3.33   10.16   0.14    1.00  

 

Finally, the Structure Regression Model was evaluated.  It was defined as 

follows in the previous steps: 

 Ì}¸�P�|AG¹, ��¸, ��ãQ, �o~
= @� + @JAG¹ + @+ℎ + @eä + @�Bℎ
+ @ÏAG¹ ∙ ℎ + @dAG¹ ∙ ä 

4-11 

Where: 

¸�P� = 1 if structure is complex (CURCOMP), 0 otherwise 

AG¹ = Inventory (INV) in MBF/Acre 

��¸ = Factorial levels of DOM_SPC 

��ãQ = Factorial levels of SITE_GRP 

�o = Factorial levels of RX 

ℎ = 1 if ��¸ is H, 0 otherwise  
ä = 1 if ��¸ is W, 0 otherwise  
Bℎ = 1 if �o is TH (Thin), 0 otherwise 

Within the broader modeling framework, AG¹ was derived from the Inventory 

Regression Model, to create a link between the adjusted (actual) inventory and 



222 

 

structure.  This model therefore had two endogenous variables, namely the 

dependent variable ¸�P� and the independent variable AG¹.  The Inventory and 

Structure Regression Models therefore jointly formed a system of equations for 

predicting structure.  Also, this system was recursive, since the matrix of coefficients 

for endogenous variables was triangular.  Also, since the structure and inventory 

equations were derived from independent sets of observations, it was assumed that 

their residuals would be uncorrelated.  In addition, comparing residuals from a 

logistic regression and linear regression seemed illogical, since the first was a 

function of the dependent variable, while the latter was assumed to be randomly 

distributed.  Therefore, since the system was recursive and the equations assumed to 

be uncorrelated, it was determined that OLS applied to the individual equations was 

acceptable and that the proposed model forms should be retained. 

4.2 Modeling Data Preparation 

4.2.1 Adjusted Inventory Yield Table 

The preparation of the Adjusted Inventory Yield Table was done in two steps.  

The first was to adjust the inventory of the current period by means of the Inventory 

Regression Model.  The second step was to project the adjusted inventory for the 

current period into the future, by growing it forward at the same rate as the original 

(planned) yield table.  These two steps are discussed in greater detail below. 
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Adjusting the current period inventory started with a reclassification of the 

Species Mix for each stratum.  The rationale behind this was that the Inventory 

Regression Model only contained three (DX, HX and WX ) of the eight Species Mix 

classes, which implied that only 441 strata �69%� out of a possible 636 (filtered on 

linked land parcel) could be considered for adjustment.  It was therefore decided to 

re-classify the Species Mix indicator variable on dominant species.  This resulted in 

three categories, namely Douglas-Fir (1D & DX), Hardwood (1H & HX) and Western 

Hemlock (1W & WX).  Strata with Species Mix codes of OT and XC were completely 

excluded from adjustment.  This reclassification raised the proportion of strata that 

could be considered for adjustment to 98%.  Next the Inventory Regression was 

applied to Period 0 (current) of the reclassified inventory yield table, using only those 

strata whose age and planned inventory fell within the range of observed values 

�10 < ;_AG¹ < 45 and 20<Yl < 85�.  As discussed in section 3.7.1.2, the purpose 

of filtering the predictions and strata was to avoid extrapolation.  The result was that 

502 strata �79%� out of a possible 636 received an adjusted Period 0 inventory. 

The next step was to determine the future inventory.  This was done by 

projecting the adjusted current inventory (Period 0) into the future by using the 

Period-on-Period rate of change from the original inventory yield table.  This process 

was repeated for each combination of stratum and eligible prescription (Recall that 

only prescriptions 0 and 108.1 were used in this study; and that prescription 0 is 
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available for all strata, while prescription 108.1 is only available for strata that met 

the prescription requirements).  This resulted in the Adjusted Inventory Yield Table, 

with 831 unique stratum and prescription combinations. 

By linking this table back to the HnH Model land parcel data, it was possible to 

compare the adjusted inventory for each period against the original.  In this case the 

grow-only prescription was used for illustrative purposes.  Table 50 and Figure 29 

shows that the total first period inventory was reduced by 10%, and that this 

adjustment remained within 8 to 10% over time. 

Table 50:  Inventory (MBF) over Time from Original and Adjusted Inventory Yield Tables 

Period Original Inventory (MBF) Adjusted Inventory (MBF) Ratio 

0      5,046,560       4,542,096    0.90 

1      5,293,833       4,768,613    0.90 

2      6,024,369       5,430,862    0.90 

3      6,716,633       6,060,929    0.90 

4      7,421,843       6,709,800    0.90 

5      8,073,820       7,310,144    0.91 

6      8,669,052       7,862,810    0.91 

7      9,205,910       8,369,147    0.91 

8      9,713,869       8,847,431    0.91 

9     10,189,547       9,295,667    0.91 

10     10,636,628       9,719,880    0.91 

11     11,055,709      10,121,050    0.92 

12     11,475,929      10,519,472    0.92 

13     11,874,071      10,904,137    0.92 

14     12,275,419      11,288,197    0.92 

15     12,659,650      11,652,737    0.92 

16     13,036,071      12,011,349    0.92 

17     13,384,287      12,349,285    0.92 

18     13,671,414      12,617,378    0.92 
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Period Original Inventory (MBF) Adjusted Inventory (MBF) Ratio 

19     14,013,639      12,941,093    0.92 

20     14,316,822      13,231,900    0.92 

21     14,617,002      13,515,019    0.92 

22     14,936,988      13,815,276    0.92 

23     15,261,977      14,115,705    0.92 

24     15,613,564      14,433,228    0.92 

25     15,969,849      14,751,386    0.92 

26     16,321,556      15,063,608    0.92 

27     16,673,543      15,375,054    0.92 

28     17,033,620      15,688,288    0.92 

29     17,399,291      16,007,827    0.92 

30     17,757,608      16,322,099    0.92 

 

 

Figure 29:  Inventory (MBF) over Time from Original and Adjusted Yield Tables 

Through the regression equations it was shown that the only significant 
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effect of the adjustment on the first period inventory by the individual specie groups 

is shown in Table 51.  This table shows that the adjustment for Douglas-Fir, which 

comprised 49% of the inventory, was fairly low at 3 to 5% downwards, while the 

adjustment for Western Hemlock , which comprised 18% of the inventory, was fairly 

moderate at  7 to 11%  upwards.  The large adjustments were driven by the 

hardwoods, which comprised 31% of the inventory, and required an adjustment of 

31 to 35% downwards. 

Table 51:  Original and Adjusted First Period Inventory by Species Group 

Species 
Original Inventory 

(MBF) 
Adjusted Inventory 

(MBF) 
Ratio 

1D          1,076,802           1,018,624   0.95  

DX          1,394,548           1,348,071   0.97  

1H            277,147             180,511   0.65  

HX          1,284,082             884,739   0.69  

1W             45,442              46,707   1.03  

WX            863,663             958,569   1.11  

OT             70,128              70,128   1.00  

XC             34,747              34,747   1.00  

Total          5,046,560           4,542,096   0.90  

 

4.2.2 Adjusted Timber Yield Tables 

The preparation of the Timber Yield Tables was done in two parts, namely one 

for each of the harvest types used in this study.  The Timber Yield Regression Model 

contained three indicator variable levels for harvest type, namely Modified Clear-Cut 

(MC), Retention Cut (RC) and Partial Cut (PC).  However, the prescriptions selected 
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for this study could only accommodate the MC and PC harvest types.  The RC harvest 

type was therefore excluded as a yield source for the rest of the study.  The 

preparation of the timber yield tables will therefore be discussed in two sections, 

since the preparatory steps differed substantially between the two harvest types. 

4.2.2.1 Modified Clear-Cut 

The preparation of the Adjusted Modified Clear-Cut Yield Table was done in 

two steps.  The first was to calculate the timber yield of the current period using the 

Timber Yield Regression Model.  The second step was to project the timber yields for 

the current period into the future, by growing it forward at the same rate as the 

original (planned) yield table.  These two steps are discussed in greater detail below. 

The first step in adjusting the timber yield for the current period was to apply 

the Timber Yield Regression Model to Period 0 (current) of the Adjusted Inventory 

Yield Table.  Here, only those strata whose age and adjusted inventory fell within the 

range of observed values �5 < Y_AG¹ < 90 and 20<Yl < 150� were adjusted.  As 

discussed in section 3.7.1.2, the purpose of filtering the predictions and strata was to 

avoid extrapolation.  The result was that 598 strata �94%� out of a possible 636 

received an adjusted Period 0 timber yield. 

The next step was to determine the future timber yield.  This was done by 

projecting the adjusted current timber yield (Period 0) into the future by using the 
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Period-on-Period rate of change from the original timber yield table.  This process 

was repeated for each combination of strata and eligible prescription (Recall that 

only prescriptions 0 and 108.1 were used in this study; and that prescription 0 is 

available for all strata, while prescription 108.1 is only available for strata that met 

the prescription requirements).  This resulted in the Adjusted Modified Clear-Cut 

Yield Table, with 831 unique stratum and prescription combinations. 

By linking this table back to the HnH Model land parcel data, it was possible to 

compare the adjusted modified clear-cut yield for each period against the original.  In 

this case the grow-only prescription was used for illustrative purposes.  Table 52 and 

Figure 30 shows that the total first period timber yield was reduced by 21%, and that 

this adjustment remained within 14 to 21% over time. 

Table 52:  Timber Yield (MBF) over Time from Original and Adjusted Modified Clear-Cut Yield Tables 

Period 
Original Timber Yield 

(MBF) 
Adjusted Timber Yield 

(MBF) 
Ratio 

0      4,461,393       3,509,771    0.79 

1      4,614,508       3,631,632    0.79 

2      5,250,016       4,179,538    0.80 

3      5,843,228       4,690,880    0.80 

4      6,430,757       5,194,135    0.81 

5      6,978,375       5,681,059    0.81 

6      7,517,512       6,160,798    0.82 

7      7,938,509       6,558,377    0.83 

8      8,294,864       6,897,506    0.83 

9      8,643,890       7,222,793    0.84 

10      8,898,326       7,439,981    0.84 

11      9,144,351       7,680,197    0.84 

12      9,462,323       7,970,202    0.84 
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Period 
Original Timber Yield 

(MBF) 
Adjusted Timber Yield 

(MBF) 
Ratio 

13      9,585,275       8,104,955    0.85 

14      9,731,251       8,261,322    0.85 

15      9,902,691       8,436,423    0.85 

16      9,990,091       8,491,680    0.85 

17     10,126,493       8,642,041    0.85 

18     10,348,481       8,836,760    0.85 

19     10,543,808       8,999,930    0.85 

20     10,762,056       9,199,877    0.85 

21     10,920,522       9,357,721    0.86 

22     11,064,954       9,502,578    0.86 

23     11,243,746       9,669,353    0.86 

24     11,384,790       9,767,733    0.86 

25     11,464,801       9,829,527    0.86 

26     11,773,123      10,090,681    0.86 

27     12,089,207      10,353,847    0.86 

28     12,418,977      10,627,373    0.86 

29     12,769,732      10,918,506    0.86 

30     13,122,132      11,212,415    0.85 
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Figure 30:  Timber Yield (MBF) over Time from Original and Adjusted Modified Clear-Cut Yield Tables 

4.2.2.2 Partial Cut Yield 

The preparation of the Adjusted Partial Cut Yield Table was done in a single 

step.  This was due to the fact that partial cut yields only occurred in a single period 

for qualifying strata, making it impossible to use the Period-on-Period rate of change 

to project current yields forward.  The Adjusted Partial Cut Yield Table was therefore 

generated by applying the Timber Yield Regression Model directly to each period of 

the Adjusted Inventory Yield Table.  Here, only those strata whose age and adjusted 

inventory fell within the range of observed values �5 < Y_AG¹ < 90 and 20<Yl <
150� were adjusted.  As discussed in section 3.7.1, the purpose of filtering the 
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predictions and strata was to avoid extrapolation.  The result was that 194 strata 

�99%� out of a possible 195 were adjusted.  This resulted in the Adjusted Partial Cut 

Yield Table, with 831 unique stratum and prescription combinations. 

By linking this table back to the HnH Model land parcel data, it was possible to 

compare the adjusted partial cut yield for each period against the original.  Table 53 

and Figure 31 shows that the majority of partial cut harvests occurred between 

Period 1 and 5, and that the partial cut adjustment was approximately 40% over this 

time period. 

Table 53:  Timber Yield (MBF) over Time from Original and Adjusted Partial Cut Yield Tables 

Period 
Original Timber Yield 

(MBF) 
Adjusted Timber Yield 

(MBF) 
Ratio 

0            -               -       -   

1        424,844         251,590    0.59 

2        283,943         167,693    0.59 

3        147,333          91,468    0.62 

4         85,605          51,739    0.60 

5        119,650          71,764    0.60 

6         45,946          32,125    0.70 

7          3,118           1,483    0.48 

8            -               -       -   

9            -               -       -   

10         16,021          10,400    0.65 

11            -               -       -   

12            -               -       -   

13            -               -       -   

14            -               -       -   

15            -               -       -   

16            -               -       -   

17            -               -       -   

18            -               -       -   
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Period 
Original Timber Yield 

(MBF) 
Adjusted Timber Yield 

(MBF) 
Ratio 

19            -               -       -   

20            -               -       -   

21            -               -       -   

22            -               -       -   

23            -               -       -   

24            -               -       -   

25            -               -       -   

26            -               -       -   

27            -               -       -   

28            -               -       -   

29            -               -       -   

30            -               -       -   

 

 

Figure 31:  Timber Yield (MBF) over Time from Original and Adjusted Partial Cut Yield Tables 
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4.2.3 Adjusted Structure Yield Table 

The preparation of the Adjusted Structure Yield Table was done in a single 

step.  This was due to the fact that the original structure yield table contained a 

classification of structural type for each combination of stratum and prescription 

over time, which implied that future predictions could not be generalized through a 

Period-on-Period rate of change.  In addition, the adjustments made to inventory in 

the preceding steps most likely altered the timing of structural changes, thus making 

the original timing inappropriate to use.  Adjusting the structural yield table did 

however require a reclassification of vegetation type, since the Structure Regression 

Model utilized dominant species rather than vegetation type to distinguish between 

different types of vegetation.  Strata were therefore reclassified on dominant species 

into three classes, namely Douglas Fir, Western Hemlock or Hardwood.  Strata that 

could not be classified into any of these classes (i.e. OT and XC) were all classified as 

Hardwood. 

The Adjusted Structure Yield Table was therefore generated by applying the 

Structure Regression Model directly to each period of the Adjusted Inventory Yield 

Table.  For this step, strata were not filtered on whether they fell within the range of 

observations used for building the regression model.  This was due to the fact that 

logistic regression models predict the probability of a dichotomous outcome, and 

that the logical expectation for an extrapolated result would be either zero or one 
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(which is what the logistic regression model would return by definition).  The result 

was that all combinations of stratum and prescription were adjusted, which resulted 

in the Adjusted Structure Yield Table, with 831 entries. 

By linking this table back to the HnH Model land parcel data, it was possible to 

compare the adjusted acres of complex structure for each period against the original.  

In this case the grow-only prescription was used for illustrative purposes.  Table 54 

and Figure 32 show that the percentage of complex structure remained relatively 

unchanged up to Period 12, and that the difference remained fairly constant 

between 1 and 4% over this time.  After Period 12 though, a major difference 

between the original and adjusted yield tables was observed, which reached a 

maximum difference of 28% in Period 30.  This trend can be attributed to the fact 

that stands currently in complex structure were either not adjusted or not impacted 

significantly by adjustment, hence the fact that total complex structure remained 

fairly unchanged until Period 12.  After Period 12 though, the effect of the adjusted 

stands is seen, since fewer acres would reach the inventory level required for 

classification as complex. 
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Table 54:  Complex Structure over Time from Original and Adjusted Structure Yield Tables 

Period 

Original 
Complex 
Structure 
(Acres) 

Adjusted 
Complex 
Structure 
(Acres) 

Original 
Complex 
Structure 

(%) 

Adjusted 
Complex 
Structure 

(%) 

Difference 
(%) 

0 19,984 25,773 0.08 0.10 0.02  

1 21,127 27,008 0.09 0.11 0.02  

2 27,684 31,280 0.11 0.13 0.01  

3 31,148 35,992 0.13 0.15 0.02  

4 37,322 40,935 0.15 0.17 0.01  

5 39,275 45,789 0.16 0.19 0.03  

6 42,121 50,333 0.17 0.20 0.03  

7 44,231 54,546 0.18 0.22 0.04  

8 47,717 58,688 0.19 0.24 0.04  

9 52,577 63,096 0.21 0.26 0.04  

10 62,041 67,867 0.25 0.27 0.02  

11 69,360 72,894 0.28 0.29 0.01  

12 72,820 78,213 0.29 0.32 0.02 

13 86,369 83,567 0.35 0.34 (0.01) 

14 103,193 88,698 0.42 0.36 (0.06) 

15 115,202 93,301 0.47 0.38 (0.09) 

16 122,516 97,521 0.50 0.39 (0.10) 

17 127,365 101,215 0.52 0.41 (0.11) 

18 142,677 103,835 0.58 0.42 (0.16) 

19 150,627 107,147 0.61 0.43 (0.18) 

20 157,496 109,993 0.64 0.44 (0.19) 

21 164,107 112,735 0.66 0.46 (0.21) 

22 175,068 115,500 0.71 0.47 (0.24) 

23 182,479 118,233 0.74 0.48 (0.26) 

24 188,270 121,068 0.76 0.49 (0.27) 

25 192,483 124,064 0.78 0.50 (0.28) 

26 197,369 126,952 0.80 0.51 (0.28) 

27 200,044 129,897 0.81 0.53 (0.28) 

28 202,173 132,851 0.82 0.54 (0.28) 

29 207,520 136,103 0.84 0.55 (0.29) 

30 208,221 139,296 0.84 0.56 (0.28) 
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Figure 32:  Complex Structure over Time from Original and Adjusted Structure Yield Tables 

4.2.4 Inventory Standard Error Table 

The first step in preparing the Inventory Standard Error Table was to obtain 

the independent variables used to calculate the Adjusted Inventory Yield Table, since 

these were required as inputs for calculating the prediction standard error.  These 

were obtained through backwards solving of the Inventory Regression Model.  In 

addition, the vegetation type of each stratum was also reclassified into three 

dominant species classes, namely DX for all Douglas-Fir, WX for all Western Hemlock 

and HX for hardwoods and all others. 
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The next step was to calculate prediction intervals for all combinations of 

strata, prescription and period, using the "predict" function in R.  The prediction 

standard errors were then calculated through backwards solving of the prediction 

intervals.  The resulting standard errors are summarized in Table 55 and Figure 33.  

These showed that both the average standard error and variability increased over 

time.  This was an expected result, since there should be more uncertainty associated 

with a prediction that is further into the future. 

Table 55:  Distribution of Inventory Prediction Standard Errors 

Period Avg. S.E. Std. Dev. Of S.E. 

0 7.8930 0.3150 

1 7.8853 0.3090 

2 7.8849 0.2996 

3 7.8915 0.2990 

4 7.9049 0.3023 

5 7.9234 0.3110 

6 7.9497 0.3250 

7 7.9756 0.3437 

8 8.0074 0.3673 

9 8.0447 0.3945 

10 8.0852 0.4198 

11 8.1294 0.4503 

12 8.1762 0.4789 

13 8.2287 0.5102 

14 8.2841 0.5443 

15 8.3419 0.5781 

16 8.4006 0.6105 

17 8.4602 0.6445 

18 8.5186 0.6761 

19 8.5806 0.7091 

20 8.6388 0.7391 

21 8.6960 0.7680 
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Period Avg. S.E. Std. Dev. Of S.E. 

22 8.7561 0.7987 

23 8.8145 0.8284 

24 8.8743 0.8564 

25 8.9351 0.8824 

26 8.9954 0.9082 

27 9.0543 0.9341 

28 9.1165 0.9590 

29 9.1800 0.9832 

30 9.2441 1.0069 

 

 

Figure 33:  Distribution of Inventory Prediction Standard Errors 
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4.2.5 Timber Yield Standard Error Tables 

As with the adjusted timber yield tables, the prediction standard errors for 

the timber yield tables were created in two parts, namely Modified Clear-Cut and 

Partial Cut. 

4.2.5.1 Modified Clear-Cut 

The first step in preparing the Modified Clear-Cut Standard Error Table was to 

obtain the independent variables used to calculate the Adjusted Modified Clear-Cut 

Yield Table, since these were required as inputs for calculating the prediction 

standard error.  These were obtained through backwards solving of the Timber Yield 

Regression Model. 

The next step was to calculate prediction intervals for all combinations of 

strata, prescription and period, using the "predict" function in R.  The prediction 

standard errors were then calculated through backwards solving of the prediction 

intervals.  The resulting standard errors are summarized in Table 56 and Figure 34.  

These showed that both the average standard error and variability increased over 

time.  This was an expected result, since there should be more uncertainty associated 

with a prediction that is further into the future. 
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Table 56:  Distribution of Modified Clear-Cut Prediction Standard Errors 

Period Avg. S.E. Std. Dev. Of S.E. 

0 3.3862 0.2034 

1 3.3812 0.1525 

2 3.3886 0.1455 

3 3.3972 0.1368 

4 3.4092 0.1373 

5 3.4222 0.1350 

6 3.4379 0.1440 

7 3.4535 0.1554 

8 3.4711 0.1651 

9 3.4932 0.1835 

10 3.5089 0.1962 

11 3.5246 0.2088 

12 3.5442 0.2237 

13 3.5597 0.2364 

14 3.5784 0.2538 

15 3.5964 0.2734 

16 3.6074 0.2846 

17 3.6224 0.2974 

18 3.6421 0.3148 

19 3.6568 0.3247 

20 3.6724 0.3348 

21 3.6909 0.3477 

22 3.7113 0.3635 

23 3.7283 0.3791 

24 3.7378 0.3877 

25 3.7494 0.3925 

26 3.7699 0.4081 

27 3.7868 0.4166 

28 3.8063 0.4257 

29 3.8314 0.4389 

30 3.8589 0.4538 
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Figure 34:  Distribution of Modified Clear-Cut Prediction Standard Errors 

 

4.2.5.2 Partial Cut 

The first step in preparing the Partial Cut Standard Error Table was to obtain 

the independent variables used to calculate the Adjusted Partial Cut Yield Table, 

since these were required as inputs for calculating the prediction standard error.  

These were obtained through backwards solving of the Timber Yield Regression 

Model. 

The next step was to calculate prediction intervals for all combinations of 

strata, prescription and period, using the "predict" function in R.  The prediction 
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standard errors were then calculated through backwards solving of the prediction 

intervals.  The resulting standard errors are summarized in Table 57 and Figure 35.  

These showed that both the average standard error and variability increased over 

time.  This was an expected result, since there should be more uncertainty associated 

with a prediction that is further into the future. 

Table 57:  Distribution of Partial Cut Prediction Standard Errors 

Period Avg. S.E. Std. Dev. Of S.E. 

1 3.3387 0.0124 

2 3.3374 0.0173 

3 3.3368 0.0139 

4 3.3322 0.0131 

5 3.3316 0.0149 

6 3.3443 0.0247 

7 3.3415 0.0015 

10 3.3736 0.0000 
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Figure 35:  Distribution of Partial Cut Prediction Standard Errors 

4.2.6 Structure Standard Error Table 

The first step in preparing the Structure Standard Error Table was to obtain 

the independent variables used to calculate the Adjusted Structure Yield Table, since 

these were required as inputs for calculating the prediction standard error.  These 

were obtained directly from the Adjusted Inventory Yield Table. 

The next step was to calculate prediction intervals for all combinations of 

strata, prescription and period, using the "predict" function in R.  The prediction 

standard errors were then derived through backwards solving of the prediction 

intervals.  The resulting standard errors are summarized in Table 58 and Figure 36.  
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These show that the average standard error remained fairly constant over time.  The 

standard deviation of the prediction errors however first decreased, and then 

increased.  This can be attributed to the fact that the variability decreased as the 

landscape grew towards more complex structure, but that the effects of long term 

uncertainty eventually caused the variability to increase again. 

Table 58:  Distribution of Structure Prediction Standard Errors 

Period Avg. S.E. Std. Dev. Of S.E. 

0 0.0366 0.0247 

1 0.0366 0.0242 

2 0.0385 0.0247 

3 0.0393 0.0247 

4 0.0392 0.0241 

5 0.0386 0.0230 

6 0.0379 0.0222 

7 0.0365 0.0208 

8 0.0346 0.0190 

9 0.0329 0.0173 

10 0.0315 0.0161 

11 0.0305 0.0155 

12 0.0297 0.0151 

13 0.0291 0.0150 

14 0.0287 0.0149 

15 0.0285 0.0151 

16 0.0284 0.0154 

17 0.0284 0.0158 

18 0.0287 0.0164 

19 0.0289 0.0170 

20 0.0292 0.0177 

21 0.0296 0.0185 

22 0.0301 0.0192 

23 0.0306 0.0200 

24 0.0312 0.0208 

25 0.0319 0.0215 
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Period Avg. S.E. Std. Dev. Of S.E. 

26 0.0327 0.0222 

27 0.0334 0.0229 

28 0.0342 0.0235 

29 0.0350 0.0242 

30 0.0357 0.0248 

 

 

Figure 36:  Distribution of Structure Prediction Standard Errors 

4.3 Chance-Constrained Programming 

4.3.1 Linear Programming Models 

The data used for the LP models consisted of 3,223  unique strata �A� , 
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results for the 40% structure LP model will be reported in detail, since the model 

dimensions and execution times were fairly constant across all LP models).  For the 

existing acres, this resulted in 125,761 unique combinations of stratum, prescription 

and period across 5 yield coefficients (age, inventory volume, modified clear-cut 

volume, partial cut volume, structure probability), while for the regeneration acres it 

resulted in 193,381.  In addition, the ending inventory ��R×Ø� was set 1,823,400 

MBF, minimum harvest age �jSÕ×� to 50 years, structure targets ��T� were set to 

20, 30, 40 and 50%.  This resulted in a LP matrix with 96,831 rows 1,357,651 

columns and 47,018,385 non-zeroes, which took 5.40 minutes to compile.  The LP 

pre-solver eliminated 3,288  rows and 6,845  columns, and also made 65 

substitutions.  The pre-solve time was 9 seconds.  The reduced LP had 93,478 rows, 

1,350,741 columns, and 15,630,830 non-zeroes.  An optimal solution was reached in 

12.95 minutes and 235,810 iterations (232,095 for 20% structure, 267,449 for 30% 

structure, 217,563 for 50% structure).  Reading and saving the optimal solution took 

1.05 minutes, resulting in a total time for normal completion of 19.55 minutes. 

The results for the LP Models are summarized in the figures below.  Figure 37 

shows that harvest volume remained constant over time for all structure scenarios.  

It also shows that 92, 91, 82 and 67 MMBF can be sustained on an annual basis over 

the planning horizon, given respective structure constraints of 20, 30, 40 and 50%. 
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Figure 37:  Total Harvest Volume over Time 

Figure 38 shows the ratio of partial cut volume to modified clear-cut volume 

for the harvest volumes reported above.  Most apparent in this figure is the fact that 

periods 11 and 16 required major departures from normal partial cut levels (ratios of 

16 and 3 respectively), and that the size of the departure was positively correlated 

with the structure target.  It shows that the ratio remained fairly constant over time, 

but also that it was higher in the later periods than the earlier periods.  This indicates 

that the model increased the number of acres under partial cut prescription half way 

through the planning horizon.  These results also showed that the structure target 
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seemed to be positively correlated with the portion of partial cuts, since the ratio 

seemed to increase as the structure target increased. 

 

Figure 38:  Ratio of Partial Cut Volume to Modified Clear-Cut Volume over Time  

Figure 39 shows the development of percentage structure over time for all 

structure scenarios.  It shows that the structure constraint was not binding for certain 

periods, in particular periods 21 through 26.  It also shows that the length of time for 

which the structure constraint was not binding was positively correlated with the 

structure target. 
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Figure 39:  Development of Structure over Time 

Figure 40 shows the total standing inventory over time for all structure 

scenarios.  It shows that standing inventory remained well above the threshold level 

of 1,823 MMBF. 
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Figure 40:  Total Standing Inventory over Time 

4.3.2 Individual Chance-Constraints 

The data used for the Individual Chance-Constraints models consisted of 

3,223  unique strata �A� , modeled over 30  time periods �M, r, Ù�  using 2  distinct 

prescriptions ��� .  For the existing acres, this resulted in 125,761  unique 

combinations of stratum, prescription and period across 8 yield coefficients (age, 

inventory volume, modified clear-cut volume, modified clear-cut standard error, 

partial cut volume, partial cut standard error, structure probability, structure 

standard error), while for the regeneration acres it resulted in 
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193,381 combinations .  In addition, the ending inventory (�R×Ø)  was set at 

1,823,400 MBF, minimum harvest age (jSÕ×) to 50 years, structure target (�T) to 

40%.  Also, the standard normal deviate for total volume (ÀÞ) and structure (ÀZ) 

was set to 0.0000, −0.2027, −0.4236, −0.6932, and −1.0986, which corresponded 

with chance-constrained probabilities of 0.5, 0.6, 0.7, 0.8 and 0.9.  This resulted in a 

NLP matrix with 96,862 rows 1,357,682 columns, and 48,040,856 non-zeroes, of 

which 1,022,409  were non-linear terms with non-zeroes.  These models took 

approximately 7.82 minutes to compile.   

As noted above, five different levels of ÀÞ and ÀZ  were used during model 

construction.  These levels were selected to be representative of the full spectrum of 

risk averse chance-constrained probabilities (0.5 to 1.0).  This resulted in 25 distinct 

models, each with a unique combination of standard normal deviates for total 

volume and structure.  Of the 25 models, none reached an optimal solution, 24 were 

terminated at a feasible solution after eight hours of solving, and one encountered a 

solver error (domain error on a non-linear function).  Feasible solutions (i.e. 

terminated after eight hours) on average required 1,242  iterations (standard 

deviation 532).  To assess these models for degree of convergence to an optimal 

solution, the between-iteration change in objective function (step size) was 

evaluated at the point of termination.  The objective function step sizes are listed in 

Table 59 in MBF/Period, while Table 60 contains the step sizes converted to 
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MMBF/Year.  Table 59 indicated a step size range of 0.0099  to 247.4857 

MBF/Period, with an average of 64.1873 and standard deviation of 62.5154.  Table 

60 indicated that the range of step sizes converted to 0.0000 to 0.0495 MMBF/Year, 

with an average of 0.0128 and a standard deviation of 0.0125.  These results showed 

that the objective function was still far from converging on an optimal solution 

(default termination step size is 9.00E-08).  On the MMBF/Year scale the results 

seemed closer to converging, although far from the default convergence point.  

These results were therefore deemed to be sub-optimal, but acceptable in terms of 

MMBF/Year. 

Table 59:  Between-Iteration Step Size in MBF/Period for Feasible Individual CC Models 

Structure CC 

Probability 

Volume CC Probability 

0.5 0.6 0.7 0.8 0.9 

0.5 N/A     127.9312       94.3205          1.4211          0.0099  

0.6      80.2152       45.0466     119.7648       15.4833       74.1097  

0.7    105.7995       19.1587          8.6821       43.9228       18.7032  

0.8    247.4857     113.7603     105.4884          1.0181          0.0113  

0.9  ERROR     149.8152       52.1564       50.3402          1.6644  

 

Table 60:  Between-Iteration Step Size in MMBF/Year for Feasible Individual CC Models 

Structure CC 

Probability 

Volume CC Probability 

0.5 0.6 0.7 0.8 0.9 

0.5  N/A       0.0256       0.0189       0.0003       0.0000  

0.6      0.0160       0.0090       0.0240       0.0031       0.0148  

0.7      0.0212       0.0038       0.0017       0.0088       0.0037  

0.8      0.0495       0.0228       0.0211       0.0002       0.0000  

0.9  ERROR       0.0300       0.0104       0.0101       0.0003  
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The results for these models are summarized in Table 61 through Table 64.  

Table 61 and Table 63 show the results in the original model units, namely 

MBF/Period and acres of complex structure.  Table 62 and Table 64 show the results 

in units typically used in the policy making process, namely MMBF/Year and 

percentage of complex structure.  The results for total harvest volume exhibited no 

correlation over the harvest volume and structure probability levels, and appeared 

almost random.  This was an unexpected result, since the total harvest volume was 

expected to decrease as the volume and structure probability increased.  The results 

for complex structure exhibited strong correlation with the structure probability 

levels, while the volume probability seemed to have little effect. 

Table 61:  Chance-Constrained Total Harvest Volumes in MBF/Period for the Individual Chance-

Constraint Models 

Structure CC 

Probability 

Volume CC Probability 

0.5 0.6 0.7 0.8 0.9 

0.5      410,396       373,214       386,961       356,718       390,852  

0.6      393,380       386,692       359,812       377,526       385,144  

0.7      391,012       390,880       386,605       378,744       385,337  

0.8      346,998       390,324       387,729       386,985       381,243  

0.9  ERROR       373,923       362,240       388,130       391,008  
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Table 62:  Chance-Constrained Total Harvest Volumes in MMBF/Year for the Individual Chance-

Constraint Models 

Structure CC 

Probability 

Volume CC Probability 

0.5 0.6 0.7 0.8 0.9 

0.5               82                75                77                71                78  

0.6               79                77                72                76                77  

0.7               78                78                77                76                77  

0.8               69                78                78                77                76  

0.9  ERROR                75                72                78                78  

 

Table 63:  Chance-Constrained Complex Structure Acres for the Individual Chance-Constraint Models 

Structure CC 

Probability 

Volume CC Probability 

0.5 0.6 0.7 0.8 0.9 

0.5         72,831          72,831          72,831          72,831          72,831  

0.6         72,720          72,719          72,737          72,738          72,734  

0.7         72,621          72,620          72,611          72,616          72,612  

0.8         75,685          72,483          72,479          72,465          72,475  

0.9  ERROR          72,342          72,275          72,301          72,295  

 

Table 64:  Chance-Constrained Complex Structure Percentage for the Individual Chance-Constraint 

Models 

Structure CC 

Probability 

Volume CC Probability 

0.5 0.6 0.7 0.8 0.9 

0.5         0.4000          0.4000          0.4000          0.4000          0.4000  

0.6         0.3994          0.3994          0.3995          0.3995          0.3995  

0.7         0.3988          0.3988          0.3988          0.3988          0.3988  

0.8         0.4157          0.3981          0.3981          0.3980          0.3980  

0.9  ERROR          0.3973          0.3970          0.3971          0.3971  
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The results obtained through this analysis did not support the formulation of 

any inferences pertaining to total harvest volume.  This can be attributed to the fact 

that the results were generally sub-optimal, and did not exhibit any correlation 

between probability and harvest volume.  The latter should however not be excluded 

as a valid result, since it is conceivable that this problem is complex enough to yield a 

solution space that produces unstructured results.  However, the fact that the 

feasible results were generally sub-optimal implied that the results were unstable, 

which essentially precluded the formulation of any inference. 

With regards to complex structure, the results seemed to suggest a negative 

correlation between the complex structure probability and the chance-constrained 

complex structure achieved.  I.e. the higher the probability, the lower the area of 

complex structure that can be achieved under said probability.  This was an expected 

result, since increasing probabilities between 0.5 and 1.0 would result in smaller 

negative standard normal deviates.  These results however failed to indicate a 

correlation between harvest volume probability and chance-constrained complex 

structure.  It was therefore concluded that chance-constrained structure was not 

affected by the harvest volume probability.  These inferences are however called into 

question when considering the fact the sub-optimal nature of the feasible solutions.  

However, the results returned for chance-constrained structure exhibited consistent 

and stable trends.  In addition, complex structure acted as a model constraint, which 



256 

 

implies that it would have been subject to less fluctuation than harvest volume which 

was directly linked to the objective function (The order of operations for the CONOPT 

solver is to find a feasible solution first, where after it tries to improve on this 

solution while remaining in the feasible solution space.  Values associated with model 

constraints will therefore fluctuate less than those associated with the objective 

function, since the model is attempting to remain feasible while optimizing the 

objective function.  It was therefore concluded that the chance-constrained complex 

structure was negatively correlated to the structure probability, but was unaffected 

by the harvest volume probability. 

It was also interesting to note that the harvest volume and structure 

probabilities had a relatively small impact on the chance-constrained harvest volume, 

despite the fact that the results were potentially sub-optimal.  This is illustrated in 

Table 65, which shows each chance-constrained total harvest volume as a fraction of 

the linear programming total harvest volume.  These results showed that the chance-

constrained total harvest volume ranged between 85 and 96%  of the linear 

programming total harvest volumes, with an average of 93%  (0.03%  standard 

deviation).  These fractions could potentially be even higher if the optimal solutions 

were found, since the solutions will trend closer towards the linear programming 

solution as optimality is neared.  These results therefore indicated that relatively 

large gains in harvest volume probability (from 0.5 to 0.9) could be achieved for a 
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relatively small (4 to 15%) deviation from the risk neutral (linear programming) 

solution. 

Table 65:  Chance-Constrained Total Harvest Volume as Fraction of Linear Programming Total 

Harvest Volume for the Individual Chance-Constraint Models 

Structure CC 

Probability 

Volume CC Probability 

0.5 0.6 0.7 0.8 0.9 

0.5         1.0000          0.9094          0.9429          0.8692          0.9524  

0.6         0.9585          0.9422          0.8767          0.9199          0.9385  

0.7         0.9528          0.9524          0.9420          0.9229          0.9389  

0.8         0.8455          0.9511          0.9448          0.9430          0.9290  

0.9  ERROR          0.9111          0.8827          0.9457          0.9528  

 

The final step was to quantify the degree of between-row diversification in 

each model result, by calculating the portion of strata that were harvested over 

multiple periods instead of a single period.  The objective was to calculate the 

diversification for each combination of chance-constrained probabilities, and to 

identify trends across the probabilities.  Here a trend towards higher diversification 

would suggest that the impact of the chance-constrained probabilities was not 

limited to the harvest and structure targets, but that it also impacted the 

composition of the landscape as a whole.  The results of this analysis were as follows: 
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Table 66:  Diversification of Results from Individual Chance-Constrained Models 

Structure CC 

Probability 

Volume CC Probability 

0.5 0.6 0.7 0.8 0.9 

0.5 0.01 0.01 0.02 0.01 0.01 

0.6 0.02 0.01 0.02 0.02 0.02 

0.7 0.01 0.01 0.04 0.01 0.02 

0.8 0.01 0.01 0.02 0.02 0.02 

0.9  ERROR  0.01 0.02 0.01 0.01 

 

These results indicated that between 1 and 4 percent of strata were harvested in 

multiple periods, with an average of 2 percent and a standard deviation of 1 percent.  

There was no discernable trend with regards to diversification, which indicated that 

the landscape composition was not a function of the chance-constrained 

probabilities.  This result was however not conclusive, given the suboptimal nature of 

the model results. 

4.3.3 Chance Maximizing 

The data used for the Chance-Maximizing models consisted of 3,223 unique 

strata �A�, modeled over 30 time periods �M, r, Ù� using 2 distinct prescriptions ���.  

For the existing acres, this resulted in 125,761 unique combinations of stratum, 

prescription and period across 8 yield coefficients (age, inventory volume, modified 

clear-cut volume, modified clear-cut standard error, partial cut volume, partial cut 

standard error, structure probability, structure standard error), while for the 
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regeneration acres it resulted in 193,381.  In addition, ending inventory ��R×Ø� was 

set at 1,823,400 MBF, minimum harvest age �jSÕ×� to 50 years, structure targets 

��T�  to 20, 30, 40 and 50%,  and total harvest volume targets :>WL<  to 

48, 62, 80 and 100 MMBF per year.  This resulted in a NLP matrix with 96,982 rows, 

1,357,772  columns, and 49,791,290  non-zeroes, of which 2,772,694  were non-

linear terms with non-zeroes.  These models took approximately 11.27 minutes to 

compile.   

As noted above, four different levels of �T and >WL were used during model 

construction.  The >WL values corresponded with the levels defined for each of the 

interest groups defined in section 3.1.5.1.  The structure levels were chosen 

arbitrarily around the 40% target used by the ODF at the time of this study.  This 

resulted in 16 distinct models, each with a unique combination of harvest and 

structure targets.  Of the 16 models, 3 reached an optimal solution, while the rest 

were terminated at a feasible solution after eight hours of solving.  The average time 

to reach an optimal solution was 3.65 hours (standard deviation 0.48), and 681 

iterations (standard deviation 254).  Feasible solutions (i.e. terminated after eight 

hours) on average required 4,442 iterations (standard deviation 1,879).  To assess 

these models for degree of convergence to an optimal solution, the between-

iteration change in objective function (step size) was evaluated at the point of 

termination.  These step sizes are listed in Table 67 for the objective function in 
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standard deviate units, while Table 68 contains the step sizes converted to change in 

probability.  Table 67 indicated a step size range of 0.00E+00 to -1.44E-02 standard 

deviates, with an average of -1.25E-03 and standard deviation of 3.55E-03 standard 

deviates.  Table 68 indicated that the range of step sizes converted to probabilities 

from 0.00E+00 to 1.57E-09, with an average of 1.76E-10 and a standard deviation of 

4.85E-10.  These results showed that the objective function was still far from 

converging on an optimal solution (default termination step size is 9.00E-08), but the 

change in probabilities was small enough to be negligible.  Therefore, in terms of 

chance-constrained probabilities, the results were deemed to be optimal and stable. 

Table 67:  Between-Iteration Step Size in Standard Deviates for Feasible Chance Maximizing Models 

 

Structure Target (%) 

MMBF/Year 20 30 40 50 

48 -1.66E-03 -1.55E-04 -1.49E-03 -1.54E-04 

62 -1.44E-02 -4.32E-07 -6.62E-04 0.00E+00 

80 -1.00E-10 -1.34E-03 -7.00E-09 0.00E+00 

100 0.00E+00 -2.06E-05 0.00E+00 -9.61E-05 

 

Table 68:  Between-Iteration Step Size in Probability for Feasible Chance Maximizing Models 

 

Structure Target (%) 

MMBF/Year 20 30 40 50 

48 0.00E+00 0.00E+00 0.00E+00 2.71E-13 

62 0.00E+00 0.00E+00 2.44E-15 0.00E+00 

80 0.00E+00 1.25E-09 1.57E-09 0.00E+00 

100 0.00E+00 2.94E-12 0.00E+00 0.00E+00 
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The results for these models are summarized in Table 69 and Table 70.  These 

results showed that the standard normal deviate was positively correlated with 

harvest level and structure target, i.e. the higher the harvest level or structure target, 

the higher the standard normal deviate.  This translated into the chance-constrained 

probability being negatively correlated with harvest level and structure target, i.e. 

the higher the harvest level or structure target, the lower the probability of it being 

met.  This was an expected result, since higher harvest levels and structure targets 

are associated with higher demands on a fixed resource. 

Table 69:  Standard Normal Deviates for the Chance Maximizing Models 

 

Structure Target (%) 

MMBF/Year 20 30 40 50 

48 -45.16 -37.12 -29.23 -13.07 

62 -22.49 -21.76 -13.62 -2.28 

80 -9.86 -8.68 -0.97 13.94 

100 6.86 8.22 19.20 35.08 

 

Table 70:  Chance-Constrained Probabilities for the Chance Maximizing Models 

 

Structure Target (%) 

MMBF/Year 20 30 40 50 

48 1.00E+00 1.00E+00 1.00E+00 1.00E+00 

62 1.00E+00 1.00E+00 1.00E+00 9.90E-01 

80 1.00E+00 1.00E+00 8.75E-01 7.78E-13 

100 1.09E-06 7.31E-08 0.00E+00 0.00E+00 

 

Of interest in these results was the fact that 15 out of 16 models returned 

probabilities that were either zero or one.  This indicated that most of the simulated 
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policy positions were either unattainable, or had no risk associated with them.  The 

only scenario with a probability of between zero and one was a harvest level of 80 

MMBF per year and a structure goal of 40%.  This scenario corresponded with the 

Performance Measures guidelines, and had an 87% chance of success.   

The model results also indicated that, given the above range of harvest levels 

and structure targets, that the chance-constrained probabilities might be extremely 

sensitive to harvest level, while fairly insensitive to structure target.  This was evident 

in the fact that the probabilities switched between the extreme values of one and 

zero across the harvest levels, for all structure scenarios.  By contrast, the 

probabilities remained constant (either zero or one) across the structure targets for 

three out of the four harvest level scenarios (The 80 MMBF per year harvest level 

exhibited a change from zero to one across the structure targets).  This suggested 

that the range of harvest levels associated with probability values between zero and 

one was small, since the probability changes observed above were extreme and 

abrupt.  It was therefore decided to build a second set of chance maximizing models, 

which could be used to quantify the range of harvest levels that would be associated 

with probabilities between 0.5 and 1.0 (The range of 0.5 to 1.0 is the risk adverse 

range, and it is also the range over which the model formulation is convex).  The 

strategy for this second set of models was to incrementally decrease the annual 

harvest level obtained from the LP models, until the chance-constrained probability 
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reached one.  This would result in a range of annual harvest levels, each with a 

chance maximizing probability.  This process was repeated across all four structure 

targets. 

The results of these models are summarized in Figure 41 and Figure 42.  Here, 

Figure 41 shows the decrease in harvest level associated with an increase in chance 

maximized probability from 0.5 to 1.0.  This chart shows that a modest reduction in 

harvest level resulted in a substantial increase in probability, across all structure 

scenarios.  For instance, a change from 0.5 to 1.0 probability was associated with a 

harvest level reduction from 92 to 88 MMBF/Year for 20% structure, 91 to 87 

MMBF/Year for 30% structure, 82 to 78 MMBF/Year for 40% structure and 67 to 63 

MMBF/Year for 50% structure.  Figure 42 reports the change in harvest level as a 

percentage of the LP harvest level, i.e. which percentage reduction is required for a 

given probability level.  This chart shows that a probability of 1.0 can be reached 

using a harvest level reduction of between 4 to 6%, depending on the structure 

target.  This chart also shows that the slope of the curve decreases as the probability 

approaches one, implying that large gains in probability can be made for relatively 

small reductions in harvest level.  For instance, a 2% reduction yields a probability of 

0.85 for 20% structure, 0.92 for 30% structure, 0.89 for 40% structure, and 0.73 for 

50% structure. 
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Figure 41:  Probability vs. Harvest Level per Structure Target 

 

Figure 42:  Percentage of LP Solution vs. Probability per Structure Target 
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The final step was to quantify the degree of between-row diversification in 

each model result, by calculating the portion of strata that were harvested over 

multiple periods instead of a single period.  The objective was to calculate the 

diversification for each combination of chance-constrained probability and structure 

target, and to identify trends across these parameters.  Here a trend towards higher 

diversification would suggest that the impact of these parameters was not limited to 

the harvest and structure targets, but that it also impacted the composition of the 

landscape as a whole.  The results of this analysis were as follows: 

 

Figure 43:  Diversification of Results from the Chance Maximizing Models 
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Figure 43 shows the degree of diversification (y-axis) that was observed over a 

range of chance-constrained probability levels (x-axis), at four structure targets (20%, 

30%, 40% & 50%).  The probabilities are the same as those reported in Figure 41, i.e. 

the minimum probability of achieving both the harvest volume and structure targets 

over all planning periods.  These results indicated that the degree of diversification 

(percentage increase in strata) ranged between 1 and 12 percent, with an average of 

3 percent and a standard deviation of 3 percent.  In general these results indicated 

an almost insignificant degree of diversification.  The results also suggested a positive 

correlation between probability and diversification, and a negative correlation 

between probability and structure percentage.  This can be attributed to the fact that 

the models with lower structure targets were less constrained, which allowed the 

solution to use more diversification during optimization. 

4.3.4 Correlation Simulation 

The final analytical routine dealt with the simulation of correlated yield 

coefficients.  It was mentioned in section 3.8.2.2 that the assumption of independent 

yield coefficients was essential for ensuring the solvability of the CCP formulations.  It 

was also shown that this assumption was justifiable in the case of within-row 

covariance (between strata), but that the assumption of zero between-row 

covariance was unrealistic (it is reasonable to expect that the yield coefficients 
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associated with a given stratum would be correlated across the planning periods).  

Therefore, although it was not possible to include this type of correlation in the CCP 

formulations, the alternative was to test the CCP results for sensitivity to this type of 

correlation.  This was through a post-optimality simulation routine, which applied 

correlated yield coefficients to the results from a CCP formulation, and measured the 

impact through simulation.  Only one CCP model was tested in this way, but it was 

expected that the results were transferable to the other models as well.  The model 

that was tested was the Chance Maximizing model with an annual harvest volume 

target of 81 MMBF/Year, and a complex structure target of 40%.  The minimum 

probability associated with meeting the harvest and structure goals for this model 

was 74%. 

The first step in this analysis was to estimate the between-row correlation for 

each stratum.  This was obtained through the Pearson product-moment correlation 

coefficient, which was obtained by fitting a regression line through 1,000 random 

samples for each period.  The resulting correlation coefficients are illustrated in Table 

71, Figure 44 and Figure 45. 
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Table 71: Summary Statistics for Pearson Product-Moment Correlation Coefficients 

 
Min. 

1st 
Quant. 

Median Mean 
3rd 

Quant. 
Max. 

Exist. Strata: 
Mod. Clear-Cut 

0.28 0.75 0.88 0.82 0.93 0.98 

Regen. Strata: 
Mod. Clear-Cut 

0.77 0.97 0.97 0.97 0.98 0.98 

Exist. Strata: 
Complex Struct. 

0.06 0.92 0.95 0.89 0.96 0.99 

Regen. Strata: 

Complex Struct. 
0.78 0.98 0.98 0.98 0.99 0.99 

 

 

Figure 44:  Pearson Product-Moment Correlation Coefficients for Modified Clear-Cut Yield 
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Figure 45:  Pearson Product-Moment Correlation Coefficients for Complex Structure Probability 

Yield Coefficients 
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Figure 46:  Simulation Results for Total Harvest Volume 

 

 

Figure 47:  Simulation Results for Percentage Complex Structure 
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Figure 48:  Summary of Simulation Probabilities 
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to reject >� that the average probability of achieving the goals across the periods 

was equal to 74% �; = 0.4754�.  It was however also noted that 70% of the harvest 

volume probabilities were above the 74% threshold, while only 43% of the complex 

structure probabilities were above. 

The general conclusion from this analysis was that the inclusion of correlated 

yield coefficients did not have a significant impact, since the simulated results were 

still relatively close to the CCP results.  Specifically, with regards to harvest volume it 

was concluded that the correlated yield coefficients had an insignificant impact, 

while there was some indicative, but also inconclusive, evidence that the complex 

structure probabilities might have been impacted more.  This could be attributed to 

the fact that the harvest volume coefficients typically appear only once per stratum 

(when it is harvested), while the complex structure coefficients appear in every 

period that the stratum exists.  There is therefore more opportunity for the complex 

structure coefficients to be affected by correlation, and it would therefore be more 

likely to deviate from the original CCP threshold. 
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5 Discussion 

This section will discuss the findings of this study in three parts.  The first will 

discuss general findings, while the second will discuss the results within the 

framework of the research question and propositions.  The third will discuss the 

results within the context of previous and future research. 

5.1 General Findings 

This case study focused on the Tillamook State Forest and the issues 

associated with multiple objective forest management under uncertainty.  The forest 

management objectives that were targeted were complex forest structure and 

harvest volume.  The purpose of the forest structure objective was to grow forests 

that were naturally diverse and made a landscape contribution towards functioning 

ecosystems, recreational opportunities, and sustained timber yield.  The purpose of 

the harvest volume objective was to maximize timber yield, and by extension 

revenue.  The uncertainty encountered in this case study was primarily attributed to 

a lack of inventory samples, and an agency estimate that clear-cut volumes were 

over-predicted by 33% and partial cut volumes by 14%. 

One of the essential elements of studying the impact of uncertainty in this 

case study was to obtain a parameterization of the uncertainty itself.  This was 

obtained through regression analysis of planned inventory and timber yield vs. actual 
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inventory and timber yield.  The actual data was gathered from timber sale 

prospectuses, while the planned data was gathered from the Oregon Department of 

Forestry's (ODF) forest management planning system (HnH).  It was found that the 

difference between average planned and actual inventory was not significant, but 

that the actual inventory did exhibit more variation than the planned inventory.  

Using a regression model to adjust the planned inventory resulted in a 10% reduction 

in inventory, which was within the ODF's acceptable limits.  With regards to planned 

vs. actual timber yields the regression model resulted in a 21% reduction in modified 

clear-cut volumes, and a 40% reduction in partial cut volumes.  These were well 

beyond the ODF's acceptable limits.  Therefore, contrary to the ODF's assumption 

that a lack of inventory data caused the uncertainty, it was found that the 

discrepancy between planned and actual inventory levels were within acceptable 

norms.  A substantial degree of uncertainty was however found in the timber yield 

estimates.  Since timber yields are calculated by subtracting the leave-tree volume 

from the inventory, it was concluded that the discrepancy had to be with these leave-

tree volumes.  This suggested that the uncertainty could be attributable to a systemic 

problem with calculating timber yield, rather than a lack of information. 

With regards to the use of Chance-Constrained Programming (CCP), it was 

noted in section 3.8.2.2 that the assumption of uncorrelated yield coefficients was 

essential to model solvability.  It is however recognized that yield coefficients are 
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correlated and that this correlation typically manifests itself in two forms, namely 

within-row and between-row.  Here within-row refers to the correlation that 

theoretically exists between land units that are in close proximity to each other, 

while between-row refers to the theoretical correlation between the planning 

periods of a given land unit.  In terms of this study it was argued that within-row 

correlation can be ignored, since the land units were aggregated up to the stratum 

level.  To the examine the impact of the between-row correlation a two step 

analytical process was implemented.  The first step was to quantify the between-row 

correlation, while the second step applied this correlation to the results of a CCP 

model through simulation.  With regards to the first step it was found that the yield 

coefficients were highly correlated, with average correlation coefficients of 0.82 for 

modified clear-cut yield from existing strata, 0.97 for modified clear-cut yield from 

regeneration strata, 0.89 for complex structure yield from existing strata, and 0.98 

for complex structure yield from regeneration strata.  With regards to the impact of 

correlation coefficients, it was found that the resulting probabilities were not 

significantly lower or different from the original probability returned by the CCP 

model.  The final conclusion was that the harvest volumes remained unchanged, but 

that there was suggestive, albeit inconclusive, evidence that the complex structure 

might have been affected.  This was attributed to the fact that the harvest volume 
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coefficients typically only appeared once in the stratum lifetime, while the structure 

yield coefficients appeared every period that the stratum existed. 

5.2 Research Question and Propositions 

In this section each of the initial propositions will be revisited and discussed in 

light of the results that were generated, followed by a discussion of the research 

question itself. 

5.2.1 Proposition 1 

The first proposition was: 

 

“Uncertainty has a substantial impact on forest management planning” 

 

This proposition aimed to investigate the impact of uncertainty on the results 

of forest management planning, since the existence of uncertainty is well recognized, 

yet it is rarely explicitly implemented in the planning process.  The conclusions 

around this proposition were driven by the results of the chance-constrained models.  

Firstly, the results returned by the individual chance-constraint models were 

disappointing in the sense that they were suboptimal and did not exhibit a 

correlation between probability and harvest volume.  Despite these shortcomings, 

these models did however show that relatively large gains in harvest volume 
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probability (from 0.5 to 0.9) could be achieved for a relatively small (4 to 15%) 

deviation from the risk neutral solution.  This pattern was confirmed through the 

chance maximizing models, which also showed that a small reduction (4 to 6%) in 

harvest volumes resulted in solutions that were essentially certain in terms of the 

model parameters.  The conclusion from this was that the uncertainty pertaining to 

timber and vegetation yields did not have a significant impact on the forest 

management outcomes for this case study, and that large gains in certainty with 

regards to timber and vegetation yields could be achieved for a relatively small 

reduction in forest management outcomes.  These conclusions were made within the 

context of the assumption that the between-period (between-row) yield covariance 

was zero.  A post-optimality analysis of the solution divergence however indicated 

that the impact of between-row covariance was insignificant in this problem. 

5.2.2 Proposition 2 

The second proposition was: 

 

“Traditional methods of dealing with uncertainty deliver sub-optimal results” 

 

Uncertainty has traditionally been incorporated into forest management 

planning through worst-case scenarios, parametric programming and sensitivity 
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analysis.  These methods consider the impact of uncertainty implicitly rather than 

explicitly, and the purpose of this proposition was to show that this resulted in sub-

optimal solutions.  In this case study, the ODF elected to reduce their optimized 

timber volume targets by a fixed percentage which was calculated through a planned 

vs. actual comparison process (33% for clear-cuts and 14% for partial cuts).  This 

essentially represented a worst-case scenario, since it was assumed that the 

uncertainty was fixed at this level over the whole planning horizon.  This resulted in a 

harvest target of ±62 MMBF per year.  The results from the chance maximizing 

models however showed that this harvest level could be maintained at zero risk with 

regards timber and vegetation yield, across the full range of structure goals (20 to 

50%).  If the structure goal was fixed at 40%, then a harvest target of ±78 MMBF per 

year could be maintained at zero risk with regards to timber and vegetation yield.  

This worst-case scenario therefore represented a ±20% departure from the risk 

neutral position, which was in stark contrast to subsequent chance maximizing 

models which showed that certainty could be achieved through a ±5% departure 

from optimality.  It was therefore concluded that traditional methods of dealing with 

uncertainty in forest management planning resulted in substantial sub-optimality. 

5.2.3 Proposition 3 

The third proposition was: 
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“The effects of uncertainty is compounded in multi-criteria forest management plans” 

 

It is well established that forest management problems have to address 

multiple criteria to fulfill the needs and wishes of a diverse society.  It is also well 

established that these criteria are often divergent, and that they typically result in 

reduced overall outcomes.  What is less known is the impact of uncertainty combined 

with multi-criteria forest management planning.  The purpose of this proposition was 

therefore to examine the interaction between uncertainty and multi-criteria forest 

management, by comparing the results from the linear programming and chance 

maximizing models under a range of multi-criteria targets.  In particular, the 

proportional change in harvest volume was calculated for switching from one 

structure target to another within both the linear programming and chance 

maximizing model.  These proportions were then compared against each other to 

ascertain whether the combination of multi-criteria management and uncertainty 

had an impact on the solution.  These results are shown in Table 72 through Table 74. 
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Table 72:  Proportional Change in Linear Programming Harvest Volumes for Switching from One 

Structure Target to Another 

Structure 

Target (%) 

Structure Target (%) 

20 30 40 50 

20           1.00            0.99            0.89            0.72  

30           1.01            1.00            0.90            0.72  

40           1.13            1.12            1.00            0.81  

50           1.40            1.38            1.24            1.00  

 

Table 73:  Proportional Change in Chance Maximizing Harvest Volumes for Switching from One 

Structure Target to Another 

Structure 

Target (%) 

Structure Target (%) 

20 30 40 50 

20           1.00            0.99            0.89            0.73  

30           1.02            1.00            0.90            0.74  

40           1.13            1.11            1.00            0.74  

50           1.38            1.35            1.22            1.00  

 

Table 74:  Difference in Proportional Harvest Volume after Inclusion of Uncertainty (Linear 

Programming vs. Chance Maximizing) 

Structure 

Target (%) 

Structure Target (%) 

20 30 40 50 

20                -             0.00          (0.00)         (0.01) 

30         (0.00)                -           (0.00)         (0.01) 

40           0.00            0.01                 -             0.07  

50           0.02            0.03            0.02                 -   
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Here Table 72 shows the proportional change in harvest volume associated 

with a switch from one structure target to another, while Table 73 shows the same 

for the chance maximizing model.  Table 74 shows the difference between these two 

proportions, and by extension the effect of introducing uncertainty into a multi-

criteria problem.  This table shows that the absolute difference ranged between 0.00 

and 0.07, with a mean of 0.02 and a standard deviation of 0.02.  The conclusion was 

therefore that the introduction of uncertainty did not have a significant impact on 

the results within the context of multi-criteria forest management, since the 

observed differences were all well below 10%. 

5.2.4 Proposition 4 

The fourth proposition was: 

 

“The decision maker’s attitude towards risk is a significant driver in forest 

management planning” 

 

It is well known that the decision maker's attitude towards risk is a 

determining factor in decision making under uncertainty.  The purpose of this 

proposition was therefore to incorporate and evaluate the impact of risk preference 

on decision making.  In this study the term "decision maker" collectively referred to 
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all stakeholders and participants who shared a common outlook on expected 

outcomes from the Tillamook State Forest.  The grouping of stakeholders was 

therefore based on harvest volume preferences expressed at public hearings, which 

also served as a quantification of the group's attitude towards the risk of 

unsustainable harvest volume and forest structure.  Four different groups were 

identified, which for the purposes of this discussion were labeled "production", 

"balanced", "agency" and "conservation".  The "production" group represented 

individuals and organizations from the timber industry, as well as representatives 

from those counties receiving a portion of the timber sale revenues.  The harvest 

level associated with this group was ±100 MMBF per year.  This group essentially 

exhibited the lowest level of risk aversion towards sustained timber yields and forest 

structure, since they called for the highest possible harvest volume despite the 

uncertainty associated with current and future outcomes.  The "balanced" group 

essentially represented the Board of Forestry and the policies put forward by them, 

in particular the performance measures designed to manage forests towards the 

principle of "greatest permanent value".  The harvest level associated with this group 

was ±80 MMBF per year.  This group exhibited a balanced level of risk aversion 

towards sustained timber yields and forest structure, since they sought solutions that 

balanced both the timber harvest and complex structure goals of the management 

plan.  The "agency" group represented the ODF as an organization.  The harvest level 
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associated with this group was ±62 MMBF per year.  This group exhibited a higher 

level of risk aversion towards sustained timber yields and forest structure, since they 

were tasked with implementing forest management plans.  In an uncertain operating 

environment they would therefore prefer to set targets that they were sure they 

could achieve.  The "conservation" group represented individuals and organizations 

focused on preserving the ecological diversity, recreational opportunities and non-

timber related revenue sources.  The harvest level associated with this group was ±48 

MMBF per year.  This group exhibited the highest level of risk aversion towards 

sustained timber yields and forest structure, since they typically called for a 

minimization of the harvest targets in order to minimize the level of landscape 

disturbance. 

The risk preference of each of these groups was evaluated through the 

chance maximizing model, by using as inputs the harvest level associated with the 

group and a range of forest structure targets.  The results from these models were 

summarized in Table 70 within section 4.3.3.  These results indicated an extremely 

polarized situation with regards to risk preference, since most of the "decision 

makers" were located at the polar extremes of probability.  For instance, the risk 

preference associated with the "agency" and "conservation" groups proved to be 

extremely risk averse, since the stated harvest and structure targets could be 

sustained with certainty.  Conversely, the risk preference associated with the 
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"production" group proved to be extremely risk seeking, since the stated harvest and 

structure targets could only be sustained with zero probability.  The "balanced" 

group returned a mixed set of results, since the stated harvest target could be 

sustained with certainty at a structure target of 20 and 30%, 87% probability at a 40% 

structure target, and zero probability at a 50% structure target. 

From the data that was gathered it was evident that different attitudes 

towards forest management risk resulted in different harvest volume preferences.  

What was unknown was the significance of the differences between these risk 

preferences, and by extension attitudes towards risk.  The results from the chance 

maximizing models showed that the difference in risk attitudes were clearly 

significant.  This at least confirmed the stated proposition, that the decision maker’s 

attitude towards risk was a significant driver in forest management planning.  

Subsequent analysis using the chance maximizing model also showed that a relatively 

small reduction (4 to 6%) in harvest volumes yielded an almost certain solution.  This 

was in contrast to the risk preference analysis described above, since this showed 

that the risk preferences were significantly different with regards to probability and 

harvest volume.  This highlighted the fact that uncertainty cannot be considered 

without the decision maker's attitude towards risk, since exclusive consideration of 

the probability of an uncertain outcome resulted in relatively small deviations (4 to 

6%) from the optimum, while the outcomes considering both attitude towards risk 
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and uncertainty resulted in large deviations �±50%� from the optimum.  It should 

however be noted that the true extent of the uncertainty was not known when the 

decision makers formulated their preferences, and it could be argued that these 

preferences could shift once better information became available. 

5.2.5 Proposition 5 

The fifth proposition was: 

 

“Probabilistic methods can be applied to large-scale forest management problems” 

 

It has been noted that probabilistic methods are the most appropriate tool for 

strategic level forest management planning under uncertainty.  It’s application has 

however traditionally been hampered by the fact that these models are extremely 

large and complex when applied to medium- to large-scale forest problems, and the 

perception has been that they are essentially impossible to solve.  The purpose of 

this proposition was therefore to show that these models are applicable and solvable 

for large forest management problems. 

The chance constrained models that were used in this study consisted of 

3,223 unique strata, modeled over 30 time periods, using 2 distinct prescriptions.  

For the existing acres, this resulted in 125,761 unique combinations of stratum, 
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prescription and period across 8 yield coefficients, while for the regeneration acres it 

resulted in 193,381.  In the case if the Individual Chance-Constraints model this 

resulted in a NLP matrix with 96,862 rows 1,357,682 columns, and 48,040,856 non-

zeroes, of which 1,022,409 were non-linear terms with non-zeroes.  In the case of 

the Chance Maximizing model this resulted in a NLP matrix with 96,982 rows 

1,357,772  columns, and 49,791,290  non-zeroes, of which 2,772,694  were non-

linear terms with non-zeroes.  These models were much larger than those used in 

previous research on using CCP in forest management planning.  With regards to the 

solvability of these models the results were mixed.  In the case of the Individual 

Chance-Constraints model, none of the models reached an optimum solution, and 

the results were also shown to be sub-optimal after eight hours of solving.  In the 

case of the Chance Maximizing model, 3 out of 16 models reached an optimum 

solution, and the rest had converged sufficiently after eight hours of solving to be 

considered optimal.  This indicated that chance constrained models of this size and 

complexity were solvable, but also that the solvability was dependent on the type of 

CCP formulation. 

5.2.6 Research Question 

Finally, the research question for this case study was as follows: 
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“What is the impact of explicitly incorporating uncertainty in applied, large-scale, 

multi-criteria forest management planning problems” 

 

Through the above propositions it was shown that the impact of uncertainty 

on the optimal solution was minimal across a range of forest management criteria.  It 

was also however shown that the combined impact of uncertainty and attitude 

towards risk can be considerable, especially in a situation where uncertainty is poorly 

parameterized.  It was also shown that traditional approaches to dealing with 

uncertainty (such as worst-case analysis) resulted in highly pessimistic results.  Thus, 

while it could be argued that the inclusion of uncertainty was arbitrary since its 

impact was minimal, it is however important to note that the exclusion of uncertainty 

had far greater consequences.  The relevance of uncertainty is therefore not so much 

in its inclusion, but rather in its exclusion. 

With regards to the multi-criteria nature of forest management problems, the 

propositions showed that the dynamics of such problems were not altered 

significantly through the inclusion of uncertainty (i.e. the relationship between 

structure and volume was not altered significantly).  The propositions also showed 

that large-scale forestry problems were solvable with CCP formulations, but that the 

solvability was dependent on the formulation itself.  In this case the results found 

that the Chance Maximizing formulation was solvable. 
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5.3 Previous and Future Research 

This section will discuss the results from this study in the context of previous 

and future research.  With regards to previous research, the discussion will focus on 

contributions this study made towards understanding the impact of uncertainty on 

forest management, as well as the contributions made towards using chance-

constrained programming in forest management problems.  The future research 

section will highlight the shortcomings of this study, and how they could potentially 

be addressed in future research. 

5.3.1 Uncertainty and Forest Management 

It was shown in the Literature Review (section 2.4) that the research focus in 

forest management under uncertainty has typically been on new and improved 

techniques.  Little attention has been given to applying these techniques, and in 

cases where an application was shown, the problem was typically either hypothetical 

or extremely small compared to applied problems.  This raised the question whether 

these techniques were transferable to applied forestry.  The literature review also 

noted that the application of these techniques has historically been impeded by a 

lack of uncertainty parameterization, and the size and complexity associated with 

these models.  This study contributed to this body of research by firstly 

demonstrating an approach for parameterizing uncertainty, which utilized regression 
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models built on planned vs. actual measurements of management outcomes to 

parameterize the uncertainty of the outcomes.  Secondly, this study demonstrated 

that it is technically possible to solve large forest management problems with 

uncertainty, but it also showed that the solvability of these models might be limited 

to specific formulations.  In particular this study seemed to indicate that a 

formulation with variable uncertainty parameters �á� which also appear in the 

objective function is more likely to converge on a solution than one with fixed 

uncertainty parameters �À� which are absent from the objective function. 

It was also noted in the literature review that the general approach to dealing 

with uncertainty in forest management relies heavily on simulation and scenario 

analysis.  Uncertainty is therefore incorporated implicitly rather than explicitly.  The 

objective with these approaches is to find a solution that is in proximity to optimal, or 

to define an area of optimality within which the true optimal solution is contained.  It 

is however also known that these assumptions of proximity and containment are 

false, since the true optimal solution will not necessarily be located in close proximity 

or within an area of optimality.  This study therefore contributed to the body of 

research by examining the impact of explicitly incorporating uncertainty rather than 

implicitly.  It showed the impact of uncertainty in this case study was not as large as 

anticipated under the worst-case �±30%�, since it only resulted in a 4 to 6% 

deviation from the risk neutral solution.  It also highlighted the dangers associated 
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with worst-case analysis, since this type of method returned an extremely 

conservative result in this case study. 

The literature review highlighted the fact that research into forest 

management under uncertainty has largely focused on the development and 

refinement of methods.  The systematic treatment of uncertainty within a forestry 

organization has however not been sufficiently covered.  This study contributed to 

this topic by showing that the biggest issue is not the impact of uncertainty, but 

rather not knowing the extent of the uncertainty.  It was shown in proposition 1 that 

the source of uncertainty was thought to be a lack of inventory, but this study 

indicated that there might be a systematic difference between planning and 

operations that resulted in the observed differences between planned and actual 

yields.  Proposition 4 also highlighted the dangers of considering uncertainty without 

also incorporating the decision maker's attitude towards risk.  In particular it 

highlighted the polarity of decision making without a proper understanding of 

uncertainty, as well as the sub-optimality and infeasibility that results when 

uncertainty is not properly parameterized nor explicitly incorporated into the forest 

management plan. 



291 

 

5.3.2 Chance-Constrained Programming and Forest Management 

The chance-constrained models used in this study were based on those 

published by Hof et al. (1992), in particular their "Individual Chance Constraints" and 

"Chance Maximizing" formulations.  This study extended these formulations by 

including multi-criteria chance constraints and multiple time periods.  Weintraub and 

Abramovich (1995) demonstrated a formulation with multiple time periods, but did 

not include multi-criteria. 

With regards to size of application, this study was one of the first to 

demonstrate a pure application of chance-constrained programming to a large forest 

management problem with multiple time periods, multiple management criteria, and 

multiple prescriptions.  The study showed from a technical point of view that these 

applications were possible with desktop computing power, using commercially 

available algebraic modeling systems (GAMS) and solvers (CONOPT).  The study also 

showed that certain CCP formulations might not reach a solution in a reasonable 

amount of time (8 hours). 

One of the key issues with applying chance-constrained programming to 

forest management has been the inclusion or exclusion of covariance between 

stochastic yield coefficients.  In terms of mathematical programming, covariance is 

either classified as "within-row" or "between-row".  In the context of forest 

management, within-row covariance is the parameterization of the degree to which a 
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stochastic disturbance in one land unit will be correlated to another, while the 

between-row covariance is the degree to which a stochastic disturbance in one time 

period will be correlated to another.  The general approach to these sources of 

covariance has been to include within-row covariance by correlating it with the 

distance between land units, while between-row correlation has been assumed to be 

zero per the definition of chance-constrained programming (Hof et al., 1992, 1996; 

Weintraub and Abramovich, 1995). 

This study assumed that both sources of covariance were zero.  The exclusion 

of the within-row covariance was justified by the fact that the land units used in this 

study were aggregations of stands, and would therefore by definition not exhibit 

covariance.  No formal basis existed for excluding the between-row covariance, 

except that the tractability of the model was a key concern.  The results from this 

study did however suggest that the final solutions were not impacted by the 

exclusion of between-row covariance.  This conclusion was reached through a post-

optimality analysis which used simulation to quantify and apply between-row 

covariance to the results of a CCP model.  It was found that the inclusion of 

correlation had an insignificant impact on the model results.  This study therefore 

demonstrated a method for indirectly assessing the impact of excluding between-

row covariance, and also showed that the assumption of zero between-row 

covariance was defendable in this case. 
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In addition to the simulation results noted above, the results from Table 66 

and Figure 43 provided additional evidence to support the conclusion that between-

row covariance was insignificant within the context of this study.  These results 

reported the degree of diversification that was present in the final CCP solutions, 

where degree of diversification was defined as the percentage of strata that were 

sub-divided and scheduled over multiple planning periods.  The harvest volumes 

from such strata would be impacted by between-row covariance, since the yield 

coefficients would be correlated with each other.  However, since only a small 

percentage of strata were diversified, it was concluded that between-row covariance 

would not have had a significant impact on harvest volumes.  This conclusion does 

however not hold for the structure percentage, since structure is calculated for every 

period that the strata exists, which implies that between-row covariance would have 

had an impact regardless of strata diversification. 

5.3.3 Future Research 

The stated research question for this study was to examine the impact of 

uncertainty on an applied, large-scale, multi-criteria forest management problem.  

This resulted in a forest management problem that was extreme with regards to 

complexity and size.  To solve this problem a number of simplifying assumptions 

were made.  These pertained to future predictions of yield and uncertainty, strata 
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level modeling, between-row covariance, implicit vs. explicit uncertainty, and the 

treatment of uncertainty within model formulations. 

With regards to future yields the modeling approach assumed that these 

would be linearly related to the original yields.  What this implies is that current 

inventory and timber yields were adjusted with their respective regression models, 

and subsequent period yields were then based on the corresponding growth rates in 

the original yield tables.  This assumption of a linear relationship in growth is of 

course false, since true growth rates are non-linear.  Future studies should therefore 

attempt to parameterize uncertainty at the stand measurement level (stem count, 

basal area, dominant height) rather than the stand summary level (inventory, yield), 

which would enable the usage of growth and yield functions to calculate future 

yields.  This would provide a more appropriate parameterization of uncertainty, and 

would strengthen the subsequent results and conclusions. 

With regards to strata level modeling, this study aggregated stands into strata 

since it reduced the size of the problem, eliminated within-row variance, and was 

defendable in terms of the source data.  This assumption does not affect the quality 

of the final result, but it does affect its usefulness.  In particular, this study did not 

enable an investigation of the impacts of within-row covariance on a forest 

management problem with uncertainty.  Future research should therefore be aimed 
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towards making this assessment, particularly within the context of large applied 

problems. 

With regards to between-row covariance, this study assumed that it was zero, 

but did make an attempt towards examining its potential impact.  In particular, this 

study found that the inclusion of correlation through a simulation routine did not 

significantly alter the model results.  This suggested that the inclusion of between-

row covariance would not have an impact on the results.  Future research should be 

directed towards a more thorough examination of the impact of between-row 

covariance, by expanding on the simulation schemes used in this study.  This study 

only examined the impact of between-row correlation on the results of one model, 

and did not create a correlation between the harvest volume and complex structure 

goals.  Future work should therefore examine multiple model results, correlated 

management goals, and the inclusion of both between-row and within-row 

correlation. 

With regards to implicit vs. explicit uncertainty, this study focused exclusively 

on the impacts of considering uncertainty explicitly and found that the uncertainty by 

itself resulted in a small deviation from the risk neutral position.  Reference was 

made to implicit techniques through a comparison to worst-case analysis, but this in 

itself represents a worst-case.  Future research should therefore target a more 



296 

 

thorough comparison of techniques such as scenario and sensitivity analysis to verify 

whether explicit techniques result in significantly superior results. 

With regards  to the treatment of uncertainty within the model formulations, 

this study utilized chance-constraints that operated independently of each other, but 

which were aggregated into a single variable in the objective function.  Future 

research should therefore investigate results from model formulations that allow for 

individual chance-constraints to be referenced more directly in the objective 

function.  This would allow for a more thorough examination of the impact of 

uncertainty and multi-criteria. 
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6 Conclusions 

This study examined the impact of uncertainty on an applied, large-scale, 

multi-criteria forest management problem, through a case study on the Tillamook 

State Forest located in northwest Oregon.  The research question was addressed 

through a series of propositions.  The first examined a commonly held viewpoint that 

uncertainty has a significant impact on forest management.  The results from the 

study however showed that the uncertainty only resulted in a 4 to 6% deviation from 

the risk neutral solution, which suggested that the impact of uncertainty was 

minimal.  This result was however tempered by the fact that the between-period 

(between-row) covariance in stochastic yield coefficients was assumed to be zero.  

Subsequent analysis however showed that the impact of this covariance would have 

been insignificant had it been present. 

The second proposition investigated the difference between incorporating 

uncertainty implicitly through traditional techniques such as worst-case scenarios 

and incorporating uncertainty explicitly through a technique such as chance-

constrained programming (CCP).  Although it is well known that worst-case scenarios 

are overly conservative, they still persist as a tool to deal with uncertainty.  The 

results from the study reaffirmed and quantified this principle by returning a ±20% 

departure from the risk neutral solution in the case of the worst-case scenario, while 

the CCP resulted in only a ±5% departure. 
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The third proposition investigated the impact of introducing uncertainty into 

a multi-criteria problem.  This was done through an examination of the interaction 

between uncertainty and percentage of complex forest structure.  The results 

showed no distinguishable interaction.  Future research should however investigate 

model formulations that allow all forest management criteria to participate in the 

objective function, since this could create a different dynamic between the criteria 

and uncertainty. 

The fourth proposition investigated the impact of the decision maker's 

attitude towards risk as a factor in forest management under uncertainty.  Risk 

preferences have however mostly been overlooked in research directed towards 

uncertainty and forest management, particularly because it has been shown to be 

difficult to impossible to implement through traditional utility theory.  This study 

used public statements made by various interest groups to classify and quantify 

various risk preferences.  These preferences were then evaluated through a chance 

maximizing formulation.  The results showed that the differences between these risk 

attitudes were extremely significant, and that they resulted in significant deviations 

from the risk neutral position.  This was in contrast to earlier observations in this 

study which found that uncertainty only caused minimal deviations from the risk 

neutral position.  The conclusion was therefore that uncertainty cannot be 

considered without a stated risk preference.  In addition, the value of incorporating 
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uncertainty into forest management planning does not necessarily lie in the answers 

obtained, but rather in avoiding sub-optimal situations. 

The fifth proposition investigated the technical applicability of CCP to large 

scale forest management problems.  Previous applications have been limited to 

hypothetical or small scale problems.  The models utilized in this study consisted of 

±48 million non-zero elements in the decision matrix, of which ±1 to 3 million were 

non-linear.  The results showed that this size of application is deployable and solvable 

for certain CCP formulations.  In particular the results showed that a formulation that 

contained the chance-constraint variables in the objective function were more likely 

to converge on a solution. 
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8 Appendix A 

Table 75:  Inventory Regression Table 

SALE_NAME SALE_AREA SALE_YEAR HARV_TYPE SITE_GRP SPC_MIX IMPUTE AGE PLANNED_INV ACTUAL_INV 

Beaver Ridge Area 3 2007 PC 1 WX Yes      68.3                       40.5                   49.6  

Beaver Ridge Area 5 2007 PC 1 DX No      38.9                       38.0                   35.2  

Beaver Ridge Area 6 2007 PC 2 WX Yes      53.4                       30.7                   49.2  

Berry Cobbler Area 1 2007 PC 3 WX Yes      54.8                       19.6                   19.4  

Berry Cobbler Area 2A_2B 2007 MC 3 WX Yes      49.5                       19.5                   18.1  

Berry Cobbler Area 3_4 2007 MC 1 WX Yes      48.1                       21.0                   16.7  

Berry Cobbler Area 5 2007 MC 2 DX Yes      52.4                       19.9                   27.5  

Berry Cobbler Area 6 2007 MC 2 WX Yes      46.7                       31.2                   22.9  

Blue Potato Area 1 2007 MC 2 DX Yes      63.2                       27.3                   12.9  

Blue Potato Area 2 2007 MC 2 HX No      49.7                       20.2                   15.1  

Blue Potato Area 3 2007 MC 1 HX No      50.1                       20.0                   14.2  

Blue Potato Area 4 2007 PC 1 OT No      52.0                       20.1                   17.7  

Brix Deuce Area 1 2008 RC 1 HX Yes      45.4                       33.2                   20.3  

Brix Incline Area 1 2007 RC 1 HX Yes      57.4                       29.9                   18.7  

Clamson Area 1 2006 MC 1 HX No      42.8                       21.3                   12.2  

Clamson Area 2 2006 MC 1 HX No      42.0                       24.4                   13.1  

Clamson Area 3 2006 RC 3 DX No      44.4                       28.2                   21.4  

Clamson Area 4 2006 PC 1 DX Yes      49.0                       18.8                   17.6  

Clatsop Thin Area 1 2007 PC 1 WX Yes      51.8                       34.6                   35.3  
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SALE_NAME SALE_AREA SALE_YEAR HARV_TYPE SITE_GRP SPC_MIX IMPUTE AGE PLANNED_INV ACTUAL_INV 

East Butte Area 1_2 2009 MC 2 DX Yes      47.2                       21.3                   17.3  

Electric Point Area 1 2008 PC 1 WX Yes      66.5                       39.3                   54.0  

Electric Point Area 2 2008 PC 1 OT Yes      89.3                       43.9                   71.5  

Electric Point Area 3 2008 MC 1 WX Yes      68.9                       21.0                   32.5  

Filosi Moss Area 1 2007 PC 2 WX Yes      34.5                       26.0                   35.9  

Filosi Moss Area 2 2007 RC 2 WX Yes      50.4                       23.0                   26.8  

Filosi Moss Area 3 2007 MC 2 DX No      51.6                       22.0                   12.1  

Filosi Moss Area 4 2007 PC 2 WX Yes      23.5                       10.3                   23.1  

Fire Mole Area 1 2008 PC 3 DX Yes      48.3                       22.0                   16.5  

Fire Mole Area 2 2008 PC 3 DX Yes      53.0                       30.5                   28.3  

Fire Mole Area 3 2008 PC 3 DX Yes      52.5                       30.5                   12.3  

Fire Mole Area 4 2008 MC 3 DX Yes      52.3                       21.9                   15.8  

Hole In The Wall Area 1_3 2007 MC 3 DX No      44.6                       19.2                   14.4  

Hole In The Wall Area 2 2007 RC 3 DX No      47.0                       17.3                   14.4  

Hole In The Wall Area 4 2007 MC 3 DX No      46.0                       16.7                   13.4  

Hole In The Wall Area 5 2007 MC 3 DX No      46.0                       16.1                   22.1  

Hole In The Wall Area 6 2007 PC 3 DX Yes      48.3                       22.4                   17.3  

Hoskins Area 1 2007 MC 2 DX Yes      46.0                       33.2                   22.7  

Hoskins Area 2 2007 MC 3 HX Yes      58.8                       23.6                   15.1  

Hoskins Area 3 2007 MC 2 DX Yes      54.5                       22.1                   25.0  

Hoskins Area 4 2007 RC 2 DX Yes      49.6                       26.7                   17.4  

Hoskins Area 5 2007 PC 2 DX Yes      48.6                       26.3                   29.8  

Hoskins Area 6 2007 PC 1 DX Yes      48.2                       24.5                   29.7  

Juno Bay Area 1 2008 MC 1 HX Yes      58.7                       17.0                   11.8  
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SALE_NAME SALE_AREA SALE_YEAR HARV_TYPE SITE_GRP SPC_MIX IMPUTE AGE PLANNED_INV ACTUAL_INV 

Juno Bay Area 2 2008 MC 3 HX No      66.7                       19.6                   13.3  

Juno Bay Area 3A 2008 PC 1 HX Yes      35.6                       15.0                   16.7  

Juno Bay Area 3B 2008 PC 1 OT Yes      31.2                       10.9                   45.3  

Juno Bay Area 4 2008 MC 3 DX Yes      35.3                       13.7                     7.1  

Juno Bay Area 5 2008 PC 3 WX Yes      49.9                       21.0                   35.2  

Marys Butte Area 3 2009 PC 2 WX Yes      44.1                       30.4                   28.1  

Marys Butte Area 4 2009 PC 1 WX Yes      47.8                       29.2                   26.8  

Marys Butte Area 5 2009 PC 1 DX Yes      57.0                       29.3                   35.3  

Minich Ridge Area 1 2008 PC 1 WX Yes      70.4                       24.5                   22.7  

Minich Ridge Area 2 2008 MC 1 DX Yes      61.6                       15.4                     8.5  

Moot Again Area 1 2008 PC 1 WX No      65.5                       43.0                   45.0  

Moot Again Area 3 2008 PC 2 HX Yes      59.1                       37.5                   33.0  

Moot Again Area 4 2008 PC 3 DX Yes      65.1                       41.8                   60.2  

Moot Again Area 8 2008 PC 2 WX No      40.9                       21.0                   32.0  

North Cruz Thin Area 1 2008 PC 1 WX Yes      47.8                       24.9                   17.0  

Phone Murphy Area 1 2008 PC 1 DX Yes      50.5                       23.2                   22.9  

Rackheap Falls Area 1 2007 PC 1 WX Yes      72.1                       24.7                   34.2  

Rackheap Falls Area 2 2007 PC 2 DX Yes      84.4                       33.1                   65.0  

Rackheap Falls Area 3 2007 PC 1 WX Yes      67.3                       38.3                   55.6  

Rackheap Falls Area 4 2007 PC 1 1W Yes      46.5                       16.3                   44.2  

Rackheap Falls Area 5 2007 PC 1 DX Yes    146.3                       97.0                   86.2  

Rock-n-Roy Area 2 2008 PC 2 HX Yes      58.1                       36.2                   30.4  

Roger Fox Area 2 2006 PC 3 DX Yes      51.6                       23.6                   13.6  

Roger Fox Area 3_4 2006 RC 2 DX Yes      50.1                       27.1                   18.9  
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SALE_NAME SALE_AREA SALE_YEAR HARV_TYPE SITE_GRP SPC_MIX IMPUTE AGE PLANNED_INV ACTUAL_INV 

Roger Fox Area 5_6_7_8 2006 MC 3 DX Yes      43.7                       19.2                   21.0  

Roger Thin Area 1 2008 PC 2 DX Yes      52.0                       19.4                   24.1  

Sibley Arch Area 1 2007 MC 2 HX Yes      50.1                       20.5                   16.7  

Sibley Arch Area 2 2007 MC 2 HX No      50.0                       20.5                   17.6  

Sibley Arch Area 3 2007 RC 2 HX Yes      49.5                       22.0                   12.3  

Sibley Arch Area 4 2007 RC 1 HX Yes      49.9                       19.7                   14.6  

Sibley Arch Area 5 2007 PC 2 DX Yes      65.5                       32.6                   34.6  

South Burma Area 1 2006 PC 1 WX No      62.5                       32.0                   38.4  

South Burma Area 2 2006 RC 1 WX No      60.6                       33.5                   36.3  

Tin Tank Area 1 2006 RC 3 DX Yes      41.7                       20.2                   28.6  

Tin Tank Area 2 2006 PC 2 DX Yes      43.1                       18.8                   17.0  

Tin Tank Area 3 2006 PC 2 DX No      41.2                       18.0                   13.0  

Tin Tank Area 4 2006 MC 2 1D Yes      41.0                       24.6                   19.7  

Tin Tank Area 5 2006 RC 2 DX Yes      45.6                       19.6                   23.3  

Tin Tank Area 6 2006 PC 2 WX Yes      49.9                       24.8                   19.4  

Tin Tank Area 7 2006 PC 2 DX Yes      46.1                       20.3                   15.4  

Trask Cutoff Area 1 2007 RC 1 DX Yes      43.2                       19.7                   17.1  

Trask Cutoff Area 2 2007 RC 1 DX Yes      57.7                       22.1                   21.7  

Wakefield Area 1 2009 PC 2 DX Yes      81.8                       40.4                   44.3  
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9 Appendix B 

Table 76:  Timber Yield Regression Table 

SALE_NAME SALE_AREA SALE_ 

YEAR 

HARV_ 

TYPE 

SITE_GRP SPC_MIX IMPUTE AGE PLANNED_INV ACTUAL_YLD 

Beaver Ridge Area 3 2007 PC 1 WX Yes 68.3  40.5     22.4  

Beaver Ridge Area 5 2007 PC 1 DX No 38.9  38.0       8.0  

Beaver Ridge Area 6 2007 PC 2 WX Yes 53.4  30.7     20.4  

Berry Cobbler Area 1 2007 PC 3 WX Yes 54.8  19.6       5.5  

Berry Cobbler Area 2A_2B 2007 MC 3 WX Yes 49.5  19.5     15.0  

Berry Cobbler Area 3_4 2007 MC 1 WX Yes 48.1  21.0     13.9  

Berry Cobbler Area 5 2007 MC 2 DX Yes 52.4  19.9     25.1  

Berry Cobbler Area 6 2007 MC 2 WX Yes 46.7  31.2     20.4  

Blue Potato Area 1 2007 MC 2 DX Yes 63.2  27.3       6.9  

Blue Potato Area 2 2007 MC 2 HX No 49.7  20.2       9.7  

Blue Potato Area 3 2007 MC 1 HX No 50.1  20.0       9.1  

Blue Potato Area 4 2007 PC 1 OT No 52.0  20.1       5.7  

Brix Deuce Area 1 2008 RC 1 HX Yes 45.4  33.2       9.9  

Brix Incline Area 1 2007 RC 1 HX Yes 57.4  29.9       9.5  

Clamson Area 1 2006 MC 1 HX No 42.8  21.3       8.9  

Clamson Area 2 2006 MC 1 HX No 42.0  24.4       9.4  

Clamson Area 3 2006 RC 3 DX No 44.4  28.2     15.2  

Clamson Area 4 2006 PC 1 DX Yes 49.0  18.8       7.0  



3
1

2
 

 

 

SALE_NAME SALE_AREA SALE_ 

YEAR 

HARV_ 

TYPE 

SITE_GRP SPC_MIX IMPUTE AGE PLANNED_INV ACTUAL_YLD 

Clatsop Thin Area 1 2007 PC 1 WX Yes 51.8  34.6     16.4  

East Butte Area 1_2 2009 MC 2 DX Yes 47.2  21.3     16.6  

Electric Point Area 1 2008 PC 1 WX Yes 66.5  39.3     14.2  

Electric Point Area 2 2008 PC 1 OT Yes 89.3  43.9     24.0  

Electric Point Area 3 2008 MC 1 WX Yes 68.9  21.0     25.4  

Filosi Moss Area 1 2007 PC 2 WX Yes 34.5  26.0     12.1  

Filosi Moss Area 2 2007 RC 2 WX Yes 50.4  23.0     16.7  

Filosi Moss Area 3 2007 MC 2 DX No 51.6  22.0       9.9  

Filosi Moss Area 4 2007 PC 2 WX Yes 23.5  10.3     13.7  

Fire Mole Area 1 2008 PC 3 DX Yes 48.3  22.0       6.2  

Fire Mole Area 2 2008 PC 3 DX Yes 53.0  30.5       9.9  

Fire Mole Area 3 2008 PC 3 DX Yes 52.5  30.5       4.3  

Fire Mole Area 4 2008 MC 3 DX Yes 52.3  21.9     11.0  

Hole In The Wall Area 1_3 2007 MC 3 DX No 44.6  19.2     12.1  

Hole In The Wall Area 2 2007 RC 3 DX No 47.0  17.3     19.2  

Hole In The Wall Area 4 2007 MC 3 DX No 46.0  16.7     10.9  

Hole In The Wall Area 5 2007 MC 3 DX No 46.0  16.1     19.6  

Hole In The Wall Area 6 2007 PC 3 DX Yes 48.3  22.4     10.2  

Hoskins Area 1 2007 MC 2 DX Yes 46.0  33.2     17.8  

Hoskins Area 2 2007 MC 3 HX Yes 58.8  23.6     11.1  

Hoskins Area 3 2007 MC 2 DX Yes 54.5  22.1     22.2  

Hoskins Area 4 2007 RC 2 DX Yes 49.6  26.7     11.0  
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SALE_NAME SALE_AREA SALE_ 

YEAR 

HARV_ 

TYPE 

SITE_GRP SPC_MIX IMPUTE AGE PLANNED_INV ACTUAL_YLD 

Hoskins Area 5 2007 PC 2 DX Yes 48.6  26.3     12.2  

Hoskins Area 6 2007 PC 1 DX Yes 48.2  24.5     11.8  

Juno Bay Area 1 2008 MC 1 HX Yes 58.7  17.0       8.1  

Juno Bay Area 2 2008 MC 3 HX No 66.7  19.6       9.0  

Juno Bay Area 3A 2008 PC 1 HX Yes 35.6  15.0       8.3  

Juno Bay Area 3B 2008 PC 1 OT Yes 31.2  10.9     22.9  

Juno Bay Area 4 2008 MC 3 DX Yes 35.3  13.7       4.7  

Juno Bay Area 5 2008 PC 3 WX Yes 49.9  21.0     13.7  

Marys Butte Area 3 2009 PC 2 WX Yes 44.1  30.4     16.1  

Marys Butte Area 4 2009 PC 1 WX Yes 47.8  29.2     13.3  

Marys Butte Area 5 2009 PC 1 DX Yes 57.0  29.3     17.4  

Minich Ridge Area 1 2008 PC 1 WX Yes 70.4  24.5       8.7  

Minich Ridge Area 2 2008 MC 1 DX Yes 61.6  15.4       7.9  

Moot Again Area 1 2008 PC 1 WX No 65.5  43.0     18.9  

Moot Again Area 3 2008 PC 2 HX Yes 59.1  37.5     20.6  

Moot Again Area 4 2008 PC 3 DX Yes 65.1  41.8     28.7  

Moot Again Area 8 2008 PC 2 WX No 40.9  21.0     17.0  

North Cruz Thin Area 1 2008 PC 1 WX Yes 47.8  24.9       5.1  

Phone Murphy Area 1 2008 PC 1 DX Yes 50.5  23.2       8.7  

Rackheap Falls Area 1 2007 PC 1 WX Yes 72.1  24.7     17.6  

Rackheap Falls Area 2 2007 PC 2 DX Yes 84.4  33.1     32.8  

Rackheap Falls Area 3 2007 PC 1 WX Yes 67.3  38.3     27.2  
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SALE_NAME SALE_AREA SALE_ 

YEAR 

HARV_ 

TYPE 

SITE_GRP SPC_MIX IMPUTE AGE PLANNED_INV ACTUAL_YLD 

Rackheap Falls Area 4 2007 PC 1 1W Yes 46.5  16.3     25.0  

Rackheap Falls Area 5 2007 PC 1 DX Yes 146.3  97.0     48.4  

Rock-n-Roy Area 2 2008 PC 2 HX Yes 58.1  36.2     12.1  

Roger Fox Area 2 2006 PC 3 DX Yes 51.6  23.6       5.7  

Roger Fox Area 3_4 2006 RC 2 DX Yes 50.1  27.1     12.3  

Roger Fox Area 5_6_7_8 2006 MC 3 DX Yes 43.7  19.2     19.5  

Roger Thin Area 1 2008 PC 2 DX Yes 52.0  19.4       8.7  

Sibley Arch Area 1 2007 MC 2 HX Yes 50.1  20.5     13.7  

Sibley Arch Area 2 2007 MC 2 HX No 50.0  20.5     14.7  

Sibley Arch Area 3 2007 RC 2 HX Yes 49.5  22.0       7.9  

Sibley Arch Area 4 2007 RC 1 HX Yes 49.9  19.7       8.5  

Sibley Arch Area 5 2007 PC 2 DX Yes 65.5  32.6     13.0  

South Burma Area 1 2006 PC 1 WX No 62.5  32.0     20.5  

South Burma Area 2 2006 RC 1 WX No 60.6  33.5     24.8  

Tin Tank Area 1 2006 RC 3 DX Yes 41.7  20.2     23.1  

Tin Tank Area 2 2006 PC 2 DX Yes 43.1  18.8       7.7  

Tin Tank Area 3 2006 PC 2 DX No 41.2  18.0       6.6  

Tin Tank Area 4 2006 MC 2 1D Yes 41.0  24.6     18.3  

Tin Tank Area 5 2006 RC 2 DX Yes 45.6  19.6     17.9  

Tin Tank Area 6 2006 PC 2 WX Yes 49.9  24.8       9.4  

Tin Tank Area 7 2006 PC 2 DX Yes 46.1  20.3       5.7  

Trask Cutoff Area 1 2007 RC 1 DX Yes 43.2  19.7       9.3  
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SALE_NAME SALE_AREA SALE_ 

YEAR 

HARV_ 

TYPE 

SITE_GRP SPC_MIX IMPUTE AGE PLANNED_INV ACTUAL_YLD 

Trask Cutoff Area 2 2007 RC 1 DX Yes 57.7  22.1       9.5  

Wakefield Area 1 2009 PC 2 DX Yes 81.8  40.4     18.1  
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10 Appendix C 

Table 77:  Strata 63004012 From The Structure Regression Table 

EXT_REG STRATA RX PERIOD PC_YIELD AGE VEG_TYPE DOM_SPC SITE_GRP INV STRUCT CURCOMP 

EXT 63004012 0 0                -   51 1D3L D 1           17.7  3 0 

EXT 63004012 0 1                -   54 1D3L D 1           19.7  3 0 

EXT 63004012 0 2                -   59 1D3L D 1           24.6  3 0 

EXT 63004012 0 3                -   64 1D3L D 1           29.3  3 0 

EXT 63004012 0 4                -   69 1D3L D 1           34.4  3 0 

EXT 63004012 0 5                -   74 1D3L D 1           38.6  3 0 

EXT 63004012 0 6                -   79 1D3L D 1           43.0  3 0 

EXT 63004012 0 7                -   84 1D3L D 1           47.2  3 0 

EXT 63004012 0 8                -   89 1D3L D 1           50.4  3 0 

EXT 63004012 0 9                -   94 1D3L D 1           53.5  3 0 

EXT 63004012 0 10                -   99 1D3L D 1           56.5  3 0 

EXT 63004012 0 11                -   104 1D3L D 1           60.0  3 0 

EXT 63004012 0 12                -   109 1D3L D 1           62.8  3 0 

EXT 63004012 0 13                -   114 1D3L D 1           65.0  3 0 

EXT 63004012 0 14                -   119 1D3L D 1           68.8  5 1 

EXT 63004012 0 15                -   124 1D3L D 1           71.1  5 1 

EXT 63004012 0 16                -   129 1D3L D 1           73.1  5 1 

EXT 63004012 0 17                -   134 1D3L D 1           75.2  5 1 

EXT 63004012 0 18                -   139 1D3L D 1           77.2  5 1 
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EXT_REG STRATA RX PERIOD PC_YIELD AGE VEG_TYPE DOM_SPC SITE_GRP INV STRUCT CURCOMP 

EXT 63004012 0 19                -   144 1D3L D 1           79.4  5 1 

EXT 63004012 0 20                -   149 1D3L D 1           80.7  5 1 

EXT 63004012 0 21                -   154 1D3L D 1           82.6  5 1 

EXT 63004012 0 22                -   159 1D3L D 1           84.1  5 1 

EXT 63004012 0 23                -   164 1D3L D 1           85.7  5 1 

EXT 63004012 0 24                -   169 1D3L D 1           87.6  5 1 

EXT 63004012 0 25                -   174 1D3L D 1           88.8  5 1 

EXT 63004012 0 26                -   179 1D3L D 1           90.5  5 1 

EXT 63004012 0 27                -   184 1D3L D 1           92.5  5 1 

EXT 63004012 0 28                -   189 1D3L D 1           93.8  5 1 

EXT 63004012 0 29                -   194 1D3L D 1           95.2  5 1 

EXT 63004012 0 30                -   199 1D3L D 1           96.5  5 1 

EXT 63004012 101_07 0                -   51 1D3L D 1           17.7  3 0 

EXT 63004012 101_07 1                -   54 1D3L D 1           19.7  3 0 

EXT 63004012 101_07 2                -   59 1D3L D 1           24.5  3 0 

EXT 63004012 101_07 3                -   64 1D3L D 1           28.8  3 0 

EXT 63004012 101_07 4                -   69 1D3L D 1           34.2  3 0 

EXT 63004012 101_07 5             7.3  74 1D3L D 1           38.3  3 0 

EXT 63004012 101_07 6                -   79 1D3L D 1           35.5  3 0 

EXT 63004012 101_07 7                -   84 1D3L D 1           39.6  3 0 

EXT 63004012 101_07 8                -   89 1D3L D 1           43.1  3 0 

EXT 63004012 101_07 9                -   94 1D3L D 1           47.2  3 0 

EXT 63004012 101_07 10                -   99 1D3L D 1           49.9  3 0 
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EXT_REG STRATA RX PERIOD PC_YIELD AGE VEG_TYPE DOM_SPC SITE_GRP INV STRUCT CURCOMP 

EXT 63004012 101_07 11                -   104 1D3L D 1           53.7  3 0 

EXT 63004012 101_07 12                -   109 1D3L D 1           57.6  3 0 

EXT 63004012 101_07 13                -   114 1D3L D 1           60.2  5 1 

EXT 63004012 101_07 14                -   119 1D3L D 1           62.9  5 1 

EXT 63004012 101_07 15                -   124 1D3L D 1           66.2  5 1 

EXT 63004012 101_07 16                -   129 1D3L D 1           68.5  5 1 

EXT 63004012 101_07 17                -   134 1D3L D 1           70.6  5 1 

EXT 63004012 101_07 18                -   139 1D3L D 1           72.7  5 1 

EXT 63004012 101_07 19                -   144 1D3L D 1           74.6  5 1 

EXT 63004012 101_07 20                -   149 1D3L D 1           76.3  5 1 

EXT 63004012 101_07 21                -   154 1D3L D 1           78.5  5 1 

EXT 63004012 101_07 22                -   159 1D3L D 1           80.3  5 1 

EXT 63004012 101_07 23                -   164 1D3L D 1           82.3  5 1 

EXT 63004012 101_07 24                -   169 1D3L D 1           82.9  5 1 

EXT 63004012 101_07 25                -   174 1D3L D 1           84.4  5 1 

EXT 63004012 101_07 26                -   179 1D3L D 1           86.7  5 1 

EXT 63004012 101_07 27                -   184 1D3L D 1           88.0  5 1 

EXT 63004012 101_07 28                -   189 1D3L D 1           89.6  5 1 

EXT 63004012 101_07 29                -   194 1D3L D 1           91.7  5 1 

EXT 63004012 101_07 30                -   199 1D3L D 1           93.1  5 1 
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