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The hump-shaped relationship that predicts highest species richness

(species/unit area) at intermediate levels of productivity was examined for woody

plants across the Pacific and Inland Northwest of the U.S. Many studies have

examined this relationship at regional scales, but commonly use species range maps

and surrogate measures of productivity (e.g. evapotranspiration.) In this study,

productivity during the growing season was modeled over the entire study area at a

monthly time step with a physiologically-based process model using climate data

extrapolated for terrain effects. The productivity information was validated in

Oregon by converting it to site index and comparing it with field data; reasonable

agreement was found. The productivity-species richness relationship was then

examined with two datasets of tree species richness, one of shrub species richness

and one dataset of woody plant species richness in the states of Oregon,

Washington, Idaho, and Montana. The relationship between predicted productivity

and species richness was analyzed at multiple grain sizes by spatial aggregation at 1,

100, and 1000 km2. After taking into account the effect of area, improvements in

the hump-shaped relationship emerged at progressively larger spatial units of

aggregation for all datasets. In every case, a hump-backed curve was found with

different degrees of fit. One tree species dataset was examined in detail in the states

of Oregon and Washington at the scale of 100 km2 in a comparison among



productivity and surrogates measures (i.e. potential and actual evapotranspiration).

Modeled productivity best accounted for patterns in tree species richness and the

statistical model was validated with independent field data and performed well. In

conclusion, where climate data are available to model productivity spatially, the

common surrogates of productivity such as potential or actual evapotranSpiratiOn are

better avoided as productivity substitutes. Scaling up to coarser scales proved

valuable in removing error of unknown plot locations and producing a more

complete species tally with which to compare productivity.
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ANALYZING PATTERNS OF WOODY PLANT RICHNESS AT MULTIPLE
SPATIAL SCALES WITH MODELED PHOTOSYNTHESIS

INTRODUCTION

Studies exploring the "hump-backed" relationship between productivity and

species richness have ranged widely in scale, species groups, sampling methods, and

results (Waide et al. 1999, Mittelbach et al. 2001). In temperate ecosystems

relatively few species are found in areas with very low and very high levels of

productivity, while higher concentrations of species occur at intermediate levels of

productivity. Though the hump-backed model is not accepted by all, some of the

inconsistency in productivity-richness studies may stem from sampling restricted

productivity ranges (Rosenzweig and Abramsky 1993) and the use of surrogate

measures of productivity. Ecological process models and climate data modeled for

terrain effects currently provide the tools necessary for estimating productivity

directly. In chapter 2, I used the physiologically based process model 3-PG

(Physiological Principles for Predicting Growth; Landsberg and Waring 1997), to

model and map potential productivity in the form of wood production across the

state of Oregon. I then converted this to site index (height of a tree at 100 years)

and validated it with federal field surveys. The productivity map, in the form of

gross photosynthesis, was then used in Chapters 3 and 4 to examine the relationship

with species richness.

Broad scale studies have used species range maps to estimate species

richness across continents (i.e. Currie and Paquin 1987, Currie 1991), yet at finer

spatial scales, these generalized maps can be inaccurate because species' ranges are

disjunct. The quadrat size utilized in these studies, (54,600 to 77,000 km2) is

problematic because a single quadrat may encompass different ecosystems and too

much heterogeneity for the results to be ecologically interpretable. Latham and

Ricklefs (1993) recommend the use of field plots that reflect the local assemblages

of species as a more appropriate way to test the species-energy theory than that of

species range maps Another complication of regional analysis is that the field plot
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size is often very small; a typical field plot of 0.1 ha, for example, is inadequate for

analysis of global patterns of tree species richness (Latham and Ricklefs 1993).

These problems were addressed in Chapter 3 where I created maps of species

richness (species per area), across four states extracted from fine-scale field data

from a large regional field datasets of woody plants (US Forest Service's Forest

Inventory and Analysis and Current Vegetation Survey). Not all datasets were

created with the same sampling method, yet I was able to sub-sample to produce

relatively homogeneous datasets of tree, shrub, and woody plant richness. I analyzed

the species richness-productivity relationship at multiple grain sizes by aggregating

plots to increasingly larger quadrats (100 km2 and 1000 km2). Species richness was

summed for unique species while productivity information was averaged across

quadrats. By increasing grain size of the analysis I hoped to lessen errors between

the relative size of the field plots and that of estimated productivity. In this way,

also reduced dependency on accuracy of field plot locations, and created a more

complete species list per quadrat. This analysis was conducted across the states of

Oregon, Washington, Idaho and Montana.

Regional analyses of geographic variation in species richness have relied on

easily obtained climatic summaries. From the climatic summaries, a number of

surrogate indices presumed related to primary productivity have been derived.

These indices include annual potential (PET) and actual evapotranspiration (AET),

vapor pressure deficit (VPD), precipitation and average temperature. AET estimates

are the most widely applied surrogates to productivity and integrate the relative

availability of water with solar energy. AET is often highly correlated with above-

ground terrestrial primary productivity particularly when compared to densely

planted crops (Rosenzweig 1968, Leith 1975). It has also been related to patterns of

tree species richness in North America (Curie and Paquin 1987). In Chapter 4, I

evaluated to what extent five productivity surrogates (AET, PET, VPD,

precipitation, temperature) compare with a more direct estimate of productivity (Pg

modeled with a process model) in accounting for tree species richness patterns in

the Pacific Northwest (Oregon and Washington).
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The objectives of this dissertation are as follows:

Model and map productivity across a large gradient and compare with field

measurements (Chapter 2).

Create regional maps of tree, shrub and woody species richness across five

northwestern states using various field datasets (Chapter 3).

Examine the relationship between productivity and species richness (Chapter

3).

Examine the effect of scaling up the productivity-richness relationship to

larger grain sizes (Chapter 3).

Test the performance of modeled productivity to surrogate measures in

accounting for species richness (Chapter 4).



PREDICTING SITE INDEX WITH A PHYSIOLOGICALLY
BASED GROWTH MODEL, 3-PG ACROSS OREGON, USA

Abstract

Where detailed climate and soil information are available, physiologically

based process models estimate photosynthesis, water use, and growth of even-aged

forests with acceptable accuracy for predictions ranging from local scale wood

production to global carbon flux. In Oregon, sensitivity analyses indicated that

variation in soil fertility is as important as climatic variation in determining growth.

I hypothesized that a simplified process model, 3-PG, if provided monthly averaged

climate data at 1 km resolution along with an estimate of soil fertility, would be able

to generate maps of Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) site index

(SI) classes that agreed closely with independent measurements made at 1638 sites

across public forest lands in Oregon. I assumed that the maximum photosynthetic

quantum efficiency (ac) was linearly related to a narrow range in soil fertility

rankings from 0.2 to 0.5 on a scale from 0-1, resulting in values of a from 1.65 to

3.06 gC/MJ of absorbed photosynthetically active radiation. Without making

adjustments in the initial soil fertility ranking or physiological functions, the model

predicted the same site index class recorded in the field for 43% of the data and was

within± 1 class (out of 5) for 83%.

Introduction

The land's potential to grow forests and accumulate carbon is a major

concern of ecologists, economists, and regional planners. Of great interest to

foresters are estimates of forest growth potential, yet before the use of process

models, growth was difficult to estimate across large areas without extensive field

reconnaissance. Foresters classify growth potential of a site by referencing height

that a species reaches in 50 or 100 years. This empirically derived "site index" is

less affected by stocking density of trees than other measures of growth such as
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diameter growth and requires that the trees be able to grow throughout their

life with minimum competition for light. If commercial fertilizer has been applied or

climate has varied substantially, tree height and volume growth can depart

significantly from that predicted by conventional forestry yield tables. Although

field surveys have been conducted to quantify the productive capacity of forest

lands, these surveys are usually limited in coverage and dependent on the presence

of appropriate trees and the assumption of non-varying climatic and soil conditions.

Site productivity can be estimated with more flexibility across a broader

range of conditions with process-based growth models that simulate photosynthesis

and growth for a wide range of tree species (Landsberg et al. 2003). Such models

accurately predicted (R2 = 0.75) forest growth capacity at 18 sites in southwestern

Oregon where soil fertility and other environmental properties were quantified

(Coops and Waring 2001b). Regional analyses of forest productivity, however, are

rare (but see: McLeod and Running 1988; Reich et al. 1999; Coops and Waring

2001c; Whitehead et al. 2000).

Through sensitivity analyses, forest productivity in much of southwest

Oregon appears to be more limited by soil fertility than by drought (Coops and

Waring 2001a). Nitrogen is the element that most generally limits the growth of

Douglas-fir (Maguire et al. in preparation; Blake et al. 1990; White 2000) Klinka

and Carter (1990) showed that variation in SI of Douglas-fir across three climatic

zones in British Columbia was highly correlated with mineralizable nitrogen, the

form most available for root uptake. Research by Maguire and others (unpublished)

in the Coast Range of Oregon and Washington indicates that mineralizable N

increases as a logarithmic function of total N content in the surface 30 cm of soil

(R2=0.80, N =25). This linkage between mineralizable N and total N provides a

basis for referencing soil surveys because the ratio of carbon to nitrogen (C:N) in

soils is relatively stable in association with major vegetation types (R2>0.8) (Zinke

et al. 1984; Zinke and Strangenberger 2000). As an index of fertility, we used a map

of soil N content derived from state-wide surveys and the relationship between C:N



in soils (Weihong Fan, Richard Stockton College of New Jersey, personal

communication).

Our objective in this paper is to compare estimates of site index classes for

Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) generated by a process model,

3-PG, with those estimated from federal field surveys on public forest lands in

Oregon.

Methods

Description of the Simulation Model

Landsberg and Waring (1997) developed the forest growth model, 3-PG

(Physiological Principles for Predicting Growth), based on a number of established

biophysical relationships and constants (Fig. 2.1, Table 2.1). The model requires

only a few parameters which can be derived from literature or from field

measurements. The monthly time step of the model requires average daily short-

wave incoming radiation, daily averaged mean vapor pressure deficits (D),

temperature extremes, monthly precipitation, and estimates of soil water storage

capacity and soil fertility.

Absorbed photosynthetically active radiation (Øp.a.) is estimated from global

solar radiation and leaf area index (L); the utilized portion, 4a.u, is calculated by

reducing q5p.a. by an amount determined by a series of modifiers that take values

between 0 (system 'shutdown') and 1 (no constraint) to limit photosynthesis

(Landsberg and Waring 1997; Landsberg et al. 2003). Fractional reductions in 4a.

are imposed depending on the degree that stomatal conductance is limited by high

averaged day-time D, subfreezing conditions, and inadequate precipitation as it

affects the soil water balance. Drought limitations are imposed as a function of soil

texture when the total monthly precipitation and soil water supply is significantly

less than transpiration estimated with the Penman-Monteith equation.

6
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Gross primary production (PG) is calculated by multiplying 4p.a.0 by

a canopy quantum efficiency coefficient (a), with a maximum value (c) set by the

soil fertility ranking that is reduced when mean monthly temperatures are

suboptimal for a given species. In this paper a linear increase in a with soil fertility

rank (FR) was assumed. A major simplification in the 3-PG model is that it does

not require detailed calculation of respiration but rather assumes that autotrophic

respiration and total net primary production (PN) in temperate forests are

approximately constant fractions (0.53 and 0.47, SE ± 0.04) of PG (Landsberg and

Waring 1997; Waring et al. 1998; Law et al. 2000). The model partitions PN into

root and aboveground biomass. The fraction of total PN allocated below ground

increases from 0.2 to 0.6 as the ratio of q$p.a.u/4 a. decreases from 1.0 to 0.2.

The remaining PN is partitioned into above-ground biomass, subdivided into two

categories: stems and foliage, based on species-specific allometric relations (Table

2.2). Current annual increment expressed as stem wood volume (m3/ha/yr), is

calculated each year by converting the fraction of stem biomass that is wood of a

known density (400 kglm3, Table 2.2). The model predictions of current annual

increment between stand ages of 20-30 years correspond to maximum (decadal)

periodic annual increments presented in conventional forestry yield tables for a

range of site indices (McArdle 1961). Model estimates of mean annual increment

were converted to site index for comparison with field validation data.

Input Data for Model Simulation

Eighteen years (1980-1997) of averaged mean monthly data for

precipitation, temperature, frost occurrence, and short wave radiation were obtained

from the DAYMET US climatological database (Thornton et al. 1997; Thornton and

Running 1999) for Oregon at a spatial resolution of 1 km (http://www. daymet.org).

Vapor pressure deficit was calculated by assuming that the saturated vapor pressure

(SVP) of the atmosphere is equivalent to that at the minimum average monthly

temperature and that the maximum deficit represents the difference in SVP between



mean monthly temperature extremes. To estimate mean monthly daytime

vapor pressure deficits (D), the daytime value was assumed to be 67% of the mean

monthly value, based on meteorological measurements at a ponderosa pine

AmeriFlux site in Oregon (Law et al. 2000). S\TP (kPa) for any given temperature

(T, °C) was calculated using the formula:

(1 7.269*T)

SVP = O.61078e (237.3T) (1)

To represent soil fertility, a map of soil nitrogen was used that was produced

by combining relatively fine scale land-use information (Anderson 1967, USGS

1996, Vogelmann et al. 2001) and typical C:N ratios for five major land-use types to

convert STATSGO soil classifications (USDA 1991) containing carbon content to

gN/m3 for 48 contiguous states (see appendix; Weihong Fan, Richard Stockton

College of New Jersey, personal communication). For the forested areas of Oregon,

nitrogen values ranged from 50 to 2000 g N/rn3 (Figure 2.2). A logarithmic function

was fit to provide a range in soil fertility rankings:

FR =0.1(111 (gN/m3)) - 0.2 (2)

This equation predicts a minimum soil fertility rank of 0.19 at 50 gN/m3 and

a maximum of 0.56 at 2000 gN/m3. This range may appear restrictive but seems

reasonable given the leaf area indices produced by the model across the region, and

that few forests in Oregon receive supplements of fertilizer at frequent intervals.

In parallel with the assumption of a fairly narrow range in soil fertility, the

maximum quantum efficiency was restricted so that values fell between 0.03 and

0.055 mol C/ mol photon (1.65 to 3.06 gC/MJ 4p.a). This range in a is supported

from published work for conifers in the Pacific Northwest (Bond et al. 1999; Law et

al., 2000; Coops Ct al., 2001). The corresponding equations for the expression of a

in the two units are:
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a (mol C/mo! photon) = 0.063 (FR) + 0.007 (3a)

a, (gC/MJ 4p.a) = 3.478 (FR) + 0.3 86 (3b)

In previous analyses with 3-PG, Coops and Waring (2001a; 2001b) also

mapped soil water holding capacity as a function of soil texture and physiographic

setting. They found, as did Running (1994), that where drought restricts growth that

a default value of available soil water storage between 200-225 mm was reasonable

for most sites. A value of 200 mm of soil water storage capacity was assumed for

all forested sites in Oregon.

Validation Data

The most widely accepted measure of forest growth capacity in the United

States is the maximum height attained by trees at a given age, which can be related

to the maximum periodic increment of fully stocked stands, a 3-PG product. The

heights and ages of dominant or co-dominant Douglas-fir trees were extracted from

1638 regional inventory plots compiled from multiple federal sources (Janet

Ohmann, personal communication; USFS Forest Inventory & Analysis: USFS and

BLM Current Vegetation Survey, 1998). The field dataset provides broad coverage

across Oregon of federally-owned forested areas. Height growth as a function of age

was converted to a logarithmic function using a C program (Nicholas Coops,

personal communication) to estimate site index at 100 years using families of curves

presented in McArdle's (1961) forestry yield tables. Though McArdle's set of

curves is not the only set developed for Douglas-fir in this region (e.g. King 1966),

it is applicable for a wider range of stand ages and across the broadest area (Hanson

et al. 2002). These site index values were compared geographically with model

predictions. The precise location of the survey plots was offset by 1- 3 km from the

correct location for privacy issues. This inaccuracy in plot location, together with



constraints imposed by using averaged climatic data for 1 km2 units,

limited the ability to test model predictions directly with field observations.

Data Analysis

Multiple Spatial analyses were performed using Arc-info 8 Desktop and

Workstation packages (Environmental Research Institute, Redlands, California,

2001). Statistical analyses were conducted using S-Plus (Version 6.1). Linear

regression was used to compare model-derived estimates of SI to those recorded on

1638 field plots. Model predictions and field measurements were geographically

plofted for a spatial assessment of deviations. Predicted-observed model residuals

were plotted with respect to soil nitrogen content to search for any systematic bias.

Results

Modeled estimates of predicted heights (SI) for 100 years for Douglas-fir

across the state of Oregon (Figure 2.3) resulted in relatively poor predictions when

compared to field observations (R2 = 0.27; Figure 2.4). Therefore the predictions

and observations were separated into five classes that are commonly used in the

field to designate site index (I-V). Based on these five classes, 43% of the 1638

samples coincided, while 83% were ± 1 site index class (Fig. 2.5). Regression

residuals from the original comparison of continuous SI were plotted against soil

nitrogen content and were evenly distributed; suggesting no systematic bias in

nitrogen estimates with respect to model predictions of growth.

Discussion

The sites that were within one site class of field measurements were

distributed relatively evenly across the study area (Figure 2.5) and with a similar

pattern to that of an extensive study using 5376 forest inventory sites in Oregon

10
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(Waring et al. 2002). These data are biased to federally owned forests,

which may have a higher variability in productivity than privately owned forested

areas in Oregon. Some patterns in deviations between model predictions and

observations emerge, however, in particular areas. Under-predictions in SW Oregon

and over-predictions in the Cascade Range could be attributed to inadequacies in the

soil surveys. In southwestern Oregon, where conditions are mild throughout the

year, the soil fertility might exceed the 0.58 limit that was imposed. This is the only

area in the state that supports coast redwood (Sequoia sempervirens (D.Don) Endi.)

in mixture with Douglas-fir (Franklin and Dyrness 1973). Given the experiences of

Coops and Waring (200 lb. 2001c) in southwestern Oregon, soil surveys in the

Cascades may not adequately reflect the steep transitions from fertile sites at lower

elevations to more rocky, infertile soils influenced by recent volcanic activities at

higher elevations.

Sensitivity analyses in southwestern Oregon covering broad environmental

conditions (Coops and Waring 2001a) indicate that variation in soil fertility has a

major influence on SI for forests growing in the mild, moist coastal range and at

lower elevations along the western slopes of the Cascade Mountains. On the eastern

slope of the Cascade Mountains, where a rain shadow reduces precipitation

drastically over a distance of 20 km, variation in soil fertility has little effect on

productivity in comparison to errors in the estimation of precipitation or soil water

storage capacity.

Though no systematic bias in the model predictions with regard to estimated

soil nitrogen was found, one might consider refining the logarithmic function used

between soil fertility rank and quantum efficiency (Eq. 3) to improve model

performance. Additionally, it may be appropriate to adjust the soil fertility rankings

derived from soil N content by using the linear relationship between maximum

annual above-ground growth (PA) of Douglas-fir averaged for broad forest types and

leaf area index (L), found by Coops and Waring (2001b) in southwestern Oregon

where:
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PA = 0.48 (L) +1.16 R2= 0.90 (4)

Remotely sensed estimates of L at mid-growing season have been shown to

correlate well with reflectance measurements of near-infrared and red radiation

expressed as a normalized difference vegetation index (Goward and Dye 1987,

Coops et al. 2001; but see caveat of background reflectance: Goward et al. 1994;

and alternative spectrallstatistical analyses: Cohen et al. 2003). Model predictions of

L that deviated significantly from those inferred from satellite-derived estimates

would provide a basis for adjusting soil fertility rankings. Even where soil surveys

are adequate, variation should be expected in soil fertility on similar soils depending

on fire and logging history, the presence or absence of nitrogen-fixing plants, and

variation in atmospheric deposition associated with pollution.

The application of process-based models to predict growth over large areas is

limited not so much by inadequacies in model construction and parameterization

(research continues to improve these), but by the paucity of well instrumented

weather stations, privacy issues that limit the accuracy in registering field plots, and

soil surveys that do not quantify available soil water storage and soil fertility. In

Brazil, Aracruz Cellulose Corporation has addressed the deficiencies stated above

and improved predictions of annual growth on extensive short-rotation plantations

of eucalyptus, with less field work to estimate yields though on a much smaller

scale than the current study (Almeida et al. In review).

Comparing productivity modeled at 1 km2 to fine scale field samples proves

challenging because of the scale discrepancy between the two datasets. I explored

alternatives to address this problem by geographically averaging both predicted and

observed values over 9 and 25 km2 quadrats. I assumed quadrats larger than these

would confound the relationships because of spatial heterogeneity of soil fertility

and climate especially in mountainous areas. At 9 km2, I found that many quadrats

contained an insufficient number of field plots to produce an average value (i.e. <

2). Increasing the spatial grain size of analysis to 25 km2 produced a sample where



25 % of analysis units had at least two field plots, yet when the

predicted-observed comparison was made the relationship only improved slightly

(5%).

Conclusion

Our modeling effort was unable to predict SI precisely, but predicted the five

SI classes used in the field, reasonably well. Besides the recognized data

deficiencies mentioned, I believe this study to be significant considering there was

no remote sensing information nor scaling factors applied. Because of their relative

ease of use and availability of input data, simulation models currently are used to

predict photosynthesis, forest growth, carbon stores and fluxes, and other ecological

phenomena across the globe. Using a simulation model that produces estimates in

units used by foresters, units of wood growth for example, makes model validation

much easier with the existence of ample and wide-ranging forest inventory data.

This study has shown that though challenges remain for fine-scale growth modeling

across large areas, physiologically based process models provide a reasonable

method of estimating forest productivity.

13



References

Almeida, A. C., Landsberg, J. J., Sands, P. J., Ambrogi, M. S., Fonseca, S., Barddal,
S. M., and F.L. Bertolucci. In review. Needs and opportunities for using a process-
based productivity model as a practical tool in Eucalyptus plantations. Forest
Ecology and Management.

Anderson, J.R. 1967. Major land uses in the United States, in U.S. Geological
Survey, 1970, National atlas of the United States of America: Washington, D.C.,
U.S. Geological Survey: 158-159.

Blake, J. I., Chappell, H.N., Bennett, W.S., Webster, S.R., and S.P. Gessel. 1990.
Douglas fir growth and foliar nutrient responses to nitrogen and sulfur fertilization.
Soil Science Society of America Journal 54:257-262.

Bond, B. J., Farnsworth, B.T., Coulombe, R.A., and W.E. Winner. 1999. Foliage
physiology and biochemistry in response to light gradients in conifers with varying
shade tolerance. Oecologia 120:183-192.

Cohen, W.B., Maiersperger, T.K., Gower, S.T., and D.P. Turner, D.P. 2003. An
improved strategy for regression of biophysical variables and Landsat ETM+ data.
Remote Sensing of Environment 84:561-571.

Coops, N.C., and R.H. Waring. 2001a. Assessing forest growth across southwestern
Oregon under a range of current and future global change scenarios using a process
model, 3-PG. Global Change Biology 7:15-29.

Coops, N.C., and R.H. Waring. 2001b. Estimating maximum potential site
productivity and site water stress of the eastern Siskiyous using 3-PGS. Canadian
Journal of Forest Research 31:143-154.

Coops, N.C. and Waring, R. H. 2001c. The use of multi-scale remote sensing
imagery to derive regional estimates of forest growth capacity using 3-PGS. Remote
Sensing of Environment 75: 324-334.

Coops, N. C., Waring, R.H., and J.J Landsberg. 2001. Estimation of potential forest
productivity across the Oregon transect using satellite data and monthly weather
records. International Journal of Remote Sensing 22:3797-3812.

Gholz, H.L. 1982. Environmental limits on aboveground net primary productivity,
leaf area and biomass in vegetation zones of the Pacific Northwest. Ecology, 63:
469-481.

14



Goward, S.N., and D.G. Dye. 1987. Evaluating North American net
primary productivity with satellite observations. Advances in Space Research
7(11): 165-174.

Goward, S.N., Huemmrich, K.F., and R.H. Waring. 1994. Visible-near infrared
spectral reflectance of landscape components in Western Oregon. Remote Sensing
of Environment 47:190-203.

Hanson, E.J., Azuma, D.L., and B.A. Hiserote, 2002. Site Index Equations and
Mean Annual Increment Equations for Pacific Northwest Research Station Forest
Inventory and Analysis Inventories, 1985-2001. Research Note PNW-RN-533.
USDA Forest Service Pacific Northwest Research Station.

King, J.E. 1966. Site index curves for Douglas-fir in the Pacific Northwest.
Weyerhaeuser For. Pap. 8. Weyerhaeuser Company, Weyerhaeuser
Forestry Research Center, Centralia, WA. 49 p.

Klinka, K., and R.E. Carter. 1990. Relationships between site index and synoptic
environmental factors in immature coastal Douglas-fir stands. Forest Science 36:
815-830.

Landsberg, J. J., and R.H. Waring. 1997. A generalised model of forest productivity
using simplified concepts of radiation-use efficiency, carbon balance and
partitioning. Forest Ecology and Management 95 :209-228.

Landsberg, J.J., Waring, R.H., and N.C. Coops. 2003. 3-PG applied to a wide range
of forest types. Forest Ecology & Management 172:199-214.

Law, B. B., Waring, R. H., Anthoni, P. M., and J.D. Aber. 2000. Measurements of
gross and net ecosystem productivity and water vapour exchange of a Pinus
ponderosa ecosystem, and an evaluation of two general models. Global Change
Biology 5:1-15.

Lewis J.D., Olszyk D., and D.T. Tingey. 1999. Seasonal patterns of photosynthesis
in Douglas-fir seedlings during the third and fourth year of exposure to elevated
carbon dioxide and temperature. Tree Physiology 19:243-252.

McArdle, R.E. 1961. The yield of Douglas fir in the Pacific Northwest. U.S.D.A.,
Washington, D.C. Technical Bulletin 201.

McLeod, S.D., and S.W. Running. 1988. Comparing site quality indices and
productivity in ponderosa pine stands of western Montana. Canadian Journal of
Forest Resources 18: 346-352.

15



Maguire, D. et al. in preparation. Department of Forest Science, Oregon
State University.

Reich, P.B., Turner, D.P., and P. Boistad. 1999. An approach to spatially distributed
modeling of net primary production (NPP) at the landscape scale and its application
invalidation of EOS NPP products. Remote Sensing of Environment 70:69-81.

Running, S.W. 1994. Testing forest-BGC ecosystem process simulations across a
climatic gradient in Oregon. Ecological Applications 4:238-247.

Thornton, P.E., and S.W. Running. 1999. An improved algorithm for estimating
incident daily solar radiation from measurements of temperature, humidity, and
precipitation. Agricultural and Forest Meteorology 93:211-228.

Thornton, P.E., Running, S.W., and M.A. White. 1997. Generating surfaces of daily
meteorological variables over large regions of complex terrain. Journal of
Hydrology 190:214-251.

US Department of Agriculture. 1991. State soil geographic database (STATSGO):
Data users guide. Miscellaneous Publication Number 1492. Natural Resources
Conservation Service. (http://water.usgs.gov/GIS/metadatalusgswrdlmuid.html).

United States Depat tiiient of Agriculture, Forest Service. 1998. Field Procedures for
the Current Vegetation Survey. Version 2.03. Region 6 Inventory and Monitoring
System. Natural Resource Inventory, Portland OR.
www.fs.fed.us/r6/survey/document.htm

US Department of Agriculture Forest Service. 2002. Forest Inventory and Analysis
Field Methods Guide for Phase 2 Measurements. (http://fia.fs.fed.us/library.htm).

US Geological Survey. 1996. National Land Cover Characterization. Sioux Falls,
SD USA.

Vogelmann, J.E., Howard, S.M., Yang, L., Larson, C.R., Wylie, B.K., and N. Van
Driel, 2001. Completion of the 1990's National Land Cover Data Set for the
conterminous United States from Landsat Thematic Mapper data and ancillary data
sources. Photogrammetric Engineering and Remote Sensing 67:650-652.

Waring, R.H., Landsberg, J.J., and M. Williams. 1998. Net primary production of
forests: a constant fraction of gross primary production? Tree Physiology 18:129-
134.

Waring, R.H. 2000. A process model analysis of environmental limitations on the
growth of Sitka spruce plantations in Great Britain. Forestry 73:65-79.

16



17

Waring, R.H., Coops, N.C., Ohmann, J.L., and D. Sam 2002. Interpreting Woody
Plant Richness from Seasonal Ratios of Photosynthesis. Ecology 83(1 1):2964-2970.

White, J.B. 2000. Studies of western hemlock nutrition. Ph.D. dissertation.
University of British Columbia. Vancouver, B.C. 220 p.

Whitehead, D., Leathwick, J.R., and A.S. Waicroft. 2000. Modelling annual carbon
uptake for the indigenous forests of New Zealand. Forest Science 47:9-19.

Zinke, P.J., Strangenberger, A.G., Post, W.R., Emanuel, W.M., and J.S. Olson.
1984. Worldwide organic soil carbon and nitrogen data. Oak Ridge Nat. Lab.,
Environmental Science Division, Pub. No. 2212. Oak Ridge, TN.

Zinke, P.J., and A.G. Strangenberger. 2000. Elemental storage in forest soil from
local to global scales. Forest Ecology and Management 138,159-165.Brown, E.R.,
editor. 1985. Management of wildlife and fish habitats in forests of western Oregon
and Washington. USDA Forest Service R6-FW&L-192-1985.

Vogelmann, J.E., Howard, S.M., Yang, L., Larson, C.R., Wylie, B.K., and N. Van
Driel, 2001. Completion of the 1990's National Land Cover Data Set for the
conterminous United States from Landsat Thematic Mapper data and ancillary data
sources. Photogrammetric Engineering and Remote Sensing 67:650-652.



Table 2.1. Inputs, calculations, and outputs of 3-PG (from Coops and Waring
2001a)

18

INPUTS
Climate data: temperature, precipitation, humidity, radiation, subfreezing days
Initial biomass: foliage, stems, roots (Daymet,
Variables: maximum available soil water, initial stem number, stand age, max.
stand age
Parameters: canopy quantum efficiency, temperature optimum and limits for
photosynthesis, ratio of PN/PG, max. leaf and canopy conductance, specific leaf
area, maximum litterfall rate, root turnover rate (if soil carbon balance is of
interest), soil fertility ranking, and parameters for species-specific allometric
equations

MODEL CALCULATES MONTHLY

Leaf area index from foliage mass & specific leaf area and monthly litterfall

Degree that a climatic variable limits stomatal or canopy conductance
Transpiration from Penman-Monteith equation
Gross photosynthesis from utilizable PAR multiplied by quantum efficiency
Net primary production (PN) as a fixed fraction of gross photosynthesis
Fraction of PN allocated to roots
Fraction of PA allocated to stems and foliage separately, using allometric
equations with tree diameter

MODEL CALCULATES ANNUALLY

Stem wood production (mass and volume)
Net production, above and below ground
Natural mortality and mortality through thinning
Updates of tree biomass (alive and dead)
Litter and root turnover
Autotrophic respiration
Relative constraints imposed by each environmental factor on production



Table 2.2. Model functions and parameters used for Douglas-fir in this study (from Coops and Waring 2001a).

Light conversion efficiency of
photosynthesis

Constraints of light conversion
efficiency associated with
temperature
Fraction of radiation absorbed by
canopy
Stomata! response to vapor pressure
deficit
Wood density in stands <25 years
old
Maximum leaf stomata! conductance
Maximum canopy stomatal
conductance
Fraction of production allocated to
roots, monthly

Maximum a ranges from 1.65 3.03 g
C MI' 4p.a.u, increases linearly with FR
where

= 3.478 (FR) +0.386
Optimum temperature for
photosynthesis was set at 20°C, Tmjn
0°C, and Tm 40°C
1-(2.718 exp (0.5* L)

g = gcm CXp (0.05*D)

400 kg m3

0.006 m s
0.02 m s

0.81(1 + f
Selects the most restrictive
environmental constraint (fi), e.g., with
value nearest zero; includes soil
fertility.

This study
Waring 2000

Lewis et al. 2000

Landsberg and Waring 1997

Landsberg and Waring, 1997

Gho!z 1982

Landsberg and Waring 1997
Landsberg and Waring 1997

Landsberg and Waring 1997

Variable Functions and Parameter Values Reference
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Fig. 2.1. The 3-PG model with linkages between carbon and water balances, driving variables, and constraints that are imposed
on photosynthesis, respiration, and the partitioning of growth (From Coops and Waring 2001c).
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Fig. 2.2. Map of soil N content for forested areas in Oregon (data courtesy of Dr. Weihong Fan, Richard Stockton College of
New Jersey). Hilishade from 500m digital elevation model (USGS); forested areas defined by North American Landscape
Characterization (Vogelmann 2001).
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ANALYZING PATTERNS OF WOODY PLANT RICHNESS
AT MULTIPLE SPATIAL SCALES WITh MODELED PHOTOSYNTHESIS

Abstract

The "hump-backed" relationship that predicts highest species richness

(species/unit area) at intermediate levels of productivity was tested for woody plants

across the Pacific and Inland Northwest USA. Shrub and tree species richness was

assembled from Forest Inventory and Analysis (HA) and Current Vegetation

Survey (CVS) field data for the northwestern United States and compared with

growing season photosynthesis (P5) estimated by a process model. The process

model was driven by extrapolated, terrain-adjusted climate data and estimated

nitrogen content of soils. The relationship between predicted Pg and species

richness was analyzed at multiple grain sizes by spatial aggregation from 1 to 100 to

1000 km2. After taking into account the effect of area, improvements in the hump-

shaped relationship emerged at progressively larger spatial units of aggregation for

all datasets. The hump-shaped relationship found for shrub species richness (FIA)

and Pg improved from the 1 km2 level up to 1000 km2 grain 2 = 0.57); a similar

trend was found for woody plant species richness (FIA) at 1000 km2 2 = 0.66).

The CVS tree species dataset for the Pacific Northwest (OR, WA) produced the best

relationship with Pg at 100 km2 2 = 0.70), also improving from the 1 km2 level.

Improvements in the relationship at coarser spatial scales are attributed a more

comprehensive species tally and less dependence on precise field plot locations and

disturbance history. Regression residuals were plotted spatially for a geographic

assessment of model performance.

Introduction

Evidence has been amassed to support the "hump-backed" relationship

between productivity and species richness first proposed by Grime (1973, 1979).

Studies exploring this relationship have ranged widely in scale, species groups,
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Studies exploring this relationship have ranged widely in scale, species

groups, sampling methods, and results (Waide et al. 1999, Mittelbach et al. 2001).

As to the hump-shaped curve, there appears general agreement in the ecological

community for species richness increases with productivity, but more contention as

to why species richness should decline at the highest levels of temperate

productivity (Rosenzweig and Abramsky 1993). For woody plant species richness

in the Pacific and Inland Northwest this decline appears to be produced by a few

fast-growing species that intercept most available light with dense canopies in areas

of high productivity (Waring et al. 2002).

Though the hump-backed model is not accepted by all, some of the

inconsistency in productivity-richness studies may stem from sampling restricted

productivity ranges (Rosenzweig and Abramsky 1993) and the use of surrogate

measures of productivity. If productivity is indeed the factor responsible for species

richness pafterns, using surrogates such as evapotranspiration or precipitation will

surely muddle any relationship found. Ecological process models and climate data

modeled for terrain effects currently provide the tools necessary for estimating

productivity directly. Seasonal differences and spatial variation in temperature,

moisture, atmospheric vapor pressure deficits, and soil fertility are all incorporated

into process models in estimates of productivity (see reviews by Shugart 1984,

Waring and Running 1998). The few sub-continental scale studies using direct

estimates of productivity such as net primary production (NPP) (Mittelbach et al.

2001) often restrict these estimates to above-ground growth, which may represent a

small and variable fraction of total net primary production (Landsberg and Gower

1997, Waring and Running 1998). Gross photosynthesis during the growing season

has been suggested as a more universal measure of productivity as it applies equally

to deciduous and evergreen species that often vary in the manner that photosynthate

is partitioned to growth, respiration, and reproduction throughout the year (Waring

et al. 2002).

Broad scale studies have used species range maps to estimate species

richness across continents (i.e. Currie and Paquin 1987, Currie 1991), yet at finer
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spatial scales, these generalized maps can prove problematic because

species' ranges are disjunctive. The quadrat size utilized in these studies, (54,600 to

77,000 km2) is problematic because a single quadrat may encompass different

ecosystems and too much heterogeneity for the results to be ecologically

interpretable. Latham and Ricklefs (1993) recommend the use of field plots that

reflect the local assemblages of species as a more appropriate manner to test the

species-energy theory than that of species range maps. Gathering species richness

data from field studies for regional level analyses introduces problems of varying

plot sizes and sampling schemes. Because the number of species is related to the

area sampled, field plots of different sizes are not easily combined. Another

complication of regional analysis is that the field plot size is often very small; a

typical field plot of 0.1 ha, for example, is inadequate for analysis of global patterns

of tree species richness (Latham and Ricklefs 1993). To sample tree species

diversity adequately, Gentry and Dodson (1987) recommend that areas of at least 1

ha be sampled.

To address these problems I extracted fine-scale species richness data from

large regional field datasets (.-200m2 and 1 ha plots) and analyzed them at multiple

grain sizes by aggregating plots to increasingly larger quadrats (100 km2 and 1000

km2) By increasing grain size of the analysis I hoped to lessen errors between the

relative size of the field plots (200m2; dependent variable) and that of estimated

productivity (1km2; independent variable). In this way, dependency on accuracy of

field plot locations was reduced, and a more complete species list per quadrat was

created. Growing season photosynthesis was spatially modeled at 1km resolution

using the physiologically based process model 3-PG (Physiological Principles for

Predicting Growth; Landsberg and Waring 1997). The USFS's Forest Inventory

and Analysis program spanning the USA and Current Vegetation Survey in OR and

WA, appear to be the most consistently collected regional available data source. To

my knowledge this is the first effort of its kind to join FIA datasets from separate

regions (Pacific Northwest and Rocky Mountain) for regional species richness

analysis.
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I hypothesized that a hump-shaped relationship between modeled

growing season Pg and species richness would emerge with improved predictive

power as the scale of analysis increased from 1 to 100 to 1000 km2. I anticipated

that using species richness from field data and spatially modeling direct estimates of

productivity would bring us closer to quantifying the productivity-richness

relationship if it were to exist.

Methods

Study Area

The study area consists of the forested areas of the Pacific and inland

Northwest and encompasses approximately 630,000 km2 (Figure 3.1). The forested

areas were defined to include a 10 km buffer around forested cover types in the

USGS/EROS National Land Cover Characterization Database (1996). The forests

of Washington (WA), Oregon (OR), Idaho (ID), and western Montana (MT) are

included and represent a wide range of biophysical conditions and community types.

This region of 450 to 49° N Latitude and 109° to 123° W Longitude includes ranges

in elevation from sea level to 4400 m and represents large gradients in climate and

soils. The primarily coniferous forests across the region vary in species composition

(Franklin and Dyrness 1988), and range in net primary productivity from 3 to 35 Mg

ha1 yf1 representing the full range of temperate forest productivity in the USA

(Jarvis and Laverenz 1983).

Data Analysis and Environment

The basic analysis was conducted at a 1 km2 cell size, and was generalized

through accumulation of species richness to increasingly larger units. All spatial

analysis took place in Arc-info 8 Desktop and Workstation packages

(Environmental Systems Research Institute, 2001). Data manipulation and statistical

analysis were done in Microsoft Access, SAS (SAS, Inc. Version 8) and S-plus



(Version 6.1). I used binomial regression to analyze relationships and to

generate residuals for spatial analysis.

Species Richness Data

I extracted species presence-absence matrices from the raw data to create

sums of species richness for four datasets: shrubs, woody plants, and two different

tree datasets. For a four state study area (OR, WA, ID, MT), data were extracted for

trees and shrubs from the Forest Inventory and Analysis (FIA) survey that consists

of variable radius plots for trees and small fixed radius plots for shrubs

(Woudenberg and Farrenkopf 2001). FIA tree and shrubs were combined to reflect

all recorded woody plants. An additional dataset of tree species, the Current

Vegetation Survey (CVS; USFS 1998), sampled public lands in OR and WA with

relatively large fixed radius plots. The FIA data were provided by the processing

center of the Pacific Northwest region of the US Forest Service office in Portland

and by the Rocky Mountain Office in Ogden, UT. For privacy reasons, the

coordinates of these field plots have been distorted from their true location by 1.5 to

3 km.

FIA variable radius plots for trees were designed for rapid estimation of

basal area and not for species richness. Therefore, I expected some bias towards tree

species that can attain large stem diameters and difficulty in specifying plot area. I

included this dataset in the analysis anticipating that it could be significant at

coarser scales and because of its extensive range and consistent sampling method.

In some parts of the study area, the number of FIA subplots recorded over time

ranged from 4 to 10, and therefore I requested from the FIA data providers that plots

have exactly five subplots of variable radius. The FIA tree dataset consisted of

4470 plots on private lands in OR and WA and on both public and private lands in

MT and ID, and spanned a period of over 20 years of surveys.

The CVS recorded tree species in a uniform manner on much larger plots

than the FIA surveys on US Forest Service lands in OR and WA. Each CVS survey

29
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plot has one large (1 ha) circular plot that includes four subplots of

concentric rings. Smaller rings sample smaller diameter trees, and as the diameter of

field plot increases, larger diameter trees are recorded (USDA Forest Service 1998).

A total of 10,330 CVS plots were utilized in the analysis which were surveyed in the

last 10 years.

The consistency of the collectionlrecording methods for FIA shrub data

varies widely among states and regions but by extracting data at the sub-plot level I

constructed a relatively homogeneous dataset from the Pacific Northwest dataset

and the Rocky Mountain dataset. Depending on the original size of subplot that

varied with geographic region, specific numbers of subplots or entire plots in some

cases were selected to create the most homogeneous dataset possible of field plots in

terms of area that varied from 140 220 m2 (Table 3.1). Therefore the data points

used in analysis each have a similar area, yet may be a combination of subplots or

consist of just one subplots. Therefore at the fine geographic scale, disjunct areas

surveyed (multiple sub-plots) are considered to be the same as one contiguous area

(e.g. the use of single subplots as for the Rocky Mountain region, Table 3.1), which

may have implications for species richness measurements. This process was

necessary however to produce a dataset that could be analyzed regionally; it was

anticipated that scaling up to courser grain sizes would lesson this fine scale

variability. The final shrub dataset, like the FIA trees, consisted of 4500 plots on

private lands in OR and WA and on both public and private lands in MT and ID.

No abundance/density data were utilized in this analysis.

These regional datasets varied by area sampled and also by ownership. In

the Pacific Northwest (OR and WA) the Forest Service's FIA program samples only

privately-held lands, while in the Rocky Mountain region (ID and MT), both public

and private lands are sampled. The CVS dataset is composed of federally owned

land in OR and WA. Land ownership has implications for interpretation of results of

diversity studies Federally owned forests in the Pacific Northwest typically

experience longer rotations (70-80 years) and have different harvest techniques than

do private industrial lands (rotations of 40-60 years; Garman et al, 1999). Privately-
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owned lands in the Pacific Northwest experience a range of disturbance

scenarios, from large expanses of short rotation industrial forests to the smaller

patchwork of woodlot owners with variable harvest rates. Different harvest

practices affect plant diversity to various degrees over the course of forest

succession (Halpem and Spies, 1995). The effect that ownership has upon woody

plant diversity (FIA) has been obscured by joining this dataset with the Rocky

Mountain dataset to form a regional dataset. Taking into account these different

ownership-dependent disturbance scenarios, the analysis using the CVS tree dataset

across federal lands characterizes the productivity-diversity relationship in relatively

less disturbed older forests on federal lands.

Increasing Grain Size

The first level of analysis consisted of fine scale field plots (200 m2 - 1 ha)

compared to 1 km2 resolution of Pg layer. I divided the entire study are into quadrats

of 100 km2 (a 10 x 10 km square) and 1000 km2 (a 31.6 x 31.6 km square). These

quadrat sizes were chosen from an infinite range of sizes to produce a sufficient

number of field plots per quadrat for analysis but so as not to sample too much

ecological variability within each quadrat. The exact sizes were chosen for

simplicity and interpretability. For each quadrat that fell over forested areas

containing field plots, I combined all unique species information from the total

number of the field plots encountered. To count the number of unique species for

each quadrat, species presence-absence matrices were created and the number of

field plots present within the quadrat was recorded. For each quadrat, the mean and

variance of all 1km2 productivity cells were calculated. An alternative approach

would be to employ an algorithm that searched for a number of nearest-neighbor

plots to combine for analysis (i.e. Schemer and Jones 2002). The nearest-neighbor

calculation would eliminate the differences in the number of plots encountered in

increasing the grain size. The distribution of FIA and CVS plots is variable across
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the study area and many forested areas are naturally patchy. For these

reasons I chose the quadrat method to control the maximum distance between field

plots.

Ideally, each quadrat would sample a relatively homogeneous area. In

reality, a quadrat that is 10 or 31 km on a side may sample tremendous ecological

variability depending on terrain, climate, and soil characteristics of the local area.

Ecotones occurring within a particular quadrat could contribute a comparatively

high species richness relative to a quadrat that sample a homogeneous area.

Controlling for Area

The 100 km2 and 1000 km2 quadrats included different numbers of field

plots; it was necessary therefore to standardize these differences in sampling to

aftain comparable estimates of species richness. I examined the relationship between

species richness and plot area sampled for 100 km2 and 1000 km2 scale shrubs and

trees at the state level, the sub-state level, and at eco-regions for unique

relationships. In most cases, it was difficult to identify where the curve leveled off.

When a leveling off point was identified, it was very close to the overall curve for

the entire study area. Therefore, for each dataset at both 100 km2 and 1000 km2

grain sizes, I graphed the average number of species versus number of plots (area)

and visually interpreted where the curves leveled off. I standardized each data set to

the number of plots at which the curve flattened. For the 100 km2 analysis, the

curve leveled off at about five field plots per quadrat for both FIA trees and shrubs.

At 1000 km2, the curve flattened at around 15 field plots for FIA trees and shrubs.

For the CVS trees, the curve appeared to flatten at 10 plots per 100 km2 quadrat and

at 30 plots per 1000 km2 quadrat. To avoid under sampled quadrats and to minimize

outlying values produced by the standardization for area, I excluded quadrats with

less than four plots for FIA shrubs and trees (less than 10 plots for CVS trees) at 100

km2 and less than 10 plots at 1000 km2 for all datasets. Excluding these under

sampled quadrats eliminated obvious over-predictions resulting from standardizing



for area sampled. When combining the trees and shrubs for analysis of

woody plant species, I used a simple log relationship of number of plots because

each dataset had a unique number of field plots per quadrat and could not be

standardized to a particular number. All quadrats were included in the woody plant

analysis at both grain sizes.

Modeled Productivity

Gross primary productive capacity represents the maximum production

achievable given climatic, soil water, and fertility limitations without disturbance of

a fully stocked forest stand. On a monthly basis I modeled gross photosynthesis for

the entire year (Figure 3.2), and selected for the analysis the months from May

through August to represent the production of all species, deciduous and evergreen

during the growing season (Pg). Pg represents carbon that would go toward both

above and below ground forest growth and autotrophic respiration. I used the

physiologic process model 3-PG (Physiological Principles for Predicting Growth)

run in "Spatial" mode (Chapter 2). 3-PG relies on a number of established

biophysical relationships and several simplifying assumptions and is documented in

detail elsewhere (Landsberg and Waring 1997). For the simulations, the model was

driven with monthly climate data (average temperature, daytime vapor pressure

deficit, precipitation) and radiation data from Daymet. The Daymet climate data are

18 year summaries (1980 - 1998) of weather station data that has been spatially

extrapolated over the terrain. (http://www.daymet.org; Thornton et al. 1997). To

estimate soil fertility for the model, I used a spatial data layer of nitrogen content

derived from STASGO soil maps and land use (Anderson 1967, USGS 1996,

Vogelmann et al. 2001; Dr. Weihong Fan, personal communication).

Using the same set of parameters and input data, 3-PG produces a variety of

outputs including mean annual increment of wood growth and gross primary

productivity. I converted mean annual increment to site index, the height of a tree at

100 years of age, and checked it against field data of site index in Oregon. Eighty-
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three percent of the 1638 plots were within one of five site classes

(Chapter 2). I am more confident of model estimates of Pg than site index because

calculation of the formulae excludes possible errors in non-growing season

limitation of temperature and problems associated with partitioning growth and

respiration.

Statistical Analysis

Each species dataset at the scale of plot, 100 km2 and 1000 km2 quadrats

was compared to Pg with regression. The relationship was anticipated to be hump-

shaped in nature, and therefore the squared term of Pg was included in the models.

No outliers were removed from any dataset as I assumed that unexplained model

variance was attributed to variables other than GPP that influence species richness

that were not included.

Results

Maps of Species Richness

Maps of shrub and tree species richness for 100 km2 and 1000 km2

quadrats standardized for the number of field plots (area) show varied patterns

(Figures 3.3 - 3.8). At 100 km2 scale, shrubs richness (Figure 3.3), appears to

be concentrated in OR and WA with an area of slight increase in northwest

MT. In OR and WA, the pattern of shrub richness is spatially highly variable

but areas of relative high richness can be identified visually in the NE corner

of WA, in the central Olympia/Tacoma valley of WA below Puget Sound,

along the Columbia River Gorge dividing OR and WA, and scattered

throughout OR. Areas of relatively low shrub richness are more easily

identified such as east of the Cascade Range in both OR and WA. When

these data are scaled up to 1000 km2, the pattern of shrub richness is similar
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(Figure 3.4). Interestingly, some isolated areas indicating relatively high

richness appear at this scale in central and south central Oregon.

The FIA derived tree species richness in 100 km2 quadrats (Figure 3.5)

has a highly variable spatial pattern across the region, perhaps attributed to the

small variable sized field plots. An apparent concentration of species richness

appears in the northern ID panhandle and northwestern MT. Scaling up to

1000 km2 grain size (Figure 3.6), smoothes the pattern and dampens the

northern ID/MT concentration yet produces some isolated points of high

richness in OR, ID, and MT. Tree richness in OR and WA on National Forest

lands derived from CVS data at 100 km2 shows a smooth pattern (Figure 3.7).

I attribute the smooth CVS tree richness pattern to a more representative

sample associated with large field plot size and consistent sampling methods

with respect to area. Relatively higher tree species richness in the Pacific

Northwest from CVS surveys is found in the central Cascade Range in WA,

central and southern Cascades in OR, and the Siskiyou mountains in

southwest OR. Areas of low richness are found along the OR Coast range and

throughout eastern OR, which correspond to high and low productivity,

respectively. The same dataset mapped at 1000 km2 has a courser but similar

pattern, revealing new quadrats of high species richness in the WA Cascade

Range. Woody plant species richness is simply the sum of the tree and shrub

species found in each quadrat and is not shown.

The subtle changes in species richness patterns from 100 km2 to 1000 km2

may be indicative of the scale of heterogeneity of the landscape. Areas with higher

richness on the 100 km2 map than at 1000 km2 could have finer scale heterogeneity

or higher levels of habitat diversity than areas that show higher richness at 1000

km2. Quadrats with relatively lower richness at 1000 km2 most likely unite disjunct

species populations that were separated at the 100 km2 grain.



Productivity-Richness Relationship

Relationships between tree, shrub and woody species richness and Pg

exhibited hump-shaped curves that improved with increasing grain size. (Figures

3.9-3.12; Table 3.3). All variables were significant at the p<O.0001 level. Though

scaling up improved model performances, a hump-shaped distribution was evident

even at the plot level (Figure 3.9). All models produced the strongest relationship at

the 1000 km2 grain (Figure 3.10 and 3.11) with the exception of the CVS tree

dataset that produced the best relationship at the 100 km2 grain size (Figure 3.12).

Comparing all datasets, the most successful models in terms of the R2 value were

the 100 km2 CVS tree dataset and the 1000 km2 woody plant dataset (Table 3.3).

The FIA tree dataset produced the weakest relationships at all scales.

Discussion

Model residuals from the most successful regression equations (determined

by the R2) were plotted geographically to illustrate the extent of agreement with

regression models for 100 km2 and 1000 km2 grain sizes (Figure 3.13-3.16).

Because of the use of simple single variable regression models, deviations in model

predictions may be attributed to 1) errors in the field data, 2) errors in the estimation

of productivity, or 3) variables missing from the model. For all models shown,

general model agreement (white circles) is fairly evenly dispersed across the

regions.

The 100 km2 shrub model (Figure 3.13) produces clumps of positive

deviations (shrub richness was higher than model predicted) south of Seattle to the

OR border, in northeastern WA, and in northwestern MT. Shrub richness was lower

than model predictions in northern ID, along the ID/MT border in MT, and in the

NE corner of the study area in MT. Scaling up to 1000 km2 produced similar and

smoother patterns in shrub richness (Figure 3.14). Woody plant species richness,

the sum of the FIA shrubs and tree datasets, at 1000 km2 produces a similar pattern

as shrubs (Figure 3.15), yet with more complete geographic coverage because all
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quadrats were used in the regression analysis (a minimum number of plots

per quadrat was not required). Areas of positive deviations for this model are found

in south central OR, throughout northern OR, northeastern WA and northeastern

MT, with areas of negative deviations found again in northern ID and southern MT.

The CVS tree species mapped regression residuals (Figure 3.16), show isolated

areas of over and under predictions in OR and WA. The regression model appears

to have under predicted tree species richness in southwest OR, along the southern

Cascade Range, and in the Northern Cascades in WA. Over predictions occurred in

NW Washington below the Canadian border and at scattered points throughout OR.

Areas where models consistently under predict diversity (positive values) could

have a historical/evolutionary explanation or have levels of high habitat diversity

such as southwest OR corresponding to the Siskiyou mountains and northeastern

WA.

The relative success of the productivity-diversity relationship varied among

datasets. Datasets that were designed for rapid sampling of forest basal area (FIA

trees) were the least successful because of sampling design and variable area

sampled. The success for the CVS tree dataset can be attributed to the much larger

area sampled in the field, more consistent sampling methods, and also to relatively

lower disturbance levels of these federally-owned forests. A larger area sampled

would produce a more complete tally of species present for a particular area and

older less disturbed forests in this region tend to have higher species richness

(Halpern and Spies 1995). The CVS tree dataset also has higher average species

richness for the 100 km2 CVS dataset (10 trees species using all quadrats) when

compared to the average for the FIA dataset at the same scale (6.3 species).

Comparing the FIA and the CVS tree richness analyses, one caimot conclude that

the diversity-productivity relationship is more appropriate for forested areas that

experience less forest harvest-related disturbance (and are therefore considered to be

more "natural"), because of the confounding effects of plot size and sampling

methods that differ among the two datasets. At the plot level, the CVS dataset

produced a much befter relationship than the FIA tree dataset (R2 of 0.3 versus
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0.04) for the reasons mentioned above and because the CVS plots were

accurately located on the ground and not offset for privacy reasons as the FIA data

were.

In every case, datasets that were scaled up over larger areas produced better

productivity-richness relationships. Though detail in productivity information was

lost as values were averaged across increasingly larger quadrats, the relationship

improved most likely because of more complete survey of the species present and a

decreased influence of local plot-level disturbance

To demonstrate the strength of the richness-productivity relationship found

in the CVS tree dataset without the interference of variable area sampled, the

relationship is graphed using 100 km2 quadrats that have exactly 13 field plots each

(Figure 3.17). This dataset was selected because there were more quadrats with 13

field plots each than any other number. This relationship is free of the influence of

sample area and produces the best relationship found in this study (R2 = 0.79).

The different methods used to adjust for the effect of area (number of plots

per quadrat) were satisfactory for this study, yet they cannot be considered perfect

solutions. Area, in species richness studies, cannot be considered a driving variable,

but a factor that must be controlled. For these datasets, I was not able to define

specific local relationships for species-area and therefore used one relationship for

the entire study area. It would be best to implement local species area relationships,

where they exist to correct for area sampled. Different plot selection methods could

be used to select a consistent number of neighboring plots and eliminate the need to

control for area. Using the quadrat method, further analysis could include a range of

quadrat sizes for scaling up data, and these quadrats could be created within defined

ecoregions to avoid combining different ecological communities within the same

quadrat. This of course leads to the difficult task of defining ecoregions, ecotones

and ecological communites, all of which vary with scale and interpretation.

I believe the remaining unexplained variance between richness and

productivity at this regional scale could be attributed to inconsistent field sampling,

natural disturbance effects, management effects, climate and soil variability, andlor
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sub-grain heterogeneity. Natural and human caused disturbance is a

major influence on local species richness (Perry and Amaranthus 1997), yet I

presume its effect would lesson with increasing scale of analysis. If a species is

normally present at a local site but is temporarily absent because of recent

disturbance, I assume that it would likely occur elsewhere on additional plots within

a 1000 km2 quadrat. Long-term variability in climate could also influence species

composition and therefore richness. I recognize the limits of using averaged climate

conditions over a period of 18 years to run the process model in a region where tree

age is counted in centuries. At the fine scale, spatial heterogeneity of soil fertility,

in particular nitrogen, as well as topographic diversity could also be influencing

diversity. Soils information, difficult to quantif' at the scale of 1 j2 would be

nearly impossible to estimate at a fmer resolution.

The hump-shaped relationship between productivity and woody plant

species richness in this study could possibly be improved with the above mentioned

changes. A robust model of species richness could be used to predict richness

concentrations across areas without field surveys for conservation purposes.

Conclusion

After adjusting for the effect of area, I have shown that productivity alone,

represented here by growing season photosynthesis Pg. accounts for 60 to 70 percent

of the shrub and tree species richness variance. Including the log of plot area

sampled in the regression, to adjust for area differences, Pg accounts for 70 percent

of the total woody plant species richness patterns at 1000 km2. Like the multitude of

other studies attempting to predict species richness patterns, additional

environmental and physical variables were examined initially during this study (i.e.

growing season length, topographic heterogeneity, index of leaf area; Swenson and

Waring, unpublished data), but none added significantly to the predictive power of

the model. I believe the relative success of this research comes from directly

modeling a variable that represents the growth and survival of the plant and better
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weighs environmental factors than surrogates like evapotranspiration,

precipitation or physiognomic descriptors. Additionally, using field data for species

richness rather than range maps provided a cleaner relationship once a more

complete species tally was attained at larger grain sizes. In this modeling study a

great deal was learned about the trials of working with and manipulating large

regional field data sets. There are many datasets with multiple variables sampled

(richness, ownership, disturbance history, etc.), yet when datasets are joined for a

single regional study, much of these attributes cannot be analyzed because of

sampling inconsistencies. For samples of species richness, area is probably the most

important factor that cannot be ignored or generalized across different datasets and

must be controlled. I anticipate the products of the recent changes that have been

implemented in the collection of FJA data by the US Forest Service to create a more

homogeneous dataset spanning the US across multiple ownerships (USDA 2002).
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Table 3.1. Forest Inventory and Analysis shrub database; size and number of plots
and subplots.

44

Region
Size of area

for this
study, m2

No. of subplots
used in study /
No. of subplots

per plot

Size of sub-
plot, m2

Total size of
original
plot, rn2

Eastern Oregon 138 5/5 27.5 138

Western Oregon 157 2/5 78.5 393

Eastern
Washington 157 2/5 78.5 393

Western
Washington 171 5/5 34.2 171

Rocky Mountain
Region

202 1/5* 202 1012



Table 3.2. Datasets used in analysis: standardized for area and number of
observations.

* dependent upon spatial density of original field surveys
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Dataset
Scale of
analysis

No. of field
plots

standardized
to

Range of
field plots

per quadrat*

Number of
observations

Shrubs, FIA Plot 5483

100km2 5 4-11 751

1000km2 15 10-40 269

Trees, Plot 5484
FIA

100km2 5 4-11 446

1000km2 15 10-41 211

Trees, CVS Plot 10317

100km2 10 9-15 586

1000km2 30 10-120 193

Woody Plot 5483
Plants, FIA

100km2 2-22 2455

1000km2 2-74 521
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Figure 3.1. Map of study showing forested areas in dark gray. Hilishade from 500m DEM (USGS); forested
areas defined by North American Landscape Characterization (Vogelmann et al. 2001).
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Figure 3.3. Map of shrub species richness at 100 km2 Each 100 km2 quadrat represents the number of
species present within that area after standardization for plot area sampled.
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Figure 3.7. Map of tree species richness (CVS) at 100 km2. Each
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that area after standardization for plot area sampled.

53

1-5
6-9
10-13
14-16
17-22

Normalized to 10 fl&d plots
per 100 km2 quadra quadrats
with at least 9 field plots



Figure 3.8. Map of tree species richness (CVS) at 1000 km2. Each
1000 km2 quadrat represents the number of species present within
that area after standardization for plot area sampled.
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Figure 3.9. Relationship between woody plant diversity and productivity at the plot
level.
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Figure 3.10. Relationship between shrub richness and productivity at the 1000
km2 scale.
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Figure 3.11 Relationship between tree species richness (FIA) and productivity
at the 1000 km2 scale.
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Figure 3.12 Relationship between tree species richness (CVS) and productivity
at the 100 km2 scale.
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Figure 3.15. Mapped residuals for most successful model for woody plant richness at 1000 km2
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Figure 3.17. Relationship between tree richness (CVS) and productivity at the
100 km2 scale of quadrats that have exactly 13 field plots each.

25

20 *.. ... .......° 15 .. 4 . .
a)

. . ..0
a)

(0 ..
a) ..
I-

5
y = -2E-05x2 + 0.0468x -7.21 35*.. R2 = 079

0



64

PRODUCTIVITY AND TREE SPECIES RICHNESS IN THE PACIFIC
NORTHWEST: MODELED PRODUCTIVITY, SURROGATE MEASURES,

AND SPATIAL HETEROGENEITY

Abstract

I tested the premise that modeled productivity would better account for

regional species richness patterns than commonly used surrogate measures such as

actual evapotranspiration. I compared surrogate measures of productivity with

potential gross photosynthesis created with a physiological process model in

accounting for tree species richness patterns in the Pacific Northwest. Tree species

richness was collected from the regional Current Vegetation Survey (CVS) spanning

federal lands in Oregon and Washington. All data were scaled up to 100 km2

quadrats for analysis; productivity information was averaged, and species richness

data were summed for unique species. For model development, 75 percent of the

data were used and for model validation, 25 percent were initially held back. Using

the Akaike's information criterion, I compared single variable and quadratic model

forms of the common productivity surrogates and modeled productivity: actual

evapotranspiration (AET), potential evapotranspiration (PET), precipitation

(PRECIP), and average daytime vapor pressure deficit (VPD), annual temperature,

and modeled growing season photosynthesis (Pg). The highest ranked model

contained Pg and was not closely followed by any model containing surrogate

variables. A hump-shaped relationship between productivity and tree richness was

confirmed I then explored the effect of adding a spatial heterogeneity component

to the quadratic Pg model in different forms based on elevation and satellite data.

With AIC, the best model was selected from this new model set which included the

initial Pg model. The model containing modeled photosynthesis and elevation range

was selected as the best model for the dataset. Both selected models were validated

with the 25 percent data initially held back and found to be relatively successful in

predicting tree species richness showing a close 1:1 agreement: quadratic
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photosynthesis model (R2=O.73) and quadratic photosynthesis model with

elevation range (R2=0.75). Where climate data are available to model productivity

spatially I believe that the common surrogates of productivity such as PET or AET

should be avoided to substitute for productivity. Currently, climate data to run

productivity models are readily available for the entire US at no cost.

Introduction

Ecologists have long hypothesized a humped-shaped relation between

primary productivity and species richness but have generally relied on simple

climatic indices as surrogate measures of production with variable success

(Rosenzweig and Abramsky 1993, Waide et al. 1999, Mittelbach et al. 2001). In

temperate ecosystems relatively few species are found in areas with very low and

very high levels of productivity, while higher concentrations of species occur at

intermediate levels of productivity. Evidence for this phenomenon was found in a

regional study of Oregon woody plant species richness and productivity (Waring et

al. 2002). Species richness appears to decline at high productivity levels because of

intense competition and shading by a few species that quickly become dominant

such as Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco) or Salmonberry (Rubus

spectabilis) in the Pacific Northwest (Ibid.).

Regional analyses of geographic variation in species richness have relied on

published species range maps and easily obtained climatic summaries. From the

climatic summaries, a number of surrogate indices presumed related to primary

productivity have been derived. These indices include annual potential (PET) and

actual evapotranspiration (AET), vapor pressure deficit (VPD), precipitation and

average temperature.

AET estimates are the most widely applied surrogates to productivity and

integrate the relative availability of water with solar energy. AET is often highly

correlated with above-ground terrestrial primary productivity particularly when

compared to densely planted crops (Rosenzweig 1968, Leith 1975). It has also been
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related to patterns of tree species richness in North America (Currie and

Paquin 1987). Despite these findings, very different precipitation and radiation

patterns may produce similar annual AET values, resulting in limited predictive

power (Whittaker and Field 2000). Actual and potential evapotranspiration both

have been calculated in different ways producing variable results (Ibid). Potential

evapotranspiration (PET) is an estimate of potential evaporative water loss based on

the incoming heat energy (specifically, incident solar radiation). Species richness

studies often calculate PET using the Thornthwaite method (Thornthwaite and

Mather 1957), when the method is reported. The Thornthwaite method is based

upon an empirical relationship between PET and annual temperature, lacks a

theoretical basis but usually produces reasonable estimates (Palmer and Havens

1958). Currie (1991) found that mean annual PET was significantly correlated with

tree richness patterns in North America, while O'Brien (1998,2000) found high

correlations with woody plant species richness and maximum and minimum

monthly PET in South Africa. Mean monthly daytime vapor pressure deficit (VPD)

has also been considered as a surrogate to AET and photosynthesis because of its

large effect on leaf stomatal conductance and importance in creating evaporative

demand. Precipitation (PRECIP) has been used in many studies of richness and in

the past has been recognized as one of the most important correlates with organism

ecology (Krebs 1978). O'Brien (1998, 2000) found that mean annual precipitation

was highly correlated with woody plant species in South Africa, while Richarson

and Lum (1980) using the natural log of annual precipitation, and Currie and Paquin

(1987) found it to be significant in accounting for variation tree richness in

California and North America, respectively. Mean annual temperature (TEMP) was

significantly correlated with tree species richness in California (Richerson and Lum

1980), and North America (Currie and Paquin 1987). Each of these variables

measures distinct aspects of climate, yet all attempt to estimate how climate affects

plant distributions and therefore species richness.

Composite indices such as AET and PET attempt to incorporate many

factors that may affect plant growth and therefore would be expected to account
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more successfully for richness patterns than a single factor such as

temperature. Combining multiple variables to better account for richness patterns

has also been conducted. Developing a model that represented water and energy,

O'Brien (1993) successfully accounted for woody plant richness (R2=O.79) using a

model containing annual precipitation and minimum monthly PET.

Surrogate productivity measures are often extrapolated from sparse

meteorological data or in the past copied from very coarse scale maps (e.g. Currie

and Paquin 1987) introducing unknown errors. Currently for North America, there

are multiple data sources of extrapolated digital climatic data with resolutions from

ito 5 2 (e.g. PRISM, Daly et al. 1994; DAYMET, Thornton, et al. 1997) that can

be used to produce more accurate and detailed information for productivity and

surrogate measures. Though many of the most successful surrogate measures have

been correlated with species richness in numerous studies, the careful weighting of

climate variables and soil fertility that occurs in process models to simulate growth

would be expected to produce a more accurate estimate of productivity and

therefore also account for more variability in species richness patterns.

A number of physiologically-based process models have been applied

across large regions to interpret climatic constraints on productivity, as well as

constraints associated with soil properties. Process models are designed to integrate

environmental information that directly affects selected biological functions, such as

photosynthesis and growth and therefore weigh the relative importance of

environmental constraints on growth under present, past, or future climates. Few

process or ecosystem models however, have been applied across areas with high

spatial variability in topography, climate, and soils (Coops et al. 2001). Running et

al. (1989) were among the first spatial application of a general forest ecosystem

model (FOREST-BGC) to map annual estimates of both latent heat exchange and

photosynthesis across mountainous topography in western Montana from satellite-

derived estimates of canopy leaf area and light absorption. Coops and Waring

(2001) successfully predicted maximum annual aboveground growth for 14 forest

types when compared to ground surveys made across a 54,000 km2 region in SW
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Oregon at a 4 ha grain size with the 3-PG model (Physiological Processes

Predicting Growth) using a version that incorporates satellite data. Designed to

model monthly forest growth, the 3-PG model is a relatively simplified

physiologically-based process model that can be driven with meteorological data

derived from weather stations and published soils maps. 3-PG relies on a number of

established biophysical relationships, several simplifying assumptions and produces

a variety of outputs including mean annual increment of wood growth and gross

primary productivity (Landsberg and Waring 1997).

To examine the relationship between productivity and species richness

thoroughly it is essential that both variables be measured as directly as possible:

productivity by the differential weighting of input variables in a process model, and

species richness measured by extensive ground surveys. Broad scale analyses

usually estimate species richness from species range maps but this may not reflect

current species distributions well. Regional studies have calculated regional species

richness with overlapping individual species ranges within units of analysis (or

"quadrats") ranging from 22,000 to 77,000 km2 that may contain multiple

ecosystems ranging from desert to forest (Currie and Paquin 1987, Currie 1991, and

O'Brien 1993, 1998). If two species' ranges overlap, they do not necessarily occur

side by side, but may have disjunct populations. A solution would be to conduct the

analysis at a relatively smaller quadrat size using field surveys. Plant field surveys

usually sample a very small ground area and often do not use consistent methods

across regions (different area sampled, different criteria, etc.). When similar

methods are consistent across a region, field surveys can be geographically

combined and scaled up to a coarser grain size (or unit of analysis). Scaling up

lessens the discrepancy between very small field plots and a large study area by

attaining a more complete list of species. In Chapter 3, I utilized Forest Inventory

and Analysis surveys of the US Forest Service but noted a range of different survey

methods even within a single state. Plans to standardize data collection across the

US will create a more consistent dataset that can be used and compared regionally

(USDA 2002).



69

When using a relatively large grain size or unit of analysis to

predict species richness the variability of terrain, number microclimates and the

relative habitat area can all increase. Spatial heterogeneity measured as topographic

variability can represent microclimate and surface area variability and that might

have a positive relationship with plant species richness (Whittaker 1956, Huston

1994). Multiple studies have used topographic relief to help account for patterns in

plant species richness (e.g. Richerson and Lum 1980, Cume and Paquin 1987,

O'Brien 1993, Kerr and Packer 1997, O'Brien 2000), and a few studies have

quantified elevational diversity that produces multiple aspects and slope conditions

(e.g. Richerson and Lum 1980, Currie and Paquin 1987). As the topography

becomes more complex, more microclimatic conditions and therefore niches

available to a wide variety of plant species may be produced, depending on the

overall climate conditions.

In this study, I have evaluated to what extent five productivity surrogates

(AET, PET, \TPD, PRECIP, TEMP) compare with a more direct estimate of

productivity (Pg, modeled with a process model) in accounting for species richness

patterns.

Methods

I created statistical models of surrogate measures of productivity and

compared them to modeled photosynthesis in accounting for observed patterns of

tree species richness on federal lands in the states of Oregon and Washington. Tree

species richness information was acquired from field data of 1 ha plots and

photosynthesis was modeled using a physiological process model. Productivity

surrogates were produced either as a product of the same process model or directly

from spatial climate data extrapolated for terrain effects that drove the process

model (DAYMET, Thornton et al. 1997). Single variable regression models and

models of these variables in quadratic forms models were compared and ranked.
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After this initial comparison, a spatial heterogeneity component was

added to the highest ranked model, and another comparison was made.

I conducted these analyses at 100 km2 grain size (or "quadrats"). From past

experience (Chapter 2), I chose this quadrat size to reduce ecological heterogeneity

and to insure that a relatively complete species list was attained for each quadrat.

By scaling up to a coarser geographical scale I also hoped to eliminate errors related

to the relative size of the field plots (1 ha) to that of the productivity surrogates and

modeled photosynthesis (1 km2). For statistical model development, 75 percent of

the quadrats were used; the highest ranked statistical models were validated using

the remaining 25 percent.

Study Area

The study area consists of the federally owned forested areas in the Pacific

Northwest (Figure 4.1), which represent a wide range of biophysical conditions and

community types. This region from 45° to 49° N Latitude and 109° to 116° W

Longitude includes ranges in elevation from sea level to 4400 m and represents

large gradients in climate and soils. The primarily coniferous forests across the

region vary in species composition (Franklin and Dyrness 1988), and range in net

primary productivity from 3 to 35 Mg-ha1-yf1, representing the full range of

temperate forest productivity in the world (Jarvis and Laverenz 1983).

Data and Analysis

Productivity was modeled and surrogates were produced at a 1 km2 cell size.

This information was generalized by spatial averaging to 100 km2 units of analysis

or quadrats across the entire study area. Joining the productivity information with

the species richness dataset produced 1427 quadrats. The dataset analyzed in this

study consisted of a subset of these data consisting of 587 quadrats; reasons for

subsetting the dataset are described below. For model development, 75% of the
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587 quadrats were randomly selected and utilized while the remaining

-25% were used for model validation.

All spatial analysis took place in Arc-info 8 Desktop and Workstation

packages (Environmental Systems Research Institute, 2001). Data manipulation and

statistical analysis were done in Microsoft Access and Excel, SAS (SAS, Inc.

Version 8), StatsGraphics, and S-plus (Version 6.1).

For statistical analysis, I used an information-theoretic approach (Bumham

and Anderson 2002) to rank competing models of productivity measures as well as

to choose among indices of spatial heterogeneity in their ability to account for

patterns of tree species richness. I ranked the candidate models using Akaike's

Information Criterion (AIC). AIC difference values were calculated between the

highest ranked model and the remaining models. The difference values were used

to calculate Akaike's weights, which estimate the relative likelihood of a model

being most appropriate for the dataset. Also included in the analyses was the null

model, containing only the intercept, to test if added variables improved upon this

null model.

Tree Species Richness

The Current Vegetation Survey (CVS) samples federally owned forest land

in Oregon and Washington and consists of much larger plot sizes than other

inventories such as the USFS's Forest Inventory and Analysis. Each survey plot

consists of one large (1 ha) circular plot that includes four subplots of smaller

concentric rings. Smaller rings sample smaller diameter trees, and as the diameter of

field plot increases, the larger diameter trees are recorded (USDA Forest Service

1998). This dataset was chosen among various analyzed in previous research

(Chapter 3) because of its consistency and larger area sampled on the ground. A tree

species presence-absence matrix was extracted from the raw CVS dataset of 10,331

plots to create sums of species richness. These matrices were joined with

identification numbers of 100 km2 quadrats across the entire study region to product
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sums of unique species per quacirat. The 100 km2 quadrats included

different numbers of field plots; I standardized these differences in sampling to

attain comparable estimates of species richness. To do this I graphed the average

number of tree species versus number of plots (area) and visually interpreted where

the curve leveled off(-' 10 field piots per 100 km2 quadrat). I standardized to 10

field plots per 100 km2 quadrat and excluded quadrats with less than nine plots

where the standardization procedure proved inconsistent. This dataset was used to

map tree species richness per 100 km2 quadrat (Figure 4.2).

Predictor Variables

Single variable and quadratic statistical models of productivity surrogates

and modeled photosynthesis (Table 4.1) were compared to select the strongest

predictor of tree species richness patterns. The quadratic models included each

variable and its squared term to approximate the previously reported humped-

shaped relationship between species richness and productivity (Chapter 2). Single

variable linear models were also created to test for linear relationships that have also

been found in past studies. Once the highest ranked model representing productivity

had been identified with the A1C method, I then explored how spatial heterogeneity

influenced tree species richness by adding three different heterogeneity measures to

the best productivity model (described in detail below). I used model selection to

test if spatial heterogeneity helped account for species richness patterns, and which

of the three measures performed best. All climate information used to calculate

predictor variables was from DAYMET digital geographic climate data (Thornton et

al. 1997). All predictor variables and DAYMET data have a spatial resolution of 1

km2.
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Gross Photosynthesis

I defined gross primary productive capacity as the maximum production

achievable given climatic, soil water, and fertility limitations of a fully stocked

forest stand. I modeled monthly gross photosynthesis and selected the months from

May to August to represent the production period shared by all species, deciduous

and evergreen during the growing season (Pg). Pg represents carbon that would go

toward both above and below ground forest growth and autotrophic respiration. I

used a physiologically-based process model, 3-PG (Physiological Principles to

Predict Growth) in "Spatial" mode, driven by 18-year averages of averaged monthly

precipitation and temperature data (DAYMET, Thornton et al. 1997) that had been

converted to estimates of incoming solar radiation, humidity deficits, and frost

frequency. Estimates of soil fertility were derived from the State Soil Geographic

Data Base (STATSGO) converted into an estimate of total nitrogen content using

specific carbon to nitrogen ratios associated with coniferous and hardwood forests

(Dr. Weihong Fan, Richard Stockton College of New Jersey, personal

communication). I parameterized 3-PG for west-side Douglas-fir and generated

estimates of gross photosynthesis and mean annual increment; the latter I converted

to site index (the height of a tree at 100 years of age), using forestry yield tables

(McArdle 1961), and checked it against field data of site index in Oregon. Eighty-

three percent of the 1638 plots were within one of five site classes (Chapter 1). I

am more confident of model estimates of Pg than site index because calculation of Pg

excludes possible errors in non-growing season limitations of temperature and in the

partitioning growth and respiration below and aboveground.

Surrogate Measures

Based on past studies of woody and tree species richness, I chose the

following productivity surrogates for this analysis: AET, PET, VPD, TEMP, and

PRECIP (Table 4.1). Among the multiple methods of calculation, AET was for this

study based on the Penman-Montieth equation for forests (calculated by the 3-PG
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model), and PET was calculated using the Thomthwaite method

(Thornthwaite and Mather 1957). Daytime vapor pressure deficit (VPD) was

calculated with DAYMET information following the methods of Waring and

McDowell (2002). Mean annual temperature and total annual precipitation

(PRECIP) were taken directly from the DAYMET climate data; an additional model

of the natural log of precipitation was also included in the modeling.

Spatial Heterogcneity

To explore the effect that spatial heterogeneity may play in accounting for

species richness patterns once productivity was taken into account, I chose three

different measures to represent spatial heterogeneity:

Standard deviation of elevation values within each 100 km2 quadrat.

Range of elevation values within each 100 km2 quadrat, both based on

a digital elevation model (90m spatial resolution).

Standard deviation of intercepted radiation derived from July satellite

imagery.

The first two measures were derived from a 90 m spatial resolution digital

elevation model (USGS). Intercepted radiation (fraction of photosynthetically

active radiation or fPAR) estimates were based on the calculation of the Normalized

Difference Vegetation Index (NDVI) using the red and mid-infrared bands of July

AVHRR satellite data averaged for the period 1990 - 1995 (Myneni et al. 1997.

Ramakrishna Nemani, University of Montana, personal communication). This

variable is an index of the spatial variability of annual maximum leaf area (or

canopy cover) within each 100 km2 quadrat. Quadrats with high variation in

intercepted radiation could be ecotones or areas naturally patchy in nature. Low

variability would characterize more homogeneously vegetated areas.



Results

The quadratic or "hump-shaped" model of Pg was selected as the best among

competing models in account for patterns of tree species richness in Oregon and

Washington (Table 4.2). The quadratic Pg model is not closely followed by any

other model given the difference in AIC values (Table 4.2; second model AIC =

83); AAIC values over four are regarded as being too high to consider as a possible

alternative model (Bernham and Anderson 2002). The quadratic Pg model chosen as

the best is reinforced by the very high Akaike weight of 1.0, indicating that this

model has a 100% chance of being the best model for the dataset. The quadratic Pg

model was chosen among others using only the AIC and the AIC weights (Bumham

and Anderson 2002); it is displayed graphically with the more conventional

coefficient of determination of 0.73 (Figure 4.3).

To explore the effect of spatial heterogeneity with productivity in accounting

for species richness patterns, model selection produced two models that ranked

above the others (Table 4.3). The second model shares part of the AIC weight and

has a small EAIC value, therefore both productivity models containing E-range and

E-std can be considered as strong models for this dataset. Models with the three

measures of spatial heterogeneity performed better than the simple quadratic Pg

model in terms of the AIC method yet the fit was not substantially improved as

measured by the coefficient of determination, which rose from 0.69 to only 0.72. In

both model selection routines, the null models, including only the intercept, were

both chosen as the least appropriate model of all models tested; signifying that all

variables tested improved upon this null model. Residuals for both models ("Pg, Pg2"

and "Pg, Pg2, E-range") were examined for abnormality and none was found. Both

model equations (bottom of Table 4.2 and 4.3) were tested with 25% of the data that

was initially held back, and performed reasonably well (R2 > 0.7; Figure 4.4).
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Discussion and Conclusion

Productivity expressed as cumulative photosynthesis during the growing

season best accounts for patterns of tree species richness on federal forest lands in

Oregon and Washington. The presence or absence of each species is dictated

initially by the species' physiological tolerance of climatic and soil conditions.

Therefore, these findings are not surprising considering that the upper limits on

photosynthesis are set by the amount of radiation absorbed by vegetation each

month, and constrained further by limitations on gas exchange through stomata by

frost, drought, and high vapor pressure deficits. Two sites with similar numbers of

days with frost or drought may therefore differ substantially in their photosynthesis

if either the radiation or canopy leaf area varies. Even in an identical climatic

setting, variation in soil fertility affects the photosynthetic capacity and the way that

growth is allocated to leaves, stems, and roots. Annual summaries of precipitation,

temperature, PET, and AET, are convenient to use, but it is difficult to estimate their

combined effect on plant growth (Klinka and Carter 1990). Process models, on the

other hand, use this same climate and soil information to model and link

mechanisms of plant growth to estimate production; commonly used productivity

surrogates lack this underlying mechanistic logic.

Adding a spatial heterogeneity component to the modeling of productivity

within a given quadrant improved the relationship with species richness, though not

substantially. It appears that in the 100 km2 units of this analysis, spatial variation

in topography and vegetation cover do not play a strong role in tree richness patterns

after accounting for productivity. At the inter-quadrat scale, the relative

insignificance of heterogeneity could partially be attributed to the use of climate

data that already incorporates terrain effects to calculate all predictor variables.

Topographic heterogeneity has been found to play a role in regional studies using

larger quadrat sizes (e.g. 54,600 to 77,000 km2 in Currie and Paquin 1987 and

25,000 kin2 in O'Brien 1993, 1998). At a finer scale Burnett et al. (1998) used

measures of topographic and soil drainage heterogeneity to describe plant species
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richness for a forested area in the northeastern US. Richness and diversity

of woody plants was found to be higher in those areas with high geomorphological

heterogeneity. The slight improvement in the modeled relationship shows that

spatial heterogeneity, measured three different ways, plays a role in species richness

when analyzed with productivity. The resolution of the original topographic layer

or remotely-sensed imagery used to calculate heterogeneity may also affect the

outcome of such analyses. Future research could explore different methods of

characterizing heterogeneity from different data sources.

In conclusion, this study provides further evidence for a relation between

productivity and species richness that improved upon many previous geographic

studies by using terrain adjusted climatic data, a general process model, and a

scaling technique. The 100 km2 resolution provides acceptable estimates of tree

species richness while reducing errors associated with local. This approach could be

expanded with the availability of nation-wide standardized climatic data, soil maps,

and satellite-derived estimates of monthly canopy leaf area indices.
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Table 4.1. Explanatory variables utilized in analysis.
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Explanatory variables Code Units

Productivity estimates and surrogates

Annual gross primary production (3-PG)
Pann gC-m2-yf'

Growing season gross primary production;
May-Aug (3-PG)

pg gC-m2-time1

Average annual actual evapotranspiration;
(3PG)

AET mm

Mean annual potential evapotranspiration
(Thornthwaite)

PET mm

Minimum monthly PET (December)
PETmin mm

Average annual daytime vapor pressure deficit
(3-PG)

VPD mb

Average monthly daytime vapor pressure
deficit during May-Aug (3-PG)

VPDg mb

Total annual precipitation
PRECIP cm

Mean annual temperature
TEMP °C

Indices of spatial heterogeneity

Standard deviation of light intercepted by
vegetation (July AVHRR satellite imagery)

LAIstd 0 - 1

Topographic heterogeniety: standard deviation
of elevation values over 100 km2 quadrat based
on 90m DEM (USGS)

E-std
m

Topographic range: range of elevation values
over each 100 km2 quadrat based on 90 m DEM
(USGS)

E-range m



Table 4.2. Results of model selection among productivity surrogates. Top
10 of 20 models.
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AIC Variables
Akaike
weight

Delta AIC

2022 Pg,Pg2 1.0

2106 Pann, Pann2 0 83

2178 PRECIP, PRECIP2 0 156

2221 AET,AET2 0 199

2293 Ln(PRECIP) 0 271

2323 AET 0 301

2369 Pg 0 346

2397 PRECIP 0 375

2399 PRECIP, PETmin-PETmin2 0 379

2419 Pann 0 396

Best model equation:

Tree species richness = 5.69 + 2.O4(Pg) - 0.05(Pg2)



Table 4.3. Results of model selection for Pg with spatial heterogeneity.
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AIC Variables
Akaike
weight

Delta AIC

1993 Pg,Pg2,Erange 0.83

1996 Pg, Pg2, E-std 0.17 3

2020 Pg, Pg2, LAI-std 0 27

2022 Pg,Pg2 0 29

2560 Null model (intercept only) 0 567

Best Model equation:

Tree species richness = -5.927 + l.833(Pg) - 0.0457(Pg2)
range)

+ 2.3E3(E
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Figure 4.1. Map of study showing forested areas in dark gray and CVS plots in
black. Hilishade from 500m digital elevation model (USGS); forested areas
defined by North American Landscape Characterization (Vogelmann 2001).
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Figure 4.2. Map of tree species richness at 100 km2 standardized for 10 plots
per 100 km2 quadrat with at least 9 field plots per quadrat. Each 100 km2
quadrat shows the number of species present after standardizing for plot area
sampled.

Tree species richness
per 100 km2 quadrats

1-5
6-9
10-13
14- 16
17-22

Normalized to 10 field plots
per 100 kmZ quadrat; quadrats
with at least 9 field plots



Y = -5.69 + 2.O4(Pg) - O.05(Pg2)

R2=O.71 .....
.. ....... ........ .........
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Figure 4.3. Scatterplot of highest ranked productivity model. Using 75 percent
of quadrats with a minimum of 9 field plots per quadrat; all data standardized
to 10 plots per quadrat. N = 446.
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Figure 4.4. Model evaluations with 25 percent of data held back with at least 9
field plots per quadrat; predicted vs. observed tree species richness, assuming
each 100 km2 quadrat would have 10 field plots, a) Pg and Pg2 model and b) Pg,
Pg2, and E-std.



CONCLUSION

Summary of Findings

This study has confirmed the existence of a relationship between woody

plant species richness and productivity in the Pacific and Inland Northwest. The

relationship is distinctly hump-shaped for trees, shrubs and for trees and shrubs

combined and is present at multiple scales of analysis, generally improving with

coarser scale.

The first objective of this thesis stated in the Introduction, to model and map

productivity across a large gradient and compare with field measurements, has been

completed in Chapter 2 and shows that productive capacity can be modeled

reasonably well across forested areas in the state of Oregon with the 3-PG model.

The Oregon map of site index appears to be the first of its kind from a process

model based upon geographic climate data. Relatively poor agreement initially

between predicted and observed tree heights is likely the result of inaccurate plot

locations, imprecise soil fertility information, and the problematic comparison of

fine resolution tree heights with 1km2 modeled estimates. 3-PG also produces

estimates of monthly gross photosynthesis which does not require estimates of

allocation above and below ground like growth and site index. It is therefore

regarded as a more general and accurate measure of productivity and was used in

Chapters 3 and 4.

Objectives 2 through 4, set forth in the Introduction, to create regional maps

of richness, examine the relationship between richness and productivity, and how

this relationship changes when scaled up, have been completed in Chapter 3.

Regional datasets of species richness were compared with modeled photosynthesis.

Despite the range of field sampling methods of these multiple datasets not

specifically designed for species richness analysis, it was possible to combine the

information for regional study. The hump-shaped relationship found for all datasets

improved from the plot level to coarser grain sizes of analysis. The CVS tree

dataset produced a better relationship with productivity than the FIA tree dataset
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most likely because of the relatively larger area sampled on the ground, a

more consistent sampling method, and more precise plot locations. Unaccounted

variation in all models may be attributed to missing variables that influence species

richness or errors in the estimation ofproductivity or richness field sampling.

Variables that may influence species richness in the study area are: natural

disturbance effects, management effects, climate and soil variability, andlor sub-

grain heterogeneity. The relative success of this single variable model for

accounting for variation in woody plant species richness can be attributed to the use

of field data rather than range maps and direct modeling of photosynthesis rather

than using surrogates such as actual evapotranspiration.

The fmal objective, to test the perfonnance of modeled productivity to

surrogate measures in accounting for species richness, was successfully addressed in

Chapter 4. With the 100 km2 CVS tree dataset in Oregon and Washington, I

compared frequently used productivity surrogates to modeled productivity produced

in Chapter 2 in accounting for tree species richness at 100 km2 grain size. These

surrogates were annual measures of: evapotranspiration, potential

evapotranspiration, precipitation, average daytime vapor pressure deficit, mean

annual temperature. The statistical model containing only modeled photosynthesis

was selected as the best among all productivity surrogates. The addition of spatial

heterogeneity to the photosynthesis model did not significantly improve predictive

power.

Improvements and Future Research

Improvements to this study could be made in regard to subjects covered in

all three chapters of the dissertation. Geographic modeling of productivity in

Chapter 1, as with all modeling, is dependent upon the kind and quality of data used.

While great improvements have been made extrapolating climate data from

meteorological stations across varied terrain, estimating soil qualities such as

fertility and drainage remains difficult without extensive field surveys. At finer
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scales, additional information on disturbance history, presence ofnitrogen

fixing plants, and atmospheric deposition of nitrogen, also become increasingly

important in the assessment of soil fertility. More research is warranted in

establishing the relationships between soil nitrogen content, soil fertility and tree

growth. Moreover, to estimate actual growth and productivity (as opposed to

potential) sequential satellite imagery could be incorporated in the modeling

process.

In chapter 2, the best richness-productivity relationship was found at the coarse

grain size of 1000 km2 for FIA trees and shrubs, and at 100 km2 for CVS trees. The

100 km2 and 1000 km2 grain sizes were chosen at the outset to capture a range of

ecological conditions and to insure that a minimum number of field plots were

included. A fuller range of grain sizes could be included to identify where the

richness-productivity relationship is maximized. I utilized photosynthesis summed

over four months of the growing season common to all woody plants, deciduous and

evergreen instead of an annual value. Further analyses could investigate monthly

indices and use remotely sensed imagery to more precisely define spatial variation

in the length of the growing season.

Comparisons among productivity surrogates and modeled productivity were

made for trees in Chapter 3, but this analysis could be expanded to for shrubs, other

vascular plants, and animal species. Because nation-wide standardized climatic

data, soil maps, and satellite imagery are now available, the approach outlined in

this thesis could be tested more generally.
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METADATA

Geographic Data Layers

Variable Source
Spatial

resolution
Temporal
resolution

Details
Range of values across study area

for 12 months

Total precipitation DAYMET 1km monthly Averaged over 1980-1997 30 to 650 cm yeaf'

Solar radiation DAYMET 1km monthly Averaged over 1980-1997 2 to 30 MJ m2 day'

Frost days per month DAYMET 1km monthly Averaged over 1980-1997 0 to 31 month1

Average daily minimum
temperature

DAYMET 1km monthly Averaged over 1980-1997 -21 to 18 °C

Average daily maximum
temperature

DAYMET 1km monthly Averaged over 1980-1997 -10 to 37 °C

Average temperature DAYMET 1km monthly Averaged over 1980-1997 -15 to 27 °C

Daytime vapor pressure
deficit

Waring and
McDowell, 2002

1km monthly
Calculated using DAYMET

temperature data
1 28 mb month

Gross primary production 3-PG 1km monthly See Chapter 2 7 to 2013 gC-m2-yr1

Mean annual increment 3-PG 1 km annual See Chapter 2 I - 20 m3-ha'-yf'

29 to 126 cm month'
Actual evapotranspiration 3-PG 1km annual See Chapters 2 and 4



*Detailed descriptions of nitrogen layer (from Fan and Waring, unpublished manuscript):
Information on carbon content from digitized soil maps was extracted and combined with land-use cover maps showing the
distribution of major vegetation types. To quantify and map the distribution of nitrogen stored in soils across the
contiguous United States, nitrogen content was related to soil organic carbon associated with the distribution of four major
veetation types (R2 averaging> 0.85). The average nitrogen content in soils ranged from 200 g m3 under shrublands to 550 g
m on lands supporting agricultural crops. Storage of nitrogen was intermediate in forest soils, averaging 270 g m3 under
conifers and 340 g m3 under deciduous trees.

Variable
Spatial

resolution
Temporal
resolution

Range of values across study area
for 12 monthsSource Details

Potential evapotranspiration
Thornthwaite and

Mather, 1957
1km annual

Calculated using DAYMET
data

2.48 to 5.23 cm month'

Maximum annual light
interception by vegetation

AVHRR 1km monthly Averaged over 1990-1995 0.18 to 0.96

Soil nitrogen *
STATSGO &
landuse data

1:250,000 N/A See below 36 to 2164 gN-m3

N/A N/A 0to2736m
Elevation USGS DEM 90 m

Hilishade calculated from
elevation

USGS DEM 500m
N/A N/A N/A

Geographic Data Layers continued)



All geographic data used in this study had the following projection information

Projection system Lambert Azimuthal Equal Area
Latitude of central meridian 45.00 N

Longitude of central meridian 100.00 W

False easting 0.0 m
False northing 0.0 m
Spheroid Sphere of radius 6370997.0 m


