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Natural resource data are typically non-linear and complex, yet

modeling methods often utilize statistical analysis techniques, such as

regression, that are insufficient for use on such data. This research proposes

an innovative modeling method based on pattern recognition techniques

borrowed from the field of machine learning. These techniques make no data

distribution assumptions, can fit non-linear data, can be effective on a small

data set, and can be weighted to include relative costs of different predictive

errors.

Rapid Assessment Protocols (RAPs) are commonly used to collect,

analyze, and interpret stream data to assist diverse management decisions. A
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modeling method was developed to predict the outcome of a RAP in an effort

to improve accurate prediction, weighted for cost-effectiveness and safety,

while prioritizing investigations and improving monitoring. This method was

developed using channel stability data collected from 58 high-elevation

streams in the Upper Colorado River Basin. The purpose of the research was

to understand the relationships of channel stability to several

hydrobiogeomorphic features, easily derived from paper or electronic maps, in

an effort to predict channel stability. Given that the RAP used was developed

to evaluate channel stability, the research determined: 1) relationships

between channel stability and major land-use and hydrobiogeomorphic

features, and 2) if a predictive model could be developed to aid in identifying

unstable channel reaches while minimizing costs, for the purpose of land

management.

This research used Pearson's and chi-squared correlations to

determine associative relationships between channel stability and major land-

use and hydrobiogeomorphic features. The results of the Pearson's

correlations were used to build and test classification models using randomly

selected training and test sets. The modeling techniques assessed were

regression, single decision trees, and bagged (bootstrap aggregated) decision

trees. A cost analysis / prediction (CAP) model was developed to incorporate

cost-effectiveness and safety into the models. The models were compared

based on their 1) performance and 2) operational advantages and

disadvantages. A reliable predictive model was developed by integrating a



CAP model, receiving operator characteristic curves, and bagged decision

trees. This system can be used in conjunction with a GIS to produce maps to

guide field investigations.
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Predicting Channel Stability in Colorado Mountain Streams
Using Hydrobiogeomorphic and Land Use Data:

A Cost-Sensitive Machine Learning Approach to Modeling
Rapid Assessment Protocols

CHAPTER 1

INTRODUCTION

"Without imagination, there is no goodness, no wisdom."
- Marie Von Ebner-Eschenbach

1.1 The Research Problem

Rapid Assessment Protocols (RAPs) are commonly used to collect,

analyze, and interpret a variety of stream data to assist diverse management

decisions. Historically, states have miles of unassessed streams but limited

resources for stream monitoring and surveying. Cooper et al. (1998) note that

"Rapid [Bio]assessment Protocols were created to facilitate cost-effective

stream surveys designed to rapidly collect, compile, analyze, and interpret

environmental data to assist management decisions." Given this, the

conceptual principles of Rapid [Bio]assessment Protocols (Barbour et al.,

1997; Cooper et al., 1998) are:

"cost-effective, yet scientifically valid procedures,
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provisions for multiple site investigations in a field season,

quick turn-around of results for management decisions,

easily translated to management and the public, and

environmentally benign procedures".

In an effort to meet the principles outlined above, RAPs are often

subjective and do not incorporate detailed data collection. An example of this

is that a RAP would use an 'ocular' sediment size survey to save time, rather

than a conventional scientific pebble count such as those proposed by

Wolman (1954) or Bevenger and King (1995). The academic merits of RAPs

are not the topic or interest of this research, nor does this research advocate

or challenge their use. This research focuses on RAPs because they are the

method most likely to be used to inventory and assess natural resources by

federal and state agencies.

Even aided by RAPs, it is still expensive for federal and state agencies

to send investigative teams into the field; hence, many sites go unmonitored.

It would be useful to have an automated system to prioritize these

investigations so as to reduce the number of person hours. Ideally, this

system could use readily available office materials and make reliable

predictions based on reducing costs (e.g., field costs, property and

infrastructure loss) while increasing safety (e.g., prioritizing human lives).

In the late 1970's, the United States Department of Agriculture Forest

Service (USFS) designed a RAP to evaluate channel stability. The method is
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called the Stream Reach Inventory and Channel Stability Evaluation

(SRICSE). It has been used in over 60% of the national forests in the United

States (Parrot et al., 1989) and is used by the forest service and others today

(Kaplan-Henry et al., 1994; Myers and Swanson, 1996; Hollenbach and Ory,

1999; USFS, 1992). This RAP was selected to use for this research because

the researcher is a geologist, is interested in channel stability and landscape

ecology, and has experience using this RAP.

1.2 The Research Problem Expressed as a Channel Stability Problem

Land use and land cover change are altering many components of the

river landscape, disrupting equilibrium along the river's longitudinal profile, and

resulting in unstable channels. River channel stability was defined by

Pfankuch (1978) as the ability of the channel to "adjust to and recover from

potential changes in flow and/or increases in sediment production". This

definition appears to fit transient events, such as a flood, landslide or timber

harvest, with a later return to former conditions. Rosgen (1996) modified this

to a widely used definition as "the ability of the stream, over time, to transport

the flows and sediment of its watershed in such a manner that the dimension,

pattern and profile of the river is maintained without either aggrading nor

degrading". This definition appears to also fit progressive changes to new

watershed conditions. Channel instability may have negative consequences
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for aquatic and riparian habitat, and for river-related human infrastructure.

Because channel instability is a significant factor in watershed function, it is

important to understand the linkages between channel stability and other

watershed variables.

Over the course of thousands of years, a river reaches a state of

maximum efficiency in transporting sediment through its basin (Bonneau and

Snow, 1992). This lowest energy state is called equilibrium. Equilibrium is

influenced by the geology and geologic and climatic history which control the

bed and bank material, sediment delivery, vegetation, basin relief, knickpoints,

hydrology, and discharge within the river system (Morisawa, 1968; Mount,

1995). More specifically, rivers are usually in a state of dynamic equilibrium

because they must constantly scour and deposit sediment in order to maintain

equilibrium despite changes in sediment supply (e.g., mudslides), discharge

(e.g., large flood events, glacial melt), and river pattern (e.g., meandering,

faults, mass wasting). Evidence suggests that this dynamic equilibrium is

occasionally disrupted (e.g., glacial dam breakage, faults) over large time

scales, resulting in dynamic metastable equilibrium (Mount, 1995). Human

land use activities have disrupted the natural dynamic equilibria of most

streams, resulting in unstable channels.

Stream equilibrium is disrupted by historical land use practices

including farming, grazing, forestry, urban development, dams and mining

(Collins and Dunne, 1990; Haible, 1980; Mount, 1995; Scott, 1973; Starkel,

1989). Stream channel patterns are simplified when wetlands and floodplains
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are filled and drained for development, riparian vegetation is cleared, and

when banks are stabilized against erosion or leveed for flood protection.

These activities reduce water storage capability and remove roughness by

disconnecting a river from its floodplain, and they shorten the river length (its

flow path). These factors increase the flow velocity and reduce sediment

storage. Because of channel shortening, revetting, and steepening, a river

has more energy and can no longer dissipate energy by meandering back and

forth, so it uses this energy to scour the channel bed. As the channel deepens

and becomes more channelized, the water table drops and the roots in the

riparian zone are unable to access the new water table, causing riparian

degradation, further destabilizing the steepening banks, causing erosion.

Erosion caused by channel instability produces sediment, which is

sometimes regarded as a non-point source pollutant. For example, at the

1996 Vomicil Water Quality Conference, the keynote speaker, speaking on the

future of water quality research, noted a critical need for future studies

focusing on sediment input (Marsh, 1996). It is well documented that excess

sediment has contributed to the decline of salmon and other aquatic

organisms by causing bed siltation and decreasing water quality (Williamson

et al., 1995). Excess material or the wrong size sediment can disable salmon

spawning and smother redds. Deep streambed scour can reduce embryo

survival in salmonids (Montgomery et al., 1996).

The riparian zone, a key element in both biological and physical stream

'health', can also be adversely affected by channel instability. The riparian
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zone is an ecotone between aquatic and terrestrial ecosystems, providing

habitat for many species. The riparian zone is responsible for filtering

recharge water, providing food for aquatic organisms, providing large woody

debns, cooling stream temperature, adding roughness (velocity resistance),

and stabilizing banks. As aforementioned, channel bed degradation can drop

the water table and result in poor health or death of riparian vegetation.

Channel erosion can also directly fell trees by undercutting the supporting

banks. For example, after a significant flood event on a small creek (Oak

Creek, Benton County, Oregon in February 1996), unstable channels resulted

in felling twenty-three trees in a quarter mile reach; ten of these were directly

associated with unstable banks (Barkhurst and Moret, 1996). Five debris jams

were also noted in this reach. Riparian protection should be a critical factor in

watershed restoration efforts; and maintaining a normative degree of channel

stability is important to protecting the ripanan zone.

In addition to compromising water quality and causing aquatic and

riparian habitat damage, channel instability can be costly to human

infrastructure, It can undermine bridge supports and expose pipelines or other

structures buried within the riverbed (Collins and Dunne, 1990) and can cause

road and trail damage. Channel instability often instigates or increases the

intensity and frequency of mass wasting and flooding, resulting in large-scale

events such as bank failures and landslides. Such events have destroyed

many homes and even lives in the last decade.
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Channel instability is detrimental only when it is excessive and when

and where it negatively impacts aquatic, riparian, and human well being. It is

important to note that channel instability is, geologically, a positive reaction to

non-equilibrium and is the river's way of repairing itself (restoring equilibrium).

A natural river in dynamic equilibrium has both stable and unstable areas,

which vary in frequency and magnitude over space and time.

In order to restore equilibrium for an adversely impacted system and

have naturally functioning channel stability, the original floodplains and

riverbed may need to be reclaimed. Some areas are too developed and

economically vested, and are unlikely to revert to their original river function

(e.g., in and near urban areas). Given this constraint, channel instability may

be expected to continue. Hence, in some instances, it is necessary to

understand more about channel stability and its relationship to the current

environment in order to find ways to protect habitat and restore stream

function while continuing to have a system that is not in equilibrium. This

dissertation research seeks to understand the relationship of channel stability

relative to several hydrobiogeomorphic features in third and fourth Strahler

order streams.
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1.3 Research Questions and Objectives

In an effort to improve our understanding of channel stability and to

expedite agency surveys, this dissertation research seeks to model channel

stability in the context of site-specific, related hydrobiogeomorphic features,

while reducing cost and increasing safety. The hydrobiogeomorphic features

include sinuosity, topographic gradient, elevation, land use and land cover,

and geology. Specifically, the research is intended to answer the questions:

1) Can relationships between channel stability and major land-use and

hydrobiogeomorphic features be determined?

2) Can a predictive model be developed to aid in identifying unstable

areas for the purpose of land management?

The research seeks to explore the interrelationship of channel stability

relative to several important variables that may be assessed by mapping

techniques available to resource managers. These are topographic stream

gradient, sinuosity, elevation, precipitation, geology, and land use and land

cover, If relationships can be established, a second objective is to develop a

predictive model to aid in identifying unstable channels.
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1.4 Scope of Research

1.4.1 Channel Stability Evaluation Method

The author of the USFS Stream Reach Inventory and Channel Stability

Evaluation (SRICSE) manual notes that the procedures in this evaluation

"were developed to systemize measurements and evaluations of the resistive

ability of mountain stream channels to the detachment of bed and bank

materials and to provide information about the capacity of streams to adjust

and recover from potential changes in flow and/or increases in sediment

production" (Pfankuch, 1978). The information provided by the SRICSE can

be used at a 'point' along a stream, such as a bridge site, or for complete

channel analyses. Its typical applications are for planning and management of

watershed activities.

To evaluate channel stability with the SRICSE method, a series of

inventory items must be completed using maps, field observations, and field

measurements. The stream reach inventory is a short, simplified list of the

location, basic hydraulic and geomorphic properties, and water quality

components. Channel stability is evaluated by assigning scores from a rating

sheet to various channel stability attributes. In the case of the USFS surveys,

these scores are totaled and an evaluation of 'excellent', 'good', 'fair' or 'poor'

is assigned, where, for example, 'poor' indicates poor channel stability.

However, in the case of this research, the numerical value for the total reach
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score, not the categorical rating, is recorded for analysis. A higher numerical

score corresponds to a poorer rating. The SRICSE guidebook explains

assessment considerations for every item rated.

1.4.2 Selected Research Field Location

This research focused on a select portion of third and fourth order

drainage systems at high elevations in the Upper Colorado River Basin,

Colorado, United States of America. Third and fourth order rivers were

selected because they are longer, larger and more accessible than first and

second order streams, and more diverse in their hydrobiogeomorphic features

and land use. The USFS SRICSE was designed for second through fourth

order rivers.

The Upper Colorado River basin was selected for several reasons. The

primary consideration is that the most recognized method for evaluating

channel stability, the SRICSE, was developed in the Central Rocky Mountain

region. After working with this method for a pilot study in the Oregon Coast

Range, I noted that it needed more testing to be certain it worked reliably on

weathered pillow basalt terrains (Moret, 1997). The Upper Colorado River

region chosen is also used by the U. S. Geological Survey (USGS) in its

NationaF Water-Quality Assessment (NAWQA) program and the Environmental

Protection Agency's (EPA) Environmental Monitoring and Assessment
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Program (EMAP) and Regional Environmental Monitoring and Assessment

Program (REMAP), and therefore has accessible databases for reference

information. Telephone inquiries revealed the local USFS station was active in

fiuvial geomorphologic and hydrologic studies, employing at least two

hydrologists who were familiar with the region and its sub-basins. Office

space, maps, and technical support were offered and provided by the USFS in

Delta, Colorado, an hour west of the base camp for the research area.

1.4.3 Associated MaDDed Features and Analyses

Mapped information, taken from both paper maps and a Geographic

Information System (GIS), was used to characterize site-specific information.

This information included channel sinuosity, topographic gradient,

precipitation, site elevation, land use and land cover, and site geology.

Statistical analyses were used to seek correlations between channel

stability and the predictive variables supplied by the mapped information.

These analyses included Pearson's analysis and chi-squared analysis. The

results of the Pearson's correlations were used to build and test classification

models using randomly selected training and test sets. Both statistical

(function recognition) and artificial intelligence machine learning (pattern

recognition) methods were employed to model relationships between channel

stability and the predictive variables. The statistical method used was linear
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regression analysis and the machine learning methods included bagged

(bootstrap aggregated) decision tree analysis and single decision tree

analysis. A cost analysis / prediction (CAP) model was developed to

incorporate cost-effectiveness and safety into the models.
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CHAPTER 2

CHANNEL STABILITY LITERATURE REVIEW

'Take your work seriously, but never yourself."
- Margot Fonteyn

2.1 Larger Scale Stream Channel Processes

If flowing water is the primary agent shaping the earth's surface,

erosion is the tool with which this work is done. It is important to appreciate

the fact that erosion, and the subsequent transport and deposition of the

eroded sediment, is a natural river process. The basic function of a river is to

erode, transport and deposit sediment in order to approach or maintain

equilibrium.

The geologic concept for equilibrium in the longitudinal profile, also

known as the graded profile, represents a morphology that is in balance with

the forces that act through and upon a river over a temporal scale of I ü years

(Mount, 1995). The key process variables affecting this are channel depth,

stream discharge, stream velocity, stream gradient, base level, and sediment

load (Brookes, 1996; Mount, 1995). Catastrophic disturbances, such as a

large landslide or mudsilde, alter the stream-energy conditions enough to

initiate channel response along the entire river; responses are typically rapid

and dramatic (Simon, 1992). The Mount St. Helens eruption demonstrated
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this for the Toutle-Cowlitz river system. To maintain equilibrium, sediment

must be eroded and deposited throughout the river system, forming meanders,

incision, pools, riffles and floodplains (Brookes, 1996; Mount, 1995).

Tectonic uplift creates knickpoints where faults cross the river. These

knickpoints and more general meandering can cause meander bends to cut

off, increasing the local gradient along those reaches, which increases erosion

and aggradation (Haible, 1980). Knickpoints generally migrate upstream as

the river erodes, transports, and deposits sediment; this represents an effort

by the river to smooth out its longitudinal profile (Gardner, 1984).

The state of maintained equilibrium in a natural, unaltered stream is

called dynamic equilibrium; quasi-equilibrium describes the state whereby

erosion in one area is offset by deposition in another area (Henderson, 1986).

A river that has reached equilibrium and is in a state of maintaining its dynamic

equilibrium in response to physical changes such as tectonic uplift, is said to

be in a state of dynamic metastable equilibrium (Mount, 1995).

2.2 Smaller Scale Stream Channel Processes

Several processes are responsible for the erosion of the channel and

banks and possible subsequent instabilities. Knighton (1992) notes that four

main processes are responsible for streambank erosion: the direct action of

water, slumping, rotational slipping and frost action.



15

Henderson (1986) gives several mechanisms by which streambank

failure occurs. These include: "I) erosive attack at the toe of the underwater

slope, leading to failure of the overlying bank; 2) erosion of the soil along the

banks, caused by currents; 3) sloughing of saturated cohesive banks

incapable of free drainage; 4) flow slides (liquefaction) in saturated silty and

sand soil; 5) erosion of soil by ground-water seepage out of the bank; 6)

erosion of the upper bank or the river bottom due to wave action; 7) freeze-

thaw action; 8) abrasion by ice and debris; and 9) shrinking a swelling of

clays."

O'Neill and Kuhns (1994) provide a conceptually useful classification

scheme for streambank erosion. The authors classify two types of failure: 1)

gravitational (mechanical) failure and 2) failure by tractive force. The

mechanisms that dominate the failure fit into these two classes (Table 2.1,

Figure 2.1). Gravitational failure relates to material strength, where soil

moisture dominates the erosion process through effects on material strength

(pore pressure) and material stress at the bank face. Irrigation and seasonal

wetting and drying can accelerate bank erosion by gravitational failure (O'Niell

and Kuhns, 1994). "Tractive erosion is dominated by fluid forces where

erosion results from a change in the balance between fluid shear stress and

material strength." Increasing discharge can increase critical shear stress on

a bank that has a constant material strength, so tractive erosion is more

common at larger level flows (O'Niell and Kuhns, 1994).
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Mechanism Classification Typical Sediment Bank Descriptions
Flow Characteristics Moisture
Conditions

Wedge Gravitational Low Fine-grained Vanes Tension cracks
Failure Cohesive formed behind bank.
Popout Gravitational Low Fine-grained Saturated Small blocks forced
Failure Cohesive out at base of

channel bank due to
pore pressure and
overburden.

Preferential Hydrologic/ Low Interbedded Saturated Selective removal of
Flow- Gravitational Fine/Coarse coarse material due
Induced to preferential flow.
Failure Removal of support

during rapid drop in
stage.

Cantilever Gravitational Low Composite Varies Tension cracks form
Failure Fine/Coarse near base of

cantilever. Linked to
undercuthng.

Undercutting Tractive High Generally Non- N/A Shear stress applied
Cohesive to the lower bank.

Rate increases with
discharge.

Bed Tractive High Relatively N/A Shear stress applied
Degradation to the channel bed.

Banks fail due to
gravitational
mechanisms.

Basal Tractive Varies N/A N/A Banks made
Cleanout unstable by removal

of material at base.
Residual strength of
material determines
requisite flow.

Table 2.1 Mechanisms Related to Gravitational Failure and Tractive Erosion
(O'Niell and Kuhns, 1994)
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VVedge Failure Popout Failure

PotenCal Failure Plane

Preferential Flow-Induced Cantilever Failure
Failure

Gravitational Failure Mechanisms.

Undercutting Bed Degradation Basal Cleanout

P,.oly SL..psd
Malerual

Tractive Erosion Mechanisms.

Figure 2.1 Mechanisms Related to Gravitational Failure and Tractive Erosion
(O'Niell and Kuhns, 1994)
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2. 3 Anthropogenic Effects of Channel Erosion, Stability and Equilibrium

A river seeks to maintain equilibrium in order to reduce and distribute its

work. Land use modifies the river in a variety of ways. Land use changes can

be categorized by: 1) changes immediately adjacent to the river, or 2) changes

on part or all of the drainage basin (Gregory and Madew, 1982). The former

can affect the channel directly by altering flow resistance and the latter can

lead to adjustments indirectly by altering the flow regime (Gregory and Madew,

1982). Dunne (1998) noted that in particularly humid mountain drainage

basins, understanding the source areas in a watershed aids in managing

erosion and sedimentation.

Man-made adjustments to the river ultimately result in altering a

channel's morphology, sediment load and hydraulic characteristics, resulting in

erosion (Brookes, 1996; Collins and Dunne, 1990; Dunne and Leopold, 1978;

Mount, 1995, Scott, 1973; Simon and Robbins, 1982; Simon, 1995; Williamson

et al., 1995). Adjustments to this disturbance can involve short time scales

(days) and limited spatial extents, or may last up to hundreds of years (Simon,

1995). Referring to erosion associated with channelization, Dunne and

Leopold (1978, p 707) list the following potential costs or disadvantages of

channel modification: "1) channel instability or effects of channel readjustment

to the imposed conditions; 2) downstream effects especially increased bank

erosion, bed degradation or aggradation; and 3) esthetic degradation,
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especially the change in steam biota and the visual alteration of riparian

vegetation, of stream banks and channel pattern or form."

Knighton (1992) states that bank erosion is the primary source of

stream sediment, and thus causes the most changes to the river form. This

modification causes damage to private and public land, aquatic habitat and

human infrastructure (Collins and Dunne, 1990; Knighton, 1992; Mount, 1995;

Scott, 1973, Williamson et al., 1995) by encroaching upon land and adding

sediment to the system. Channelization (which can be both a causal and a

response variable), forest practices, agricultural use and urban development

all contribute to modifying the stream.

Where the banks are confined, a knickpoint may be initiated, or

sediment export from a reach exceeds sediment input, the channel incises

down into the stream bed, resulting in a channelized stream. Brookes (1996)

notes that channelization involves manipulation of the dependent hydraulic

variables of slope, depth, width and roughness; this induces instability at the

channelized reach and upstream and/or downstream from that reach.

Forestry practices, such as logging, may cause masses of sediment to

enter the river. If this material deposits in mid-channel or near one bank, it

may cause the channel to erode laterally. This undermines steep slopes,

causing landslides which add more sediment, and may exacerbate the

instability (Dunne and Leopold, 1978).

Mismanaged land clearing, grazing, and farming also add sediment to

the river. These may cause either aggradation and degradation of the channel
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bed. Sediment is added from soils that are eroded from over-grazed and

poorly farmed hilislopes. In-stream grazing causes banks to be devegetated

and weakened by trampling, potentially resulting in lateral erosion and in

cutting off meander bends, which increases the gradient and may cause

breaks in the profile. Mismanaged agricultural practices may cause removal of

vegetation from riparian areas. On silty or clayey-silt banks, this can cause

channel erosion, deepening and gullying (Dunne and Leopold, 1978).

Draining land for agricultural purposes and stabilizing the river to 'protect' land

resources result in confining the channel, causing it to incise. In a study of the

176 km2 Almond catchment in Scotland, researchers noted that farming

practices contributed 35 tons of sediment and urban housing excavations

contributed 128 tons of sediment to the catchment during a major storm event

during the winter of 1975-1976; this was 26% of the total sediment budget (Al-

Jabbarri et al., 1980).

Urbanization typically confines a channel. The attendant cementation

and compaction of the urbanized land surface deprives the subsurface of

inflow, which causes more surface runoff. The effect of urbanization is that it

increases the magnitude of peak discharges and increases the volumes and

duration of the high flows. These effects result in quasi-equilibrium channel

expansion or in catastrophic channel incision (Booth, 1990). In quasi-

equilibrium channel expansion, "the cross-sectional area increases in near-

proportion to the discharge increases that initiated them" (Booth, 1990).
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The land use practices imposed upon many streams have resulted in

channelizing and simplifying the streams. Mismanaged forestry, agriculture,

rural-urbanization and urban land use have each adversely affected channel

stability. Erosion, transportation and deposition of sediment have been altered

from their pre-development state and a river will continue to function in a

dynamic metastable state until equilibrium has been re-established.

2.4 Channel Stability Studies

The term channel stability has been defined by many individuals or

task committees for many purposes. The term can change meaning

depending on the purpose. For example, the definitions given by Pfankuch

and Rosgen in chapter one were given because they are specific to wildland

hydrology. Wildiand hydrology generally encompasses second to fourth order

streams, where large sediment and discharge events often occur as transient

pulses (e.g. landslides, floods). Rosgen's (1996) widely used channel stability

definition is "the ability of the stream, over time, to transport the flows and

sediment of its watershed in such a manner that the dimension, pattern and

profile of the river is maintained without either aggrading nor degrading".

Engineers, working on engineered rivers (e.g. dams, bridges, culverts), may

define channel stability differently to fit the context of their work.

Fluvial erosion is considered by some to be a major geomorphic hazard

(i.e., Gares et al., 1994). Kondolf and Sale (1985) note that long-term channel
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stability evaluation is an important component of instream flow assessments

because "significant instability may invalidate the results of habitat simulation,

especially when studying habitat variation over time." Fluvial erosion looses

attention because adjustments to cope with river bank erosion are often

incorporated into flooding projects (Gares et al., 1994). Regardless of whether

the study is oriented toward engineered sites or to wildland sites, an example

of some common factors affecting channel stability include geologic strata and

the cohesiveness of bank material, vegetation, and bank height and angle.

Thorne (1982) categorized bank erosion processes into a) fluvial

entrainment, and b) subaerial/subaqueous weakening and weathering. He

noted that shallow slips occurred on cohesionless banks along planar

surfaces, and slab failure occurred on low, steep cohesive banks. Thome also

noted that bank failure on regulated rivers probably occurs because of water

level fluctuations. The strength of the bank decreases as the soil becomes

more saturated. There is also an increase in effective weight when conditions

switch from submerged to saturated. Both Thome (1982) and Grissinger

(1982) determined that rotational slips were associated with high, cohesive

banks.

Hey (1998) presents some natural channel design procedures that can

be applied to stabilizing channels. In the same paper he presents

"environmentally sensitive flood alleviation schemes which maintain natural

channel stability." His studies revealed that, on engineered rivers, instability
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was related to sites with active bed transport and those sites lacking set back

flood banks.

By contrast, Huang and Nanson (1998) note that alluvial channels with

a transportactive bed, can have relatively stable banks, depending upon

bank sediment and vegetation. They used stable bank data from other studies

and recategorized the data by bank sediment and vegetation, after which they

used these data to create a multivariate model to give numerical indices of

bank strength. They found that densely vegetated banks are most resistant to

erosion and non-cohesive, sand banks with light to moderate vegetation are

weakest; gravel banks and moderate vegetation range in the middle (Huang,

1998).

Kondolf and Curry (1986) documented channel stability on the Carmel

River near Monterey, California, based on historic maps, photographs and

channel cross-sections. They noted that the erosive power of high-magnitude

events and the resistive forces of bank vegetation both play a primary role in

channel stability in non-cohesive material. The researchers found that the

stability of the stream could be disrupted either by high-magnitude or low-

magnitude events. In 1911, a large erosive force in a high-magnitude event

created massive bank erosion, channel migration, and aggradation. However,

the authors noted, that in 1978 and 1980, low-magnitude events were

responsible for erosion on stream reaches where the bank vegetation was

removed.
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Grissinger and Bowie (1984) discovered a cyclic relationship between

bank vegetation and bank erosion in northern Mississippi. The authors noted

that bank height and bank angle both limit vegetation by controlling mass

failure frequencies. Bank instability limits the establishment and growth of

vegetation that could stabilize the bank from recurring failure. Part of the

reason that a critical bank height was ever-present was that the massive,

dense silt unit had a well-developed polygonal structure that caused near-

vertical bank angles. They were often stable without vegetation except where

the channel entrenchment exposed weak toe materials; in such case, the bank

was undercut, leading to unstable banks. This study illustrated the usefulness

of noting the soil and surficial geologic unit in the stream reaches.

Bank vegetation and steepness may not always play an important role

in channel stability. Zonge and Swanson (1996) conducted a channel stability

study in the Sierra Nevada during a high-water year. The authors determined

that bank vegetation had little influence on incised streams. The researchers

explained that this finding may be because the "streams were too far from a

new dynamic equilibrium".

Myers and Swanson (1996) researched the relationships between

grazing management and aquatic habitat on three streams in a rangeland

watershed in northwestern Nevada. They used the same Stream Reach

Inventory and Channel Stability Evaluation rating system that was used in this

thesis and an aquatic habitat survey. They noted that over a period of four

years, the aquatic habitat improved as riparian vegetation was reestablished
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through improved livestock management. They declared that the "ocular

stability variables tracked the quantitative habitat and morphologic variables

well enough to recommend that ocular surveys be used to monitor changes

with time between more intensive aquatic surveys (Myers and Swanson,

1996)."

Channel slope and geologic material were found to be the critical

factors for identifying streams susceptible to incision in urbanized basins in

King County, Washington (Booth, 1990). In these areas, increased slopes and

weaker geologic material have a higher likelihood of erosion. Booth (1990)

suggested mapping these as a planning tool when planning urbanization. It is

also useful to map areas of former channel braiding. On the River Tay in

Scotland, Gilvear (1993) suggested that formerly braided areas were most

likely to erode.

In a paper on fluvial hazards, Schumm (1994) noted that there are

many misperceptions of fluvial hazards relating to channel stability. Three in

particular are: "1) a perception of stability, which leads to the conclusion that

any change is not natural, 2) a perception of instability, which leads to the

conclusion that change will not cease, and 3) a perception of excessive

response, which leads to the conclusion that changes will always be major."

The author noted three types of geomorphic hazards spanning three different

temporal scales: "1) an abrupt change that produces a catastrophic event

(e.g., a landslide), 2) a progressive change that leads to an abrupt change

(e.g., meander cutoff, channel avulsion), and 3) a progressive change that has



26

slow, but progressive results (e.g., meander shift, channel incision)" (Schumm,

1994).

2.5 Assessing Channel Stability and Change

It is sometimes difficult to distinguish between natural and unnatural

amounts of erosion. Often, damage to ecosystems and human infrastructure

alert us that a river may be experiencing unnatural rates and magnitudes of

erosion. In order to assess the erosion and its geomorphic effects on the river,

it is necessary to quantitatively monitor change in the system. Several

methods have been suggested to measure change in a river.

Kondolf and Larson (1995) note that historical analysis can reveal

underlying causes of channel change. They suggest that planning, designing

and evaluating restoration projects should be guided by understanding past

changes and that planning should address the historical causes and patterns

of channel degradation. The historical analysis should cover all parts of the

catchment within the zone of influence (Kondolf and Larson, 1995).

Aerial photographs prove an invaluable tool to compare historic

changes in channels and to note events such as landslides, riparian changes

and land use which may have impacted the channels (Kondolf and Sale, 1985;

Kondoif and Larson, 1995). Kondolf and Sale (1985) consider this a first step

in historical channel stability analysis. In addition to observing historical aerial
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photographs, they suggest looking at historic maps, ground photographs,

historic survey data (such as bridge surveys), geomorphic evidence (flood

deposits) and written and verbal narrative accounts to note major channel

changes. If such review shows that the channel has been stable, no further

analysis is needed.

Geoindicators are also used for river monitoring. Ashmore and Church

(1998) note that patterns of erosion and deposition are three-dimensional and

suggest that all three dimensions be considered when monitoring morphology

at the bar or multi-bar scale of analysis. Osterkamp and Schumm (1996)

suggest using the following methods when monitoring erosion: erosion stakes,

painted-rock lines, and mass movement pins. Hughes (1977) used profiles,

cross-sections and peg measurements when studying the rates of erosion. He

noted "peg measurements record the surface loss at the upper part of the

bank, and therefore only illustrate the end product of erosion and bank retreat

over a period of time". This can be a problem because the bank can be

undermined and sediment can be lost at the base, but the peg measurement

will not have an immediate effect (Hughes, 1977).

The ideal situation is to have a monitoring system in place before a

destabilizing event occurs, so that channel change can be measured when it

happens rather than after it occurs. However, the need and location for such

an arrangement is not always known in advance.
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2.6 Assessing Channel Stability Using the USFS Stream Reach
Inventory and Channel Stability Evaluation Method

To understand this research, including its discussion and results, the

contents of the USFS survey manual are reviewed here. Because most of the

information contained in this section is the thoughts, words and expressions of

the authors who designed the survey (Pfankuch, 1978), the portions of this

chapter that are quoted or paraphrased from the Stream Reach Inventory and

Channel Stability Evaluation manual are either in quotations or indented and

single spaced.

The stream reach inventory portion of the survey has short lines to note

basic stream inventory items such as channel width, channel depth, stream

velocity, stream discharge, stream gradient, stream order, and an ocular

inventory of sediment size distribution. While these data were noted for future

reference, the data contained in the channel stability evaluation are the focus

of this research.

The channel stability evaluation is designed to answer three basic

questions:

1) What are the magnitudes of the hydraulic forces at work to detach
and transport the various organic and inorganic bank and channel
components?

2) How resistant are these components to the recent stream flow
forces exerted on them?
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3) What is the capacity of the stream to adjust and recover from
potential changes in flow volume and/or increases in sediment
production?"

To answer these questions, 15 channel stability indicators are used. The

channel stability indicator items are applied to three areas of the channel

cross-section: four apply to the upper banks, five apply to the lower banks, and

six apply to the channel bottoms.

2.6.1 Interpretation of Pfankuch's Definition of Channel Stability

As noted earlier, Pfankuch (1978), defined channel stability as the

ability of the channel to "adjust and recover from changes in discharge or

increases in sediment delivery". The changes in discharge generally refer to

floods which produce pulse increases in flow. A change in sediment delivery

can be associated with landslide practices (e.g., logging, construction, road

building and mining) that can alter the sediment delivery to a river system. In

such cases, a flood event can cause atypical sediment pulses to occur. A

river which undergoes a large flood or pulse sediment event without incurring

marked channel bank or bed relocation or changes in sediment size is said to

have channel stability.

The land use activities may perturb the system for a few years (e.g.,

clear-cut and vegetation regrowth) or make permanent shifts (e.g., a new road

system or long-term mining). Agriculture and urbanization were not



30

specifically considered by Pfankuch, but should be amenable to his stability

evaluation.

2.6.2 Purpose and Use

The procedures were developed to systemize measurements and
evaluations of the resistive capacity of mountain stream channels to the
detachment of bed and bank materials and to provide information about
the capacity of streams to adjust and recover from potential changes in
flow and/or increases in sediment production (Pfankuch, 1978).

The information can be used at a 'point' for gleaning data at such
places as bridge sites or campgrounds or it can be used for complete
channel analyses for fisheries, timber management, water balance,
multi-use inventories and planning (Pfankuch, 1978). The river can
also be stratified by categories such as geology or stream order for
specific uses.

2.6.3 Channel Stability Evaluation Design

The channel stability evaluation is designed to be a rapid assessment

protocol and is an ocular, therefore subjective, survey. There are 15 channel

stability indicator items with four ratings for each item: excellent, good, fair,

and poor (Figure 2.2, Table 2.2). Each rating has a description outlined in the

Stream Reach Inventory and Channel Evaluation booklet. In an ideal channel,

a description would be found in the booklet to match each rating every time,

but the person making the evaluation must often use judgment. In many

cases, the chosen rating reflects the 'closest match', but is not necessarily an

exact fit to the booklet.



EXCELLENT GOOD FAIR POOR

IS Bank slope gradIent <30% 2 Bank slope gradient 30.40% 4 Bank slope gradient 40-60% 6 Bank slope gradient > 60% 8

UPPER
MW No evidence of or potential for

fl1SS WastinO
3 Infrequent and/or small. low

OOlafltWt

6 Moderate freq. and size wI some
18W 50015

Frequent or large, causing
se&ment

12

BANKS
-

DJP Absent from immediate channel
area.

2 Present but mostly small twIgs
and limbs

4 Present, volume& size
Increasing

_j
6 Mod, to heavy amounts, larger

sizes
8

VBP 90% plant density with vigor
and variety

3 70-90% density. Fewer species.
less vigor

8 50-70% density. Lower vIgor
and still fewer sop.

9 <50% densIty + fewer specIes,
less vigor

12

CC Ample. Peak flow contained.
W/D ratio <7

I Adequate. Overbank flows rare.
WID 8-15

2 OccasIonal overbank flows.
W/D 15-25

3 Inadequate. Overbank flows
common. Wit) ratIo '25

4

BRC 65% w/ large, boulders 12 + 2 40-65% most 6-12 4 20-40%, most In 3-6 die, class. 6 <20% gravel sizes, l-3 or less 8

LOWER
BANKS

OFt) Rocks and old logs embedded.
No cutting or dep. Stable.

2 Some present, erosive cross
currents and minor pool filling,

4 Mod. Frequent. Mod unstable.
bank cutting and pool filling

6 Frequent obstructions and
dellectors. Cit. Migration.

8

C Little evident. Raw banks <6
high

4 Some, at outcurves and
constrictions. Raw banks <iT

8 Significant. Cuts 12-24W high.
Root mat overhangs.

12 Almost continuous cuts, some>
24. Frequent overhang failure

16

0 Littleornoenlargemenlof
channel or point bars

4 Somenewlnaeaseinbar
formation. Coarse gravels

8 Moddeposltlonofnewgravel
and coarse sand on bars

12 Extenslvedepositsoffine
particles.

16

RA Sharp edges and corners. 1 Round corners and edges 2 Well rounded In 2 dImensions 3 Well rounded in all dimensIons. 4

Br Surfaces dull, dark. Not bright I Mostly dull. <35% bright 2 Mixture dull and bright 3 Bright, >65% exposed surfaces. 4

CPP Assorted sizes tightly packed 2 Moderately packed, with overlap 4 Mostly loose, no overlap 6 No packing evident. Loose 8

CHANNEL BSD No change in sizes. 80-100%
Stable materiel

4 Olstnbullon shift slight. 50-80%
stable material

8 30.50% affected. Deposition.
scour and pool flilina.

12 DIstribution change. Stable
materials 0-20%

16

S&D <5%ofbottomaffectedby
scouring & deposition

6 5-30%affected. Scourat
constriction, some dep in pools

12 30-50%affected. 18 >50%ofbottominaslateofflux
or change.

24

AV Abundant. Moss like growth. 1 Common. Algae at low velocIty 2 Present but spotty; back waler. 3 Perennial types acarce or absent. 4

Figure 2.2 The Channel Stability Evaluation
(After the USDA Forest Service: Pfankuch, 1978)



Channel Stability
Indicator Item

Rating
Score

excellent

Rating
Score
good

Rating
Score

fair

Rating
Score
poor

Notable
Change in

Rating
Upper Banks:
Landform Slope 2 4 6 8 2
Mass Wasting 3 6 9 12 3
Debris Jam Potential 2 4 6 8 2
Vegetative Bank
Protection_________

3 6 9 12 3

Lower Banks:
Channel Capacity 1 2 3 4 1

Bank Rock Content 2 4 6 8 2
Obstructions and
Flow Deflectors

2 4 6 8 2

Cutting 4 8 12 16 4
Deposition 4 8 12 16 4
Channel Bottom:
Rock Angularity 2 3 4 1

Brig htness
____1_

2 3 4 1

Consolidation/
Particle Packing

_____1_
2 4 6 8 2

Bottom Size
Distribution
& Percent Stable

4 8 12 16 4

Scouring and/or
Deposition_________

6 12 18 24 6

Aquatic Vegetation 1 2 3 4 1

Totals, by Rating 38 76 114 152 38

Table 2.2 Channel Stability Evaluation Rating Table: Obtainable Scores
(after Pfankuch, 1978)
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All channel stability indicator items and ratings are weighted differently

(have varying rating scores) depending on their influence to channel stability.

For example, as shown on the survey form (Figure 2.2), out of the six channel

bottom channel stability indicator items, Scouring and Deposition is weighted

more heavily than any of the other items. A rating of 'excellent' on Scouring

and Deposition earns a score of 6 points where the same rating for Rock

Angularity, Brightness or Aquatic Vegetation only earns I point. Thus,

Scouring and Deposition influences the survey results six-fold more than Rock

Angularity, Brightness or Aquatic Vegetation. Other items in the group have

intermediate "weightings."

The 15 channel stability indicator items are divided into three areas of

the channel: the upper banks, the lower banks, and the channel bottom

(Figure 2.3). The upper bank is "the portion of the topographic cross section

from the break in general slope of the surrounding land to the normal high

water line. Terrestrial plants and animals normally inhabit this area." The

lower bank is "the intermittently submerged portion of the channel cross

section from the normal high water line to the water's edge during the summer

low flow period." The channel bottom is "the submerged portion of the

channel cross section which is totally an aquatic environment."

After all of the variables have been assessed and assigned values, the

values are summed for each rating category (excellent, good, fair, poor).

These rating totals are then added to achieve a total reach score, which can

also be correlated to a rating of excellent, good, fair or poor. The reach scores
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are then added to get a total score for the river. The total score also

corresponds to the ratings of excellent, good, fair and poor. Excellent infers

that the river is able to handle a sudden change in discharge or sediment

delivery without notable movement or change in sediment distribution.

2.6.4 Channel Stability Indicator items

The channel stability indicator Items are described here in accord with

their categorization by the Upper Channel Banks, the Lower Channel Banks

and the Channel Bottom (Figure 2.3).

Figure 2.3 Channel Regions: Upper Bank, Lower Bank, Channel Bottom
(by Pfankuch, 1978)
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2.6.4.1 Upper Channel Banks

The land next to the stream is generally terrestrial. It can be a wide,
flat alluvial flood plain or a steep slope coming off of a mountain.
Intermittently, this dry land flood plain becomes a part of the
watercourse. Forces of velocity and turbulence tear at the vegetation
and land. These short lived hydrologic forces can produce on-site
channel enlargement and downstream sedimentation. Resistance of
the component elements on and in the banks is highly variable. This
section has channel stability indicator items designed to aid in rating
this relative resistance to detachment and transport by floods.

There are four channel stability indicator items in the Upper Channel
Bank Region. These are landform slope, existing or potential mass
wasting or failure, debris jam potential (floatable objects) and vegetative
bank protection. The upper bank region has the lowest weighting of the
three channel regions being surveyed (Table 2.2).

Landform SloDe (LS) assesses the steepness of the land adjacent to
the channel to determine the lateral extent to which banks can be
eroded and the potential volume of slough, which can enter the water.
The steeper the slope, the poorer the rating.

Mass Wastinci (MW) involves existing or potential detachment of a
relatively large portion of ground from the soil mantle, which then
moves downslope into waterways. Mass movement of banks by
slumping or sliding introduces large volumes of soil and debris into the
channel suddenly, causing constrictions or complete damming followed
by increased stream flow velocities, cutting power and sedimentation
rates. Conditions deteriorate in this category with proximity, frequency
and size of the mass wasting areas and with progressively poorer
internal drainage and steeper terrain.

Debris Jam Potential (DJP) assesses floatable objects. These
objects are usually deposited on stream banks naturally but sometimes
by humans and generally consist of tree trunks, limbs, twigs and leaves.
When they reach the channel they are obstructions, flow deflectors and
sediment traps (see lower bank section). This category assesses the
potential for placing these impediments into the flow, based on where
they now lay (are they stuck or are they going to float away). It also
includes the possibility of creating new debris jams under certain flow
conditions.

Vegetative Bank Protection (VBP) notes that the soil in the bank is
held in place largely by the plant roots. Riparian plants have almost
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unlimited water for both crown and root development. Their root mats
generally increase in density with proximity to the open channel. Trees
and shrubs generally have deeper root systems than grasses and forbs.
Roots seldom extend far into the water table, however, and near the
shore of streams they may be shallow and subject to windthrow. In
addition to the root mat stabilizing the banks, the stems help to reduce
the velocity of flood flows. The greater the density of vegetation, the
greater resistance to stream energy and therefore a more stable rating.

2.6.4.2 Lower Channel Banks

The lower channel banks are located between the normal high water
and low water line. This area has sparse vegetation that can be either
terrestrial or aquatic. The lower channel banks define the present
stream width. Channel bank stability is indicated under a given flow
regime by minor and almost imperceptible changes in channel width
from year to year. There is no encroachment of the water environment
into the land environment.

When channel flow increases, the banks may weaken and both
cutting and deposition begin, usually at bends and points of
constriction. Cutting is evidenced by steepening of the lower banks.
Eventually the banks are undercut, followed by cracking and slumping.
Deposition behind rocks or bank protrusions increases in length and
depth.

The lower bank region is weighted more heavily than the upper bank
region, but less than the channel bottom (Table 2.2). There are five
channel stability indicator items that evaluate the lower bank region.
These are 1) channel capacity, 2) bank rock content, 3) obstructions
and flow defectors, 4) cutting, and 5) deposition.

Channel CaDacitv (CC) evaluates the ability of the cross-sectional
area of the channel to accommodate normal peak flow volumes without
bank deterioration. This category requires assessing the height of
previous bank flows relative to the channel to see if the capacity has
been exceeded and to determine the width-to-depth ratio. In an
entrenched stream, the width-to-depth ratio generally has an excellent
rating. The higher the ratio the more likely the river will overrun its
banks.

Bank Rock Content (BRC) examines the materials that make up the
channel bank to test the relative resistance of this component to
detachment by flow forces. This is done by observing the rock content
of the surface rocks and exposed cut banks. As vegetation is generally
lacking in this area, it is the composition, size and shape of the rock
content which holds the bank together. This indicator item was often
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compromised because it has two qualifiers which often conflict. For
example, a rating of excellent requires that rock must make up 65% or
more of the volume of the banks. In addition (and), the most numerous
rock size within this matrix is angular 12 inch boulders. Often, the rock
content would not match up with the rock size.

Obstructions and Flow Deflectors (OFD) may produce adverse
stability effects when they increase the velocity and deflect the flow into
unstable and unprotected banks and across unstable bottom materials.
Examples of these include large rocks, embedded logs and bridge
pilings. If these cause a pattern of flow which erodes banks or shifts
sediments continuously, it is undesirable. Sediment traps are channel
obstructions which dam the flow partly or wholly and form pools or slack
water areas. These lower the local gradient causing a loss in sediment
transport power. Sediment build up is considered undesirable as the
pools will fill up and then the channel will migrate. Beaver dams are
considered an unstable sediment trap, capable of damage.

Cutting and Deposition (C&D) are concomitant. processes, although
they are evaluated separately. They are classified apart because it is
possible for each to be taking place in different reaches at the same
time. They are the most heavily weighted items in the lower bank
region. Cutting causes aquatic vegetation to be scoured or uprooted
and is one of the first signs of channel degradation. In areas lacking
vegetation, there is a steepening of the banks. If plant roots or material
composition bind the surface horizon of the adjacent upper bank,
undercutting will follow until the weight of the overhang causes the
overhang to crack and slump into the channel. New bar deposits of
sand and gravel may indicate upstream erosion. These bars tend to
grow with continued watershed disturbance. Extensive deposits of
fresh silts, sands and gravels are rated as poor. Some fresh deposits
on bars and behind obstructions of gravel and larger size material is
rated as good.

2.6.4.3 Channel Bottom

The channel bottom is an aquatic environment, composed of
inorganic rock. It is also a complex biological community of plant and
animal life, which is more difficult to discern and may be lacking in
some areas. Both components offer clues to the stability of the stream
bottom.

The channel bottom region has the most influence on channel
stability and is the most heavily weighted of the three regions (Table
2.2). The channel stability indicator items in this category are Rock
Angularity, Brightness, Consolidation or Particle Packing, Bottom Size
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Distribution and Percent Stable Materials, Scouring and Deposition, and
Aquatic Vegetation.

Rock Angularity (RA) is important in maintaining channel bottom
stability because a bed composed of angular rocks is more resistant to
detachment. They resist tumbling when detached and are more likely
to be imbricated than rounder rocks. Rounded rocks pack poorly and
are easily detached.

Brightness (Br) reflects the concept that rocks in motion 'gather no
moss', algae or stain. They are polished by tumbling and brighter than
similar rocks which have been stationary. The degree of staining and
vegetative growths relate also to water temperature, seasons, nutrient
levels, etc.

Consolidation or Particle Packing (CPP) assesses the interlocking of
rock and soil particles. An imbricated bed has an excellent rating.
Rocks in a loose array are not stable. This indicator item was often
referred to as the 'kicking category' because, in addition to
observations, the channel bed was kicked and then assessed to see
how difficult it was to dislodge material.

Bottom Size Distribution (BSD) and Percent Stable Materials (PSM)
reflect the array of sizes and the geologic source within the basin. In
part, this category is based on a 'sense' of an abnormal situation.
Basically, upstream flow tends to wash away fines and leave larger
rocks sizes behind, whereas, in downstream reaches, where the
gradient is lower and the flow is slower, sediment starts to drop out, and
the fines collect. Two elements of bottom stability are assessed: the
change or shift from the natural variation of component size classes
and the percentage of all of the components which are judged to be
stable materials. Bedrock is always a stable material.

Scouring and/or DeDosition (S&D) is self defined. If 5% or less of
the channel bed has scouring or deposition, the bed is not mobile year
round and the rating is excellent. On the other hand, if over 50% of
scouring and deposition is noted it indicates that the bottom is moving
not only during high flow periods but at most seasons of the year, which
earns a poor rating.

Acivatic Vegetation (AV) notes that when some measure of
stabilization of the soil-rock components is achieved, the channel
bottom becomes fit habitat for plant and animal life. This process
begins in the slack water areas and eventually may include the swift
water portions of the stream cross section. With a change in volume of
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flow and/or sedimentation rates, there may also be a temporary loss of
the living elements in the aquatic environment. This last item attempts
to assess the one macro-aquatic biomass indicator found to best
express a change in channel stability.
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CHAPTER 3

THE RESEARCH HYPOTHESES

"Nobody has ever measured, not even poets, how much the heart can hold."
- Zelda Fitzgerald

Research hypotheses have been established to investigate each of the

research objectives presented in Chapter 1. These can be tested and either

accepted or rejected in order to form a basis for conclusions.

3.1 Hypotheses for Research Question I

Research Question 1 asks: Can relationships between channel stability

and major land-use and hydrobiogeomorphic features be determined? To

evaluate relationships between channel stability (CS) and land use and land

cover and several other hydrobiogeomorphic features, each of these features

(which represent the predictive modeling variables) will be given an

independent alternative hypothesis (H1a4.

In the context of the SRICSE method used, lower values for total reach

scores (TRS) are associated with greater stability. To further understand the

hypotheses presented, each hypothesis for a predictive variable will note the
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expected change in the predictive variable (predictive variable will either

increase or decrease) with respect to an increase or decrease in the

dependent variable (TRS).

The predictive variables investigated to test the hypotheses are site-

specific. They are: topographic stream gradient, channel sinuosity, elevation,

precipitation, geology (igneous, metamorphic, sedimentary, and quatemary

alluvium) and land use and land cover (forestland, rangeland, cropland and

pasture). Each is explained here and the alternative hypothesis is given. The

dependent variable is the total reach score (TRS) obtained from the SRICSE

channel stability evaluation method. As the TRS increases, the channel

stability becomes poorer, and, conversely, a decrease in TRS relates to more

stable channels.

3.1.1 ToDopraDhic Stream Gradient

The topographic stream gradient (Gr), or topographic slope of a river,

generally flattens as the river increases its stream order number. Stream

order numbers increase in the downstream direction as tributaries join

together (Strahler, 1957) in mountainous areas. This typically coincides with

water movement from steep headwater zones where channels first appear, to

progressively flatter, downhill zones where several such streams join together,

and eventually to flat floodplains, where the main trunk rivers flow.
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From a geologist's standpoint, higher land elevations are higher

because they are more resistant to erosion. Higher elevations are also

associated with steeper stream gradients and larger, more stable bed and

bank material (e.g., boulders). Conversely, as the elevation decreases, the

stream gradient flattens and the stream order number increases. Lower-

gradient streams are often found in more erosive geologic material and usually

have finer, more erodable bed and bank material. They are also associated

with floodplains, which are often impacted by land use. Given these

considerations, the hypothesis (H13) for topographic stream gradient is that a

flatter topographic stream gradient will be associated with greater channel

instability. This means that as the gradient increases the channel stability

increases (the TRS decreases).

3.1.2 Channel Sinuosi

Sinuosity (Sin) is usually related to topographic stream gradient. A low-

order stream is generally confined if it flows in mountainous regions where

valley walls are narrow and gradient is steep. As the river progresses

downstream it levels out onto unconfined, broader valleys, which usually

contain finer sediment. The energy from the steep gradient is increased by

additional discharge from tributaries. This energy is typically expended in the

valley by flows cutting laterally into the soft sediments and transporting them,
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increasing the sinuosity. However, land use practices on valley floodplains

often restrict this lateral movement, resulting in simplification of river planform

and downcutting. This causes the river velocity to increase, resulting in

greater channel incision, planform simplification, and in the promotion of

channel instability. Given all of these factors, the hypothesis (Hib) for sinuosity

is: as sinuosity decreases, channel instability will increase. This means that

as sinuosity increases, the channel stability increases (TRS will decreases).

3.1.3 Elevation

As suggested previously, higher elevations exist because they are more

resistant to erosion. Given this, the hypothesis (H1) for site elevation (El) is as

elevation increases, channel stability improves. This implies that an increase

in elevation will result in a decrease in the TRS.

3.1.4 Preciiitation

Precipitation (Ppn) is greatest at higher elevations within the basins in

this research area. Higher elevations have already been described as having

a higher likelihood of stability because of their resistant bedrock. Due to the

steep canyons in this region, there are many low-order streams running down
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rock cliffs. This results in quicker runoff and larger discharges reaching the

downstream higher-order valley streams, causing erosion at lower, elevations.

These lower elevations have lower precipitation. Given this, the hypothesis

(H,d) for precipitation is that lower precipitation will be associated with higher

instability. This means that as precipitation increases, the channel stability will

increase (the IRS will decrease).

3.1.5 Geology

Four geologic classifications are accounted for in this study.

Classifications are Quatemary Alluvium (QA), Sedimentary (Sed), Igneous

(Ign), and Metamorphic (Met). A site may have more than one class present.

Quaternary alluvium is the most erodable and is typically found in valleys at

higher orders, where there is increased land use. Similarly, sedimentary rock

is associated with higher orders (lower elevations). Igneous and metamorphic

rock are more resistant to erosion and are associated with higher elevations.

With exceptions based on grain size, mineral content and history, a

generalized model of erodibility is that Quatemary alluvium is the most

erodable, followed by sedimentary, igneous, and metamorphic formations.

Therefore, the hypothesis (Hie) states that Quaternary alluvium will have the

highest association with unstable channels, followed by sedimentary, igneous,

and metamorphic rocks. Igneous and metamorphic rock will be associated
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with more stable channels, represented by a lower TRS, and sedimentary rock

and QA will be associated with less stable channel, represented by a higher

TRS.

3.1.6 Land Use and Land Cover

Land Use and Land Cover (LULC) categories are Forested Land (For),

Rangeland (Ra), and Cropland and Pasture (CrP). Cropland and Pasture

often occur in valleys, which are more erodable. These associated land use

practices often involve draining of wetlands and removal of riparian vegetation.

Rangeland is occurs for all orders of streams and the riparian areas

associated with rangeland may be either intact or damaged. Forested Land is

generally higher in the watershed; the ripanan areas are typically in good

condition for those lands where timber harvesting does not occur. Generally,

these trees are not commercially viable for timber harvesting due to their small

size relative to the trees found in the Pacific Northwest, so timber harvesting is

not a large factor in this study area. For these reasons, the alternative

hypothesis (H1) for LULC is that Cropland and Pasture is most likely to be

associated with channel instability (greater IRS), followed by Rangeland,

followed by Forested land. Forested land will be associated with stable

channels.
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3.2 Hypothesis for Research Question 2

Research Question 2 asks: Can a predictive model be developed to aid

in identifying unstable areas for the purpose of land management? This is

dependent upon the presence of relationships between channel stability (as

represented by the SRICSE TRS) and the predictive variables. Given this, the

hypothesis (H1..2) for Research Question 2 is: A predictive model can be

developed if relationships between channel stability and LULC, and

hydrobiogeomorphic features can be determined. The null hypothesis (H2) is

that a predictive model cannot be developed.

3.3 Hypothesis Testing

The research structure was developed prior to the fieldwork in

expectation of analysis by linear regression. Channel stability surveys were

conducted on 3 and 4th order streams at 60 sites in the Upper Colorado River

watershed during the summer of 1997. Each site had one replicate site, for a

total of 120 surveys. Each site was assigned an identification number to

provide landowner confidentiality. The dependent variable, which is an

indicator of channel stability, is the total reach score obtained from the USFS

SRICSE. The sampling frame for the predictive variables were maps and
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Geographic Information System (GIS) coverage provided by the U.S.

Environmental Protection Agency (EPA).

The statistical correlation methods used to test Hypothesis 1 included

Pearson's correlation analysis and chi-squared analysis. The statistical

modeling method used to test Hypothesis 2 was regression analysis (function

recognition) and the machine learning (pattern recognition) techniques

included both single and ensemble decision tree analysis. The results from

these analyses were used to determine if relationships between common

LULC and other hydrobiogeomorphic features and channel stability (as

measured by the SRISCE) exist and if a predictive model could be developed.
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CHAPTER 4

THE RESEARCH SITE AND HYDROLOGIC SETTING

"I don't want life to imitate art. I want life to be art."
- Carrie Fisher

4.1 The Upper Colorado River Basin

The study area is in the Rocky Mountains of western Colorado (Figure

4.1). The following description of the physical sethng was taken from the

USGS website at: webserver.cr.usqs.qov/nawpa/ucol/I NTRO. html:

"The Upper Colorado River Basin, Colorado, is bordered to the east
and south by the Continental Divide and drains approximately 17,800
miles2 (100 mi2 in Utah). Relief ranges from 14,000 feet near the divide
to 4,300 feet near the Utah border. The Southern Rocky Mountains are
in the east and the Colorado Plateau is in the western part of the basin.
The geology varies and includes Precambrian crystalline rocks,
stratified sedimentary rocks and alluvial deposits, which have been
subject to a complex geologic history.

Climate varies from alpine in the east to semiarid climate in the
west. Mean annual temperatures range from 32.8°F in Gunnison
County near the Continental Divide to 54.1°F in Grand Junction in the
west. Precipitation in the eastern mountains exceeds 40 in/yr,
occurring primarily in the winter months. The lower altitude western
regions receive less than 10 in/yr, where August is the month of
greatest rainfall in the Grand Junction area due to late-afternoon
thunderstorms.

"Land use is primarily rangeland and forest (85%). The population
of the watershed in 1990 was 234,000, comprising 10% of the total
population of Colorado. Tourism and recreation are a major industry in
this region with large land tracts being dedicated to this purpose.
These recreational areas and a few agricultural areas comprise the
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population centers, although urban land is one of the smaller land uses
in the basin. Agriculture was the historical land use along with mining,
but agriculture is presently rare due to lack of irrigation in the semiarid
climate. Past and present mining activities constitute a large land use."

-. I
-7

Figure 4.1 Map of Study Area
Heavy outline indicates areas surveyed. Lighter outline delineates Hydrologic

Units. Study area guide: 1) Colorado Headwaters-Eagle Basin,
2) Roaring Fork Basin, 3) North Fork Gunnison Basin,

4) Gunnison Basin (includes 3 areas), 5) San Miguel Basin
Source: Basins (EPA, 1999)
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The west trending drainage patterns within the Upper Colorado River

Basin are largely dendritic. Longitudinal profiles at higher elevations are

influenced by two million years of mountain glaciation during the Quatemary

Period. Because of the glacial influence in the tower order streams, most

rivers have yet to reach a classic exponential curve associated with a graded

stream, even though approximately 10,000 years have passed.

4.2 The Hydrologic Unit Categories, Sub-Basins and Streams
Evaluated

The USGS and the EPA classify watersheds across the United States

by Hydrologic Units. Each unit is identified by a Hydrologic Unit Code (HUC),

consisting of two to eight digits based on four levels of classification: regions,

subregions, accounting units, and cataloging units (Seaber et al., 1987). The

first two numbers of the HUC designate the regional level. In the study area,

the number 14, represents the Upper Colorado Region. There are three

subregion level (same as the accounting level, in this instance) units included

in this study: 1401 (140100) represents the Colorado Headwaters Basin, 1402

(140200) represents the Gunnison River Basin, and 1403 (140300) represents

the Upper Colorado (Plateau)- Dolores Basin. The streams surveyed were

located in seven cataloging-level (eight digit) 1-IUC's (Figure 4.1).
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For the purposes of this study, the seven HUC's used in this research

were combined to form five primary research sub-basins (identified in Figure

4.1), all within the Upper Colorado River Watershed. These sub-basins are,

from north to south: the Colorado Headwaters-Eagle Basin (statistics given

only for Eagle as only a small portion of the other was used), the Roaring Fork

Basin, the North Fork (NF) Gunnison Basin, the East Taylor Basin, and the

San Miguel Basin, which lies to the southwest. The five sub-basins

encompass23 counties in Colorado. All sub-basins boast an excellent EPA

water quality rating (1 on a scale of 1 to 6, with I being the best quality) (EPA,

1999). The EPA data for the four primary basins are noted in Table 4.1.

Basins Number
of Rivers

Total River
Miles

Drainage Area
(square miles)

Perimeter
(miles)

Eagle 13 1,084 974 164
Roaring
Fork_________

17 1,274 1,464 182

NF
Gu nnison

13 1,033 976 152

East-Taylor 9 749 775 543

Table 4.1 Primary Basin Data
Source: Basins (EPA, 1999)
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4.2.1 Colorado Headwaters-Eagle Basin

The northern-most region in the study area consists of a small region

near the mouth of the Colorado Headwaters, USGS HUC number 14010001,

and most of the Eagle Watershed, USGS HUC number 1403003 (Figure 4.2).

All of the rivers in the study area drain into the west-flowing Gypsum River

(Eagle) or the Upper Colorado River (Colorado Headwaters) draining

southwest. These rivers converge at Dotsero, above Glenwood Springs, and

continue their westerly flow as the Upper Colorado River.

BASINS (EPA, 1999) notes there are 13 rivers and streams in the

Eagle system, encompassing 1,084 total river miles and 570 perennial river

miles. The drainage area is 974 square miles with a 163 mile perimeter.

Some 25-50% of the 1 km grid cells adjacent to streams (representing nparian

habitat) in the USGS 1:20,000,000 Digital Line Graph coverage are classified

as containing forested land and less than 20% is in agricultural or urban

riparian habitat (other options include grassland).

The rivers in these basins are in the White River National Forest. The

rivers surveyed in this region are listed in Table 4.2 along with their order, the

USGS 7.5 minute quadrangle location they are shown on, and their HUC

identification. The rivers are listed in order of upstream to downstream and

east to west. The streams drain into larger basins, which are shown in Table

4.2 by italicized lettering.
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River Order HUC Quadrangle Figure 4.2
Identification

Eagle River -> Colorado River
Lake 4 14010003 Edwards 1

East Lake 3 14010003 Grouse Mtn 2
West Lake 3 14010003 Grouse Mtn 3
Eby 3 14010003 Eagle 4
Brush Cr (1) 4 14010003 Seven Hermits 5
East Brush 3 14010003 Fulfordll Hermits 6
Salt 3 14010003 Fulford 7
Gypsum 4 14010003 Suicide Mtn 8

Upper Colorado Headwaters -> Colorado River
Sweetwater 4 14010001 Dotsero 9
Sweetwater 3 14010001 Sweetwater Lake 10
Deep Cr 3 14010001 Dotsero 11

Table 4.2 Colorado Headwater-Eagle Streams Surveyed
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ii

Upper-Colorado R.

The Colorado Headwaters Basin, USGS Cataloging Unit: 14010001

Eagle

The Eagle Basin, USGS Cataloging Unit: 14010003

Figure 4.2 The Colorado Headwaters-Eagle Basin
Source: Basins (EPA, 1999)

Numbers are cross-referenced to Table 4.2
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4.2.2 RoannQ Fork Basin

The watershed positioned below the Eagle Basin is the Roaring Fork

Basin, HUC 14010004 (Figure 4.3), with a drainage area of 1464 square miles

and a 182 mile perimeter. The Roaring Fork Basin contains seventeen rivers

and streams, which comprise 1274 total river miles, of which 813 are perennial

river miles. There are three primary sub-basins: the Frying Pan, draining west;

the Roaring Fork, draining northwest; and the Crystal River, draining north.

Over 75% of ripanan habitat falls within forested regions and less than 15%

falls in agricultural or urban areas.

All streams in this region are in the White River National Forest. The

streams used in the surveys are listed in Table 4.3 from upstream to

downstream (north to south, with sub-basins listed east to west).
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Figure 4.3 The Roaring Fork Basin
USGS Cataloging Unit: 14010004

Source: Basins (EPA, 1999). Numbers are cross-referenced to Table 4.3

River Order HUC Quadrangle Figure 4.3 ID
Ftying Pan -> Roaring Fork -> Colorado River

NF Frying Pan 4 14010004 Meredith/Nast 1

NF Frying Pan 3 14010004 Nast 2
Cunningham 3 14010004 Nast 3
Frying Pan 4 L14010004 Meredith/Nast

Lime 3 Jj4010004 Meredith 5
Ruedi 3 [14010004 Red Cr./Ruedi Res 6

Roaring Fork -> Roarin Fork -> Colorado River
Roaring Fork 4 14010004 N Y PeaklThimble Rk 7
Roaring Fork 3 14010004 Independence Peak 8
Lincoln 4 14010004 New York Peak 9
Lincoln 3 14010004 New York Peak 10
Castle Cr 4 14010004 Hayden Peak 11
Castle Cr 3 14010004 Hayden Peak 12
Conundrum 3 14010004 Hayden Peak 13
Maroon Cr 4 14010004 Aspen/Highland Peak 14
Snowmass 4 14010004 Highland Peak 15

Crystal River -> Roarina Fork -> Colorado River
Crystal River 4 14010004 Snowmass Mountain 16
NF Crystal River 3 14010004 Snowmass Mountain 17
SF Crystal River 3 14010004 Snowmass Mountain 18
Lost Trail Creek 3 14010004 Marble 19

Table 4.3 Roaring Fork Streams Surveyed
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4.2.3 North Fork Gunnison Basin

The North Fork Gunnison Basin, HUC 14020004, is directly southwest

from the Roaring Fork Basin (Figure 4.4). The drainage area of the North Fork

(NF) Gunnison is 975 square miles, with a 152 mile perimeter. The NF

Gunnison has 13 streams and rivers, 1033 total river miles, and 475 perennial

river miles. Higher elevations on the east side of this watershed were used in

this study. The NF Gunnison Basin is comprised of the Muddy Creek sub-

basin, flowing south into Paonia Reservoir and the Coal Creek sub-basin,

flowing north, meeting the NF Gunnison, just downstream from the reservoir.

Just prior to this confluence, the Anthracite and Snowmass sub-basins

converge and flow west into Coal Creek. The base camp for this fieldwork

was on Coal Creek, about two miles north of the Anthracite confluence. All of

the streams are within the Gunnison National Forest. Greater than 75% of the

riparian habitat is forested and less than 15% is agricultural/urban riparian

habitat. The rivers which were surveyed in this basin are listed in Table 4.4.
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Figure 4.4 The North Fork Gunnison Basin
USGS Cataloging Unit: 14020004

Source: Basins (EPA, 1999)
Numbers are cross-referenced to Table 4.4

River Order HUC Quadrangle Figure 4.4
Identification

Muddy -> NF Gunnison River

Lee 4 14020004 Chair Mountain 1

Lee 3 14020004 Chair Mountain 2
Coal Cr -> NF Gunnison River

Coal Creek 4 14020004 West Beckwith Peak 3
Robinson 3 14020004 West Beckwith Peak 4

South Cliff Creek 4 14020004 West Beckwith Peak 5
Anthracite 4 14020004 Paonia Reservoir 6
Snowshoe 4 14020004 Paonia Reservoir 7

Table 4.4 North Fork Gunnison Streams Surveyed
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4.2.4 Gunnison Basin

For this study, three HUCs are merged to form the unit referred to as

the Gunnison Basin, which lie within the Gunnison National Forest (Table 4.5,

Figure 4.5). The Gunnison Basin is directly south of the Roaring Fork Basin.

The three HUGs are: the East-Taylor sub-basin, 14020001; the Upper

Gunnison, 14020002; and the Tomichi, 14020003. The Gunnison River starts

where the south-draining East River converges with the southwest-draining

Taylor River. The south-southwest draining Ohio Creek joins the Gunnison

just prior to its confluence with Tomichi Creek, draining west. Further

downstream, the Blue Mesa Reservoir impounds the Gunnison.

The East-Taylor river system drains 775 square miles, with a 142 mile

perimeter. There are nine rivers and streams in this basin, comprising 748

total river miles and 543 perennial river miles. Over 75% of the riparian habitat

is forested regions and 20 to 50% is in agricultural or urban regions. The 35

rivers and streams in the Upper Gunnison basin drain 2,410 square miles and

have a 284 mile perimeter. This sub-basin covers 2,131 total river miles and

1,386 perennial river miles. 25 to 50% of the nparian area is forested land and

less than 20% is agricultural or urban land.

The Upper Gunnison Basin contains 35 rivers and streams, although

the southwest draining Ohio Creek sub-basin on the far east side of the Upper

Gunnison Basin is the only sub-basin covered in this study due to reservoir
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impacts. As with the Upper Gunnison, only a small portion of the Tomichi

system had surveys conducted, namely, the Quartz Creek sub-basin.

River Order HUC Quadrangle Figure 4.5
Identification

Taylor River -> Gunnison River
Taylor River 4 14020001 Italian Creek I
Tellurium Cr 3 14020001 Italian Creek 2
Italian Cr 4 14020001 Italian Creek 3
Italian Cr 3 14020001 Italian Creek 4
LoUis Cr 4 14020001 Taylor Park

Reservoir
5

Spring Cr 4 14020001 Cresent MtnlAlmont 6
East River-> Gunnison River

Slate River 4 1402000A Oh-Be-Joyful 7
Slate River 3 14020001 Oh-Be-Joyful 8
Brush Cr (2) 4 14020001 Pearl Pass/Gothic 9
Cement Cr 4 14020001 Cement Mountain 10
Cement
Creek

3 14020001 Cement Mtn/
Pearl Pass

11

Gunnison River
Ohio Cr 4 14020002 Squirrel Cr/Mt AxteIl 12
Ohio Cr 3 14020002 Mount AxteIl 13

Tomichi -> Gunnison
Quartz Cr 4 14020003 Pitkin 14
Quartz Cr 3 14020003 Pitkin 15
Gold Cr 4 14020003 Fairview Peak/Pitkin 16
Gold Cr 3 14020003 Fairview Peak 17
Lamphier 3 14020003 Fairview Peak 18

Table 4.5 Gunnison-Tomichi Streams Surveyed
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Pit kin

The East-Taylor Basin, USGS Cataloging Unit: 14020001

13

Gumnison

/111111-
The Upper Gunriison Basin, USGS Cataloging Unit: 14020002

G ur

I;]

The Tomichi Basin, USGS Cataloging Unit: 14020003

Figure 4.5 The Gunnison Basin
Source: Basins (EPA, 1999). Numbers are cross-referenced to Table 4.5
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4.2.5 San Miguel Basin

San Miguel Basin (Figure 4.6), HUC 14030003, is southwest of the

primary research area, separated by the north-draining valley formed by the

Uncompahgre River. The San Miguel River flows northwest into the Dolores

River, which flows into the Upper Colorado River. There are 18 rivers in this

basin, although the three rivers surveyed lie in the eastern-most part of the

basin. This basin is in the Uncompahgre National Forest and the rivers are

listed in Table 4.6.

/

/

1

Figure 4.6 The San Miguel Basin
USGS Cataloging Unit: 14030003

Source: Basins (EPA, 1999)
Numbers are cross-referenced to Table 4.6
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River Order HUC Quadrangle Figure 4.6
Identification

San Mi uel -> Dolores -> Upper Colorado
San Miguel River 4 14030003 Grayhead/Little Cone I
Fall Creek 3 14030003 Little Cone 2
Leopard Creek 4 14030003 Placerville/Sams 3

Table 4.6 San Miguel Streams Surveyed

4.3 Watershed Hydrology and Snow Dominance

The watersheds surveyed in this study are primarily influenced by

snow-dominated hydrologic conditions. Late summer 'monsoons' provide

some rain-dominated runoff, particularly in the lower elevations.

The term 'snow-dominated' refers to snowmelt systems, as opposed to

rain or rain-on-snow systems. Such systems are likely to occur at high

elevations or northern latitudes. For the study area, elevations range from

6,405 feet to 10, 750 feet above sea level. The average site elevation is 8,844

feet above sea level. In snow-dominated systems, the amount of precipitation

over time is reflected in the stream's discharge over time with a relatively long

time lag between snowfall and stream runoff. This time lag may amount to

weeks or months, as opposed to hours and days for a rain-dominated system.

This natural hydrologic regime is the primary source of water in this semi-arid
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mountain system. It sustains large forests, grasslands, streams, and riparian

ecotones, as well as recharging groundwater and filling reservoirs to provide

storage water for human consumption, irrigation and hydropower. Snow-

dominated hydrologic conditions may be complex.

Precipitation occurs as snow when the temperature is 0°C or less.

Snow accumulation depends both on snowfall and snow drift, which is

influenced by wind, physical obstacles such as fences, and local topographic

and vegetative patterns (Brooks et al., 1991; Dunne and Leopold, 1978). The

snowpack metamorphoses between the time of snowfall and snowmelt.

According to Brooks et al. (1991), "Density increases due to settling, ice

lenses form due to freeze thaw cycles, and the surface albedo decreases due

to dust and debris. When the temperature exceeds 0°C, and the liquid water-

holding capacity has been reached, snowmelt occurs. At this point, any

additional input of energy or liquid water will result in a corresponding amount

of liquid water being released from the bottom of the pack."

Brooks et al. (1991) notes that "the snowmelt runoff efficiency varies

between watersheds, years, climatic patterns and changes to the watershed.

Variables affecting snowmelt runoff efficiency include watershed slope, soil

depth, soil type (texture and structure), vegetation, and climate." Once

snowmelt has occurred, groundwater recharge and surface runoff behave

similarly to recharge and runoff from rain-dominated hydrology events. Given

this, it is likely that extreme flood events from large snowpacks and large
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sediment pulse events have contributed to detaching the majority of bed and

bank material in the high elevation rivers in the Upper Colorado River basin.
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CHAPTER 5

RESEARCH METHODOLOGY

"Just don't give up trying to do what you really want to do. Where there is love
and inspiration, I don't think you can go wrong."

- Ella Fitzgerald

This chapter describes sampling design, modeling variables, and

methods of analysis. The Stream Reach Inventory and Channel Stability

Evaluation (SRICSE) method used to evaluate channel stability is described in

detail in Chapter 2.

5.1 Sampling Design for USFS Survey

The target population is third-order and fourth-order streams in the

Upper Colorado River Basin. These orders were selected because the

streams are larger than lower-order streams and have more diversity of

adjacent land use and land cover. Originally, ten to twenty streams from each

order were chosen from the EPA database of streams, with restrictions on

choice being: 1) no dams or large mining or logging activities, 2) rivers must

be legally and physically accessible, and 3) dangerous situations were

avoided (e.g., cliffs, bears, hiking canyons during flash flood warnings). As it

turned out, all applicable streams in the study area were surveyed; 31 third-
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order streams and 29 fourth-order streams, for a total of 60 streams. Each

survey had one replicate survey taken, for a total of 120 surveys; the survey

and replicate were averaged for each stream. The replicates were taken one

eighth of a mile upstream from the randomly selected survey site. Each

survey length was eight to twelve times the channel width. In each case, the

principal researcher surveyed one site and an intern (Doug Holdt, a senior in

geography at Oregon State University) surveyed the other site. One stream

was removed when it was discovered it was a fifth-order stream, and one

stream was removed because of incomplete data, leaving 58 streams

available for analysis.

5.2 Modeling Variables

The dependent variable is the total reach score (TRS) obtained by the

USFS method for evaluating channel stability (using the SRICSE). The

predictive variables are site-specific variables not directly measured by the

SRICSE but instead obtained from printed maps or a Geographic Information

System. These site-specific variables are hydrobiogeomorphic features and

may influence channel stability. Continuous variables include topographic

stream gradient, sinuosity, elevation, and precipitation. Categorical variables

are geology, and land use and land cover.
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5.2.1 TopograDhic Stream Gradient

The topographic stream gradient (Gr) is the elevation change over a

given distance of stream travel based on mapped topography. The

topographic stream gradient was calculated by measuring elevation change

over a one half-mile segment (2,640 feet), with the averaged site at the center

of this segment. USGS 7.5-minute topographic maps were used to calculate

gradient. The map contour interval was forty feet; smaller distances were

interpolated.

5.2.2 Sinuosity

Single channel streams, such as the streams in this study, are often

classified by sinuosity (Sin), which is commonly defined by:

Sin = channel length / valley length

or

Sin = channel axis / meander belt axis

The channel axis is the line drawn along the center of the stream and the

meander belt axis is the center of the course occupied by the river (Mount,

1995) (Figure 5.1).
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Sinuosity, is sometimes referred to as Sinuosity Index, or SI. This has

three classes: straight (SI < 1.05), sinuous (SI 1.05-1.5), and meandering (SI>

1.5) (Mount, 1995). The sinuosity can be measured on a map or aerial photo,

or in the field, where channel length is interpreted as thalweg length. As the

purpose of this research is to relate channel stability to hydrobiogeomorphic

features that can be found on maps or a geographic information system, the

sinuosity was determined by map, using an analog map measurer on USGS

7.5 minute topographic maps over the course of a half mile meander belt axis

length, centered at the averaged site.

Channel Axis =

Meander Belt A

Figure 5.1 Sinuosity Terms (after Mount, 1995)

U

U
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5.2.3 Elevation

Elevation (El), as measured in feet above sea level, was determined at

the averaged site position using USGS 7.5 minute topographic maps. The

map contour interval was forty feet, and elevations were interpolated between

contours.

5.2.4 Precipitation

Precipitation (Ppn) was obtained from the U.S. Department of

Agriculture (USDA), Natural Resources Conservation Service (NRCS)

Colorado Annual Precipitation map, at a scale of 1:1,185,000 (USDA-NRCS,

1998) and was taken at the site. This map was obtained from the Spatial

Climate Analysis Service and developed in cooperation with Oregon State

University. "The precipitation data source is National Oceanic and

Atmospheric Administration (NOAA) Cooperative Station Normals (1961-1990)

climate observations, NRCS SNOTEL [for SNOpack TELemetry] Station

normals, and supplemental data by regional and state climatologists and

reviewers. Gridded estimates were derived from station point values using the

Parameter-elevation Regressions on Independent Slopes Model developed at

Oregon State University. The modeled grid was approximately 4 x 4 km
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latitude / longitude and was resampled to 2 x 2 km using a Gaussian filter"

(USDA-NRCS, 1998). Precipitation units are in inches/year.

5.2.5 Geology

Geology is represented by four classes: quatemary alluvium (QA),

sedimentary (Sed), igneous (Ign), and/or metamorphic (Met) rock. Geology

was determined using the USGS Geologic Map of Colorado, at a scale of

1:500,000 (Tweto, 1979). Geologic data for this map were derived from

compilations of 1° x 20 quadrangles. The geology was classified by the

presence (1) or absence (0) of each class at the site.

5.2.6 Land Use and Land Cover

USGS Land Use and Land Cover (LULC) classifications in the research

study area are forested land (For), rangeland (Ra), and cropland or pasture

(CrP). The LULC data were obtained from the Environmental Protection

Agency's systems software package, BASINS (EPA, 1999). BASINS is the

acronym for Better Assessment Science Integrating Point and Nonpoint

Sources. The BASINS software interfaces with and utilizes ESRI Arc View to

provide a Geographic Information System (GIS) specific to analyzing
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watershed data. It was developed to facilitate examination of environmental

information, support analysis on environmental systems, and provide a

framework for examining management alternatives (EPA, 1999). Colorado is

part of Region 8, and the data for this region is comprised in a five-volume

compact disk software package. Oregon State University has a site license for

the integrating framework provided by ESRI Arc View GIS.

The BASINS land use data were originally obtained from the USGS

Geographic Information Retrieval and Analysis System (GRAS) and use the

Anderson Level II classification system. The Anderson LULC classification

system was developed for remote sensor data (Anderson et al., 1976). This

system is summarized on the USGS LULC web site found at

http://edc.usgs.gov/glis/hyper/guide/1_250_lulc, which notes that "Manual

interpretation of NASA high-altitude missions were used as the primary source

for the LULC maps, and secondary sources included earlier land use maps

and field surveys. Polygons were developed with a minimum width of 660 feet

and minimum area of 10 acres. These were later digitized to create the

national digital LULC database."

5.3 Statistical Methods of Analysis

In this statistical analysis, it is assumed that the dependent variable,

channel stability (CS), is a function of six hydrobiogeomorphic predictive
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variables. This would be written as: CS = f (Gr, Sin, El, Ppn, Gel, LULC),

where:

continuous variables

topographic stream gradient (Gr)

sinuosity (Sin)

elevation (El)

precipitation (Ppn)

5.3.1 Pearson's Correlation Analysis

categorical variables

geology (Gel)

land use & land cover (LULC)

Pearson's correlation coefficients are used to define the degree to

which changes in the value of one variable are repeated in the behavior of

another variable. The "correlation coefficient determines the extent to which

values of two variables are 'proportional' to each other" (StatSoft, 2000). For

example, let us suppose that a graph is drawn of a hydrobiogeomorphic

variable (X-axis) against the total channel stability score (Y-axis) and a set of

data values is plotted, If all of the data points lie along a straight line, then

there is a perfect correlation between the variable and total score. The two

variables are changing together at the same pace. Given this, the Pearson

correlation coefficient, r, will equal +1 (positive correlation). On the other

hand, if the hydrobiogeomorphic variable increases in exact ratio to decreases

in the total score, then r would equal -1 (negative correlation). Because a
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lower channel stability score represents a more stable channel, a more

negative correlation represents greater stability. Typically, the Pearson

Correlation Coefficient, r, represents a level of correlation between variables

between +1 and -1. As r approaches zero, absolutely no correlation occurs

(e.g., a cloud of points).

There are 58 data points used in the Pearson's correlation calculations.

The confidence level (alpha) placed on a correlation is related to the Pearson

correlation coefficient (r) and the number of data points (n). Thus the I % and

5% confidence levels for this data set require Pearson correlation coefficient

values as follows:

For n = 58 and alpha = 1%, rshould be> 0.336

For n = 58 and alpha = 5%, rshould be> 0.259

This reads: for a sample of 58 (n), if you want 1% confidence (alpha), the

Pearson's Correlation Coefficient, r, should be greater than positive 0.336 or

less than negative 0.336. For the same sample, if you want 5% confidence

(alpha), the Pearson's Correlation Coefficient, r, should be greater than

positive 0.259 or less than negative 0.259.
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5.3.2 Chi-spuared Analysis

The chi-square test is used to detect if there is a significant difference

between what is observed and what is expected (Longley-Cook, 1970). It is

based on the null hypothesis (H0) that there is no significant difference

between the observed and expected values. The expected values can be

determined by assuming that the total number of observations should be

evenly divided between the categories.

In this analysis, the chi-square analysis tests whether the distribution of

the total channel stability score is uniform or uneven across the categories of

the hydrobiogeomorphic variables. An uneven distribution indicates that there

is a relationship among the variables.

To perform the chi-squared analysis, the data had to be converted to

ordinal scales, which comprise the categories for these variables. The

following ordinal scales followed natural breaks in the data values:

Total Reach Score:

low = 0 to <70, medium-low = 70 to <80, medium-high = 80 to <90, high = 90<

Slope: low = 0 to <0.03, medium = 0.03 to <0.41, high = 0.041

Sinuosity low = 0 to <1.1, medium = 1.1 to <1.2, high = I .2

Elevation: low = 0 to <8,000, medium = 8,000 to<9,000, high = 9,000<

Precipitation: low = 0 to <20, medium = 20 to <30, high = 30
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Geology and Land Use and Land Cover: These categories are binary. A '1'

indicates presence of a specific geologic or LULC type, and a '0' indicates

absence.

5.3.2 Regression Analysis

While correlation coefficients measure the strength of the association

between two variables, regression defines the mathematical function linking

these variables. This function can then be expanded to predict the value of

one variable (Y) from the other (X). Thus, regression is the statistical

relationship between variables and is a common modeling method.

The two types of variables involved in regression analysis are

dependent variables (response variables) and independent variables

(predictor variables). Dependent variables are labeled as Y1, Y2, .. .Yr, and

independent variables are labeled as X1, X2, . . .X. In it's simple form,

regression takes on the formula of a line, Y = a + bX, where V is the

dependent variable, X is the independent variable, a is the Y-axis intercept for

the value X = 0, and b is the regression coefficient. As the position of the line

changes due to different data sets, the equation defining the statistical

relationship between the variables changes to describe the new line.

The regression used in this research was linear regression. In this

analysis, the total reach score is the dependent variable and the predictor
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variables were chosen based on the strength of the results from the Pearson's

correlation analysis. From such analysis, it was found that slope, sinuosity,

quaternary alluvium, igneous rock, forest, and rangeland did not have a strong

enough relationship with channel stability to be used in the regression (results

presented in chapter 6). Thus, the predictive variables used are elevation,

precipitation, sedimentary rock, metamorphic rock, and cropland or pasture

land use.

5.4 Machine Learning Methods of Analysis

5.4.1 Motivation for Using Machine Leaminci Techniques

Statistical techniques are limited in their ability to detect pattern in data

that does not match their assumptions. For example, linear regression can

accurately represent relationships among variables only if the variables follow

a linear relationship. However, variables may follow some pattern even

though it is not well described by commonly used functions. For example, as

displayed in Figure 5.2, if we plot the following (x,y) data set: (0,0), (1,1), (2,2),

(3,3), one can see a linear function that is easily recognized by regression

analysis (a straight line). However, if we plot (0,0), (1,0), (0,1), (1,1), then

regression does not fit the points well, yet clearly there is a pattern (a square).
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Figure 5.2 Patterns Described by Two Data Sets

Data analysis is often limited because scientists are trained in

conventional statistical analysis and information found in some patterns goes

undetected. Alternatives to conventional statistical techniques are found in the

field of machine learning, a sub-discipline of artificial intelligence. As

demonstrated by the graphs in Figure 5.3, it is not that one technique is better

than another; it is that one technique may be a better tool to solve a particular

problem.
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Statistics
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Machine Learning

Figure 5.3 Matching Technique to Problem
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There are several advantages to using machine learning techniques for

modeling and prediction. Unlike many statistical techniques, most machine

learning techniques make no assumptions about the distribution of the data

other than to assume that the distribution of the test data is the same as the

distribution of the training data. Moreover, for some problems, techniques

such as decision trees may represent relationships in a way that more closely

parallels the relationships in the data. Some machine learning techniques can

also produce sets of rules that can be used for interpretation of causal

relationships between attribute values (predictive variables) and output

(dependent variable).

5.4.2 Classification

Most machine learning techniques classify instead of regress; that is,

they predict a discrete output label, such as 'stable' or 'unstable', instead of

using a continuous numeric value, such as 75 or 113, for the total reach score

(TRS). This distinction is important for this research because the data were

collected as numeric scores rather than as discrete classifications. To use

classification algorithms, the predicted product must be in the form of discrete

stability classes instead of integer scores. Here, this is accomplished by

defining two classes: 'stable' and 'unstable'. Therefore, it is necessary to find
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a threshold in the total reach score data to use for classification decisions that

optimizes which values are correctly labeled as stable and which are more

appropriately labeled as unstable.

Membership in the class is defined by 'thresholding' the total reach

scores. For example, if a threshold of 80 is chosen, then any reach whose

reach score is equal to or greater than 80 will be assigned to the unstable

class, and any reach having a score below 80 will be classed stable. The total

reach score chosen for the threshold point is important for two reasons: 1) It

determines what is considered to be stable and, 2) it determines how many

examples end up in each class ('stable' or 'unstable') from the data set. The

first relates to the 'cost' of making an inaccurate prediction, and thus a cost

analysis must be performed before the threshold can be selected (see next

section). The second relates to how difficult the problem is for the learning

algorithm, in that a very high threshold will yield very few examples of

'unstable' from which to learn.

5.4.3 Using Cost Analysis to Choose Class Thresholds

The objective of cost analysis in this research is to break the categories

at a numerical point in the continuous data that minimizes the error of

mistaken labeling when considered in a cost-sensitive context. In linear

regression, error is measured in terms of a sum-squared error, which
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measures the difference between the actual point and the predicted point

(e.g., the value obtained from the line). Typically, in machine learning error

analysis, the error measure is simply the total number of mistakes, without

regard to the relative cost. For example, an error that may result in destruction

(predict stable when it is really unstable) is treated as no more or less

important than an error that results in inconvenience (predict unstable when it

is stable). Such treatment is unsuitable for this particular research application

because primary objectives are to reduce cost (i.e., damages) and increase

safety. Therefore, cost-based error analysis was added as a basis for

selecting the threshold for the stable and unstable categories.

Cost analysis is an analytical tool used in decision-making that attempts

to place monetary values on attributes of human well-being. Often, no market

prices actually exist (e.g., lost lives). In the economic context, cost analysis

utilizes a set of procedures to measure the merit of an action in monetary

terms. For the purposes of this research, cost analysis matrices were

constructed to show a conceptual model of predicting channel stability in a

cost sensitive context.

In addition to the societal costs noted in Chapter 1, costs related to

channel instability might include:

Agricultural decline may occur because of a lower water table or bank

failure, incurring both long-term and short-term costs.
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Riparian decline caused by a lower water table may yield costs

associated with habitat loss, bird loss, pollinator loss, aquatic

biodiversity loss, and water quality filter loss.

Fish habitat loss due to the wrong size sediment or excess sediment

(smothered redds) may also impact commercial fishery interests and

family fishing trips.

Property loss and loss of lives may occur because of unstable banks.

Infrastructure loss may occur if bridges or pipelines are undermined.

The cost analysis matrix is set up in the format displayed in Figure 5.4.

This figure was used to assign costs to each type of prediction. Costs were

based on field investigations, remediation and societal costs. The

performance of the system was measured using the summary of these costs,

instead of just counting the errors. The total system performance was

computed as the sum of the costs associated with each error. The system

was biased to improve performance of correctly identifying the prediction box

that had the highest cost.

REAL
St2bIe (- UnsthblA (+

Stable (-) True Negative (ta): False Negative (f):
PREDICTED Predicted stable and is stable Predicted stable but is unstable

Unstable (+) False Positive (f): True Positive (t9):

Predicted unstable, but is stable Predicted unstable and is unstable

Figure 5.4 Cost Analysis System Output Model Matrix
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5.4.4 Choice of Machine Learning Technique

5.4.4.1 Decision Trees

There are a number of machine learning techniques that could be used

for this research. Decision trees were selected for the analysis because they

have good performance, few control parameters, are fast to train, and the

software is readily available. In some contexts, they can also produce sets of

rules that can be used to better understand their workings and relationships

found in the data. Other machine learning techniques, such as neural

networks, were not used because they are much slower to train and it may be

difficult to choose parameters for control.

Decision trees (Russell and Norvig, 1994) represent sets of rules for

classifying examples as trees of tests, similar to the game of '20 questions'

(i.e., Is it bigger than a bread box? Is it mineral/animal/vegetable?). A tree

consists of nodes, branches, and leaves. The nodes represent tests made on

attributes of the example to be classified (e.g., "Is precipitation <20 inches?").

Branches from a node represent values or ranges of values of the attributes to

be tested (e.g., "precipitation is < 20 inches, "precipitation is >= 20 inches").

Leaves of the tree represent classifications (e.g., "stable" and "unstable").

To classify an example, the attribute corresponding to the root node in

the tree is tested (e.g., "Is elevation <8000 feet?"), then the resulting branch
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from the node is followed to the next node (e.g., "Is the rock type igneous?").

This process of testing attributes and following branches is repeated until a

leaf is reached and the class of the leaf is assigned to the example (e.g.,

"stable").

Representing the rules as a tree provides a compact way to store the

rules and an efficient mechanism for deriving a classification for any given

example. It also allows for easy decoding of the rules used to reach any leaf

classification, i.e., joining the branches along the path using "AND" produces

each leaf's rule. For example, in Figure 5.5, the rule for the bottom "unstable"

leaf is:

IF (elevation <8000 feet) AND (precipitation <20 inches)

THEN Unstable.

Elevation
8OOO1

<8,000 feet

& Igneous

Stable

Unstable

>20 in
Stable

& Precipitation
<2 n.. Unstable

Figure 5.5 Example Decision Tree Format
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The program selected to perform the decision tree analysis is free

research software, called C4.5 (Quinlan, 1993). This program was selected

because it is well known, has been widely used and analyzed by computer

science experts, and has a readily available implementation.

5.4.4.2 Ensemble Methods

Decision trees often perform well if given sufficient training data.

However, in cases such as this research, where the training set is very small,

they can be 'unstable'. 'Unstable' in a machine learning context means that

different training sets can produce very different classifiers with very different

performances. This is because a single classifier's rules depend on the data

they are derived from. In general, machine learning techniques assume that

training and test sets are drawn from the same distribution. If the data sets

are very small, this assumption is difficult to satisfy, so a classifier may be

sensitive to the particular choice of points included in its training set

subsample. If a different random set of training points were drawn, it might

result in different performance. Voting methods attempt to avoid this by

training multiple classifiers and selecting the classification that was determined

the majority of the time (this is referred to as 'voting a set of classifiers'), rather
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than using a single classifier. These voting classifiers are known as ensemble

methods. Bagging is one such method.

Bagging (short for bootstrap aggregation) repeatedly draws with

replacement a subsample of the training set and trains a new classifier (e.g., a

decision tree) for that subsample (Breiman, 1996). Several classifiers result;

one from each 'draw'. This gives an ensemble classifier. It then classifies

examples by choosing the class produced by a majority of the subset

classifiers in the ensemble (Breiman, 1996). Thus a majority vote from

subsets gives the preferred classification. It has been shown that bagging, on

average, results in 63.3% of the training set being represented in each

subsample because the samples are drawn with replacement (Breiman,

1996).

An ensemble classifier was constructed by drawing 50 of these

subsamples and training 50 corresponding individual classifiers (decision

trees), each based on one of the subsamples. To determine whether a stream

is stable or unstable, each individual classifier (decision tree) in the ensemble

is asked to classify the stream reach and cast a vote. The ensemble classifier

then assigns the classification that gets the most votes.



87

5.4.5 Performance Evaluation and Threshold Selection

To evaluate the performance of the classifiers, the stream reaches in

the test set were classified using each of the classifiers developed from the

training set data. These tests were repeated for 13 different thresholds

(breaking points in the TRS data) to try to determine the threshold that

resulted in the lowest total cost. Since the cost of misclassifying 'unstable' as

'stable' dominates all other costs, thresholds were selected that disallowed

any false negative example (see Figure 5.4), at the cost of having some less-

costly false positive examples.

5.4.6 Summary of Machine Learning Analysis

These machine learning techniques were used in combination to build a

set of classifiers to classify the set of streams in the test set as stable or

unstable. The programs were developed in coordination with Dragos

Margineantu, in the Computer Science Department at Oregon State

University. In summary, the overall process (see Figures 5.6, 5.7, and 5.8) is

to:
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1) Split the data into training and testing sets. Set aside the test set

2) Rewrite data sets using classifications based on each threshold.

A) Do one rewrite for each choice of threshold.

3) For each classification threshold,

A) Train a single classifier on the training set using C4.5.

B) Train bagged classifier.

1) Train members of ensemble.

a) Draw training subset.

b) Train individual classifier for that subset using

04.5.

4) Test single classifier and bagged classifier on the test set.

5) Select threshold with best results.
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OriQinal Data

Training Set I

split into test and training
IOriginal

Data Set sandoelecti1'
of one third of the data Test Set

Convert total reach scores into classifications for each example. Choose threshold for
classification decisions.

Train SinQie Classifier (Decision Tree)

I (decision IAlgorithmTraining Set
(C4.5)

Test Classifier

Classifie
(decision y Classification

TraininQ an Ensemble Classifier (see Ficiure 5.7)

TestinQ the Ensemble Classifier (see FiQure 5.8)

FIGURE 5.6 Machine Learning Process
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Figure 5.7 Training an Ensemble Classifier
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CHAPTER 6

RESEARCH RESULTS

"We don't see things as they are. We see them as we are."
- Anais Nm

Several statistical methods and machine learning techniques were used

to analyze the relationships between the hydrobiogeomorphic variables and

channel stability. These included methods aimed at explanation, prediction,

and analytical evaluation. Explanatory methods included Pearson's

correlation coefficient calculations and chi-squared calculations. Prediction

methods included regression analysis, single decision tree analysis, and

bootstrap aggregated decision tree analysis. Analytical evaluation methods

included cost-sensitive learning and receiver operator curves. The results of

these analyses are presented in this chapter.

6.1 Descriptive Results

Table 6.1 displays a summary of the statistical variables used in the

analyses. The data are presented in Appendix A. The dependent variable is
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total reach score (TRS). The six main predictive variables are site specific.

The first four (topographic stream gradient, sinuosity, elevation, and

precipitation) have continuous variables. The last two (geology, and land use

and land cover) contain subclasses represented as binary data, where '0' and

'1' represent absence or presence of a given class. Geology contains four

classes: quatemary alluvium, sedimentary, igneous, and metamorphic. Land

use and land cover contains three classes: forested land, rangeland, cropland

and pasture. The total population (N) equals 58 for all variables.

Statistical
Property

Total
Reach
Score

Topographic
Stream

Gradient
Sinuosity Elevation

(feet)
Precipitation

(in/yr)

Mean 83.02 0.04 1.15 8662 24.18
Median 80 0.04 1.13 8844 22
Std Deviation 15.93 0.03 0.15 1149 8.03
Minimum 55 0.01 1.02 6405 11

Maximum 117.5 0.15 1.95 10750 42

Mean of
Binary Geology Land Use & Land Cover

Cropland!Variables
QA Sed Ign Met Forest Rangeland Pasture

Percentage
of Sites 0.13 0.67 0.23 0.21 0.87 0.69 0.08

Table 6.1 Summary of Statistical Variables
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6.1.1 Total Reach Score

The Total Reach Score represents the TRS obtained from the USDA

FS SRICSE. The mean IRS for the population of sites is 83.02 and the

median is 80, whereas individual values may vary between a minimum of 55

and a maximum of 117.5 (out of a possible range of 38 to 152). The standard

deviation is 15.9.

6.1.2 ToDoQraDhic Stream Gradient

Both the mean and the median values for topographic slope are at 0.04.

The minimum is 0.01 and the maximum is 0.15. The standard deviation is

0.03.

6.1.3 Sinuosity

The mean for sinuosity is 1.15 and the median is 1.13, with a standard

deviation of 0.15. The minimum is 1.02 and the maximum is 1.95.
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6.1.4 Elevation

The mean elevation is 8,662 feet above sea level and the median is at

8,844 feet. The standard deviation is 1,149 feet. The minimum elevation in

the research area is 6,405 feet and the maximum elevation is 10,750 feet.

6.1.5 Precipitation

The mean precipitation noted in the field area is 24.18 in/yr and the

median is 22 in/yr. The minimum is 11 in/yr and the maximum is 42 in/yr.

6.1.6 GeoloQv

The four geologic classifications are categorized as binary data, where

a '1' indicates presence of a specific rock type, and a '0' indicates absence.

Given this, the minimum for all geologic classes is 0, and the maximum is 1.

The 'mean' value in the table represents the percentage of sites with that

classification.

Sedimentary rock dominated the landscape, where 67 percent of the

sites contained sedimentary rock. Less than a quarter of the sites contained
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igneous (23%) and metamorphic (21%) classifications. Thirteen percent of the

sites contained quatemary alluvium.

6.1.7 Land Use and Land Cover

As with the geologic classifications, the land use and land cover

classifications are also categorized as binary data. Similarly, the absence of a

specific LULC classification is represented by a '0' and the presence is

represented by a '1'. Given this, the minimum for all LULC classes is 0, and

the maximum is 1, and the median is 0 or 1, depending on whether the mean

is closest to 0 or to 1.

Forested land and Rangeland were the dominant land uses, where 87%

of the LULC was forested and 69% of the land was rangeland (dual use of

land in some cases). Cropland and pasture comprised 8% of the sites.

6.2 Pearson's Correlation Results

Pearson's product-moment correlation coefficients are used to define

the degree to which changes in the value of one variable are repeated in the

behavior of another variable. The methodology is described in section 5.4.1.

Table 6.2 gives the results for the Pearson's correlation analysis. Significant
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Variable
(N=58)
Slope
Sinuosity
Elevation
Precipitation
QA
Sed
Ign
Met
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Range
CropPasture
Upper Banks
Lower Banks
Channel Bottom
Ttl Reach Score

Changeable
Variable
(N=58)
Slope
Sinuosity
Elevation
Precipitation
QA
Sed
Ign
Met
Forest
Range
CropPasture
Upper Banks
Lower Banks
Channel Bottom
Ttl Reach Score
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Predictive Variable and Correlation to Other Variables

Slope Sin Elev'n Precip QA Sed Ign Met
1.000

-0.147 1.000
0.135 0.185 1.000
0.164 0.010 0.521 1.000

-0.176 0.021 0.142 -0.081 1.000
0M31 -0.120 -0.435 -0.093 -0.168 1.000

-0.062 0.209 0.272 0.279 -0.208 -0.557 1.000
0.180 -0.107 0.339 -0.029 -0.104 -0.506 0.128 1.000
0.233 0.022 0.480 0.357 -0.012 -0.150 0.221 0.010
0.044 0.128 -0.104 0.210 -0.053 0.344 -0.053 -0.204

-0.118 0.043 -0.235 -0.248 0.082 0.173 -0.183 -0.194
-0.018 0.102 -0.447 -0.220 -0.101 0.319 -0.101 -0.376
-0.149 0.176 -0.353 -0.283 -0.079 0.211 -0.166 -0.270
-0.075 0.263 -0.275 -0.309 -0.044 0.170 0.017 -0.256
-0.105 0.218 -0.435 -0.329 -0.089 0.283 -0.110 -0.363

Predictive Variable and Correlation to Other Variables
Cropland Upper Lower Channel Ttl Reach

Forest Range Pasture Banks Banks Bottom Score

1.000
-0.166 1.000
-0.444 0.080 1.000
-0.164 0.087 0.238 1.000
-0.215 -0.039 0.294 0.480 1.000
-0.232 -0.012 0.335 0.298 0.733 1.000
-0.248 0.011 0.351 0.714 0.916 0.822 1.000

Table 6.2 Pearson's Correlation Statistics
Significant interactions at the 1% confidence level are in bold text and

significant interactions at the 5% confidence level are italicized and underlined.
N=58
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interactions at the I % confidence level are highlighted in bold text due to their

importance, and significant interactions at the 5% confidence level are

italicized and underlined. The results are as follows:

6.2.1 TopoQraphic Stream Gradient

Slope showed no significant correlation to total reach score (TRS), any

channel region or to any other hydrobiogeomorphic variable used in the

analysis. These results do not support the alternative hypothesis (Hia), which

notes that an increase in IRS will yield a decrease in stream gradient.

6.2.2 Sinuosity

Sinuosity showed little correlation to total reach score, the upper and

lower bank, or to any other hydrobiogeomorphic variables used in the analysis.

There was a small positive correlation between sinuosity and channel bottom

score (a = 5%).

These results do not support the alternative hypothesis (Hib), which

notes that a decrease in sinuosity will result in an increase in channel

instability (an increase in TRS).
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6.2.3 Elevation

Elevation showed a negative correlation to total reach score (a = I %),

upper banks (a = 1%), lower banks (a = 5%), channel bottom (a = 5%) and to

sedimentary rock (a = 1%). Elevation showed a positive correlation to

precipitation (a = I %), igneous rocks (a = 5%), metamorphic rocks (a = I %),

and forested land (a = I %).

Pearson correlation supports the elevation hypothesis (H1) that

suggests as elevation increases, channel stability increases.

6.2.4 PreciDitation

Precipitation displayed a negative correlation to total reach score (a =

I %), lower bank (a = 5%), and channel bottom (a = 1 %) scores. Precipitation

showed a posiflve correlation to igneous rocks (a = 5%), forested lands (a =

I %), and elevation (a = I %) due to causal factors explained in Chapter 3.

Pearson's correlation analysis supports the hypothesis (Hid) for

precipitation, which notes that lower precipitation will be associated with higher

instability (greater TRS).



100

6.2.5 Geology

Quaternary Alluvium showed no correlation to total reach score,

channel regions, or hydrobiogeomorphic variables. Sedimentary rock showed

a positive correlation to total reach score (a = 5%), upper bank (a = 5%), and

to rangeland (a = I %). Sedimentary rock showed a negative correlation (a =

I %) to igneous and metamorphic rock units and to elevation. Igneous rock

showed a positive correlation to elevation and precipitation (a = 5%) and a

negative correlation to sedimentary rock (a = I %). Metamorphic rock showed

a negative correlation to total reach score (a = I %), upper banks (a = I %),

lower banks (a = 5%), and channel bottom (a = 5%). As already noted,

metamorphic rock showed a positive correlation to elevation (a = I %) and a

negative correlation (a = I %) to sedimentary rock.

Hypothesis (Hie) suggests Quaternary Alluvium will have the highest

association with unstable channels, followed by sedimentary, igneous, and

metamorphic rocks, is not supported. However, the Pearson's Correlation

results show sedimentary rock is associated with unstable channels and

metamorphic rock is associated with stable channels.
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6.2.6 Land Use and Land Cover

Forested land use showed a negative correlation to cropland and

pasture (ci = I %), but did not have a significant correlation to total reach score.

As previously noted, elevation and precipitation both had positive correlations

with forested land (a = 1%). Rangeland showed no correlation to stream

regions or to total reach score and showed a positive correlation (or = I %) with

the presence of sedimentary rock. Cropland and pasture showed a positive

correlation to the total reach score (a = I %) and to both lower bank and

channel bottom regions (a = 5%). Cropland and pasture showed a negative

correlation to forested land use (a = 1%), as already noted

The Pearson's results do not support the LULC alternative hypothesis

(H1f) which suggests that Cropland and Pasture is most likely to be associated

with channel instability, followed by Rangeland, followed by Forested Land.

The results do support the hypothesis that Cropland and Pasture is associated

with channel instability.

6.3 Chi-Square Results

The chi-square test is used to detect significant differences between

what is observed and what is expected. As noted in section 5.4.2, in order to
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perform the chi-squared analysis, the interval scale used in the data collection

is converted to ordinal scales as follows:

Total Reach Score:

low = .0 to <70, medium-low = 70 to <80, medium-high = 80 to <90, high = 90<

Slope: low = 0 to <0.03, medium = 0.03 to <0.41, high = 0.041 <

Sinuosity low = Oto <1.1,. medium = 1.1 to <1.2, high = 1.2<

Elevation: low = 0 to <8,000, medium = 8,000 to<9,000, high = 9,000<

Precipitation: low = 0 to <20, medium = 20 to <30, high = 30<

Geology and Land Use and Land Cover categories are binary. A '1' indicates

presence of a specific rock or land use type, and a '0' indicates absence.

The results of the Chi-square analysis are tabulated in Tables 6.3 and

6.4.

6.3.1 Topographic Stream Gradient

As noted in Table 6.3 the observed categorical distribution does not

seem too different from the even distribution expected. There are more

observations (29 total) in the medium slope category across all channel

stability categories (e.g., 4,9,9,7). The chi-square probability, which reflects

actual versus expected, is 0.79. This means that there is a 79% chance that
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the observed slope values could occur by chance. This data supports the null

hypothesis (Hoa) that a significant relationship between stream gradient and

channel stability does not exist.

Actual Observations
Dependent Variable: Total Reach Score

Predictive Variables L ML MH H Subtotal
Slope L 3 2 3 4 12

M 4 9 9 7 29
H 5 4 3 5 17
Subtotal 12 15 15 16 58

Sinuosity L 4 6 4 5 19
M 6 7 9 4 26
H 2 2 2 7 13
Subtotal 12 15 15 16 58

Elevation L 0 2 8 8 18
M 6 5 4 6 21

H 6 8 3 2 19
Subtotal 12 15 15 16 58

Precipitation L 3 5 5 10 23
M 5 6 8 4 23
H 4 4 2 2 12
Subtotal 12 15 15 16 58

Table 6.3
Chi-square Tests for Slope, Sinuosity, Elevation, and Precipitation
(L, M, H are low, medium, and high for the selected scale intervals)
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Actual Observations
Predictive Variables Dependent Variable: Total Reach Score

Actual L ML MH H Subtotal
QA 0 11 10 13 14 48

1 1 5 2 2 10
Subtotal 12 15 15 16 58

Sedimentary 0 5 9 2 3 19
1 7 6 13 13 39

Subtotal 12 15 15 16 58

Igneous 0 9 12 13 14 48
I 3 3 2 2 10

Subtotal 12 15 15 16 58

Metamorphic 0 6 12 15 14 47
1 6 3 0 2 11

Subtotal 12 15 15 16 58

Forest 0 0 1 5 11 17
1 12 14 10 5 41

Subtotal 12 15 15 16 58

Rangeland 0 5 6 2 9 22
1 7 9 13 7 36

Subtotal 12 15 15 16 58

CropPasture 0 12 15 12 12 51

1 0 0 3 4 7
Subtotal 12 15 15 16 58

Table 6.4
Chi-square Tests for Geology and Land Use & Land Cover

(L, M, H are low, medium, and high for the selected scale intervals)
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6.3.2 Sinuosity

Sinuosity is not as evenly distributed as slope in all categories. The

majority of the observations occur in the medium sinuosity category (26),

followed by low (19), then high (13). This trend is true for all channel stability

categories, except high. When the channel stability total score is high (poor

stability), more sinuosity observations are noted in high sinuosity (7), followed

by low (4), then medium (5). The chi-square probability for this distribution is

30%. This data supports the null hypothesis (Hob) that no significant

relationship exists between sinuosity and channel stability.

6.3.3 Elevation

Total reach score has a strong correlation to elevation. The chi-

squared probability is 1.2%. Notably, no stable channels were observed in the

low elevation category, yet there were an equal number of unstable

observations at medium and high elevations (six each). Similarly, two

observations were noted at medium-low channel stability values at low

elevations, five at medium elevations and eight at higher elevations. The trend

reverses as the total. channel stability score increases. At medium-high and

high total scores, there are eight observations each at low elevations. At

medium elevations, there are four observations at the medium-high total



106

scores, and six at high scores. At high elevations, there are only three

observations at medium-high total reach scores, and two at high total reach

scores. The results of the Chi-square analysis support the alternative

hypothesis (H1), which suggests that as elevation increases, channel stability

improves.

6.3.4 Precipitation

Precipitation shows a similar trend to slope and sinuosity at low and

medium reach scores, namely there are more observations at the medium

precipitation category, and fewer at low and high categories. The medium

observations increase as the score increases. However, when the total reach

score is high (poor stability), there are 10 observations in the low precipitation

category, four in the medium precipitation regions and only two associated

with high precipitation. The chi-squared probability for these observations is

35%. These results support the null hypothesis (Hod) that there is no

relationship between precipitation and channel stability.
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6.3.5 Geology

As noted earlier, the geology categories are binary, where '1' indicates

presence of a specific rock type, and '0' indicates absence.

There are fewer observations of Quatemary Alluvium throughout all of

the total reach score categories. Of note, there are five observations in the

medium-low category, whereas there is only one in the low category and only

two each in the medium-high and high categories. There were a total of ten

observations. The chi-square probability of this distribution is 28.36%.

Sedimentary Rock has a much stronger relationship to total reach score

(chi-squared probability 2.4%). The presence of sedimentary rock increases

as total reach score increases. This is very pronounced at medium-high and

high total reach scores, where there are 13 observations in each category, out

of a total of 15 and 16 observations, respectively. There were 39 observations

of sedimentary rock, making this the predominant geology in the surveyed

region.

There are ten observations of igneous rock, which tend to slightly favor

lower total reach scores. There are three each in the 'low' and 'medium-low'

categories, and two each in the 'medium-high' to 'high' categories. The

probability of observations occurring this way randomly is 80%.

Of the 11 observations of metamorphic rock, nine were observed in the

low to mediumlow total reach score category and two were observed at the

high category. There were an equal number of observations as non-
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observations in the low channel stability score category, which would suggest

no relationship. However, there are much fewer non-observations at the low

category than in any other category, indicating there is a relationship. The chi-

square probability of this is 0.9%. This data supports the null hypothesis (Hoe).

Again, as with the Pearson's Correlation analysis, the Chi-square results show

that there is a significant relationship between sedimentary rock and high

channel stability total reach scores (unstable channels).

6.3.6 Land Use and Land Cover

There is strong evidence of a dependent relationship between total

reach score and forested land. There is a 0.01 % probability that actual versus

expected observations are independent. Forested land is strongly associated

with lower total reach scores. In addition, the ratio of presence to absence of

observations increases as the score decreases. The number of observations

at low and medium low total reach scores are 12 and 14. The number of

observations at medium-high and high are ten and five.

There were 36 observations of rangeland. Of these, there were seven

observations with low total reach scores, nine with medium-low, thirteen with

medium-high, and seven with high. The most predominant difference of

expected to observed was in the medium-high category, where the actual to
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expected ratio was 2:13 instead of 6:7 or 7:6. Other distributions were not as

varied. The chi-squared probability for the rangeland distribution is 10%.

Cropland and pasture had the smallest sample size, with seven

observations. However, of these seven observations, three were in the

medium-high and four were in the high total reach score categories. The non-

observations are evenly distributed except for the medium-low category, which

has 15 observations as opposed to 12 in the others. The chi-squared

probability for cropland and pasture is 6.8%.

These results support the null hypothesis (H). However, as with the

Chi-square results, there is a significant relationship between forested lands

and stable channels.

6.4 Correlation Summary

Research Question I asked: Can relationships between common land

use and hydrobiogeomorphic features and channel stability be determined?

Pearson's and Chi-square correlation analyses were used to investigate these

relationships. In order to evaluate relationships between channel stability (CS)

and land use and hydrobiogeomorphic features, each of the predictive

modeling variables was given an independent alternative hypothesis (H1)

based on an increase in the total reach score (TRS). The results of the
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hypothesis tests are detailed in sections 6.2 and 6.3 and are summarized in

Table 6.5.

Alternative Hypothesis (H1)
(confidence in percent)

Null Hypothesis (H0)

(no significant relationship)
Pearsons Chi-Square Pearsons Chi-Square

Gradient X X

Sinuosity X X

Elevation Inc el = Inc stability

(1%)

inc el = inc stability

(1%)

Precipitation Inc ppn = Inc stability

(5%)
x

Geology sed=unstable (5%)

met = stable (1%)

sed = unstable

(2%)
x x

LU LC cropland and pasture =

unstable (1%)

forest = stable

(0.01%)
X X

Table 6.5 Statistical Correlation Summary.
(An 'X' designates support for a given hypothesis by a statistical technique)

6.4.1 ToDographic Stream Gradient

Both the Pearson's Correlation (a = I %) and the Chi-squared analyses

(Chi-square probability = I %) support the null hypothesis, indicating that an

increase in stream gradient does not increase the total reach score or that no

relationship exists between channel stability and stream gradient.



111

6.4.2 Sinuositv

Both the Pearson's Correlation and the Chi-squared analyses support

the null hypothesis, which states that an increase in sinuosity is associated

with increased total reach score or that no relationship exists between channel

stability and sinuosity.

6.4.3 Elevation

Both the Pearson's Correlation and Chi-square analyses support the

alternative hypothesis (thus reject the null hypothesis) that suggests that as

elevation increases, channel stability improves (total reach score decreases).

6.4.4 Precipitation

The Pearson's Correlation analysis supports the alternative hypothesis

that a decrease in precipitation will result in lowering the stability (greater IRS)

(a = 5%). The Chi-square analysis supports the null hypothesis that suggests

no relationship exists between precipitation and channel stability.
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6.4.5 Geolociy

Both the Pearson's Correlation analysis and the Chi-square analysis

support the null hypothesis, which shows the relationship: Inc TRS > QA> Sed

> Ign > Met> dec TRS does not exist. The Pearson's Correlation analysis

showed a significant, positive correlation (a = 5%) between sedimentary rock

and total reach score. This is supported by the Chi-square analysis that

shows a strong relationship between sedimentary rock and total reach score

(chi-squared probabi'ity = 0.0235). The Pearson's Correlation notes that

metamorphic rock shows a strong negative correlation to total reach score (a =

1%).

6.4.6 Land Use and Land Cover

Both the Pearson's Correlation analysis and the Chi-square analysis

support the null hypothesis, which shows that the relationship: increase TRS>

CrP > Ra > For > decrease TRS does not exist. Pearson's Correlation

analysis strongly suggests that cropland and pasture has a positive correlation

to the total channel stability score (a = 1%). Chi-square results suggest strong

evidence for the total reach score being dependent on forested land (0.01 %

probability). Forested land is strongly associated with improved channel

stability (lower IRS).
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6.5 Regression Results

Two regression analyses were conducted. The first analysis used a

common statistical technique of bootstrapping all data rather than splitting the

data into training and test sets. The second analysis used random training

and test sets containing the same data that was also used in the machine

learning analysis. The second analysis was conducted so that equivalent

comparisons could be made between the regression analysis and the machine

learning analysis since the machine learning techniques had significantly less

data to train on. This comparison will be covered in section 6.6.

In both analyses, the total reach score is the dependent variable and

the predictor variables were chosen based on the strength of the results from

the Pearson's Correlation analysis. The predictive variables are elevation,

precipitation, sedimentary rock, metamorphic rock, and cropland and pasture

land use.

The regression coefficients from both regression analyses are

displayed in Table 6.6. In both cases, the intercept is at the starting range of

the channel stability total reach score and the regression equation is

decremented by the elevation, precipitation and metamorphic values and

increased by cropland and pasture. When the regression coefficients are

derived using the entire data set, the presence of sedimentary rock slightly

increases the score, but it slightly decreases the score when using only the
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training set. Also, cropland and pasture loses nearly all of its importance due

to its small presence being further reduced.

To develop a strong predictive model, the regression equation that

describes the relationship between the variables should have a strong fit. The

adjusted R square shows how much of the variation is explained by the

regression equation. In the strongest data set possible, using all the data,

bootstrapped, the adjusted R square is only 25%, which is quite poor. As

expected, the training data has an even poorer fit at 18%. For this data, the

use of regression supports the null hypothesis (Ho) for research question 2,

which states that a predictive model cannot be developed using this method.

Regression Summary for
Dependent Variable: TRS

ALL DATA
bootstrapped

TRAINING DATA
used in machine learning methods

Adjusted R Square 0.249 0.182
Coefficients Coefficients

Intercept 117.791 128.215
Elevation -0.003 -0.003
Precipitation -0.381 -0.572
Sedimentary Rock 0.507 -0.832
Metamorphic Rock -9.760 -8.694
Cropland & Pasture 9.137 0.902

Table 6.6 Regression Analysis Summary
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6.6 Machine Learning Results

The machine learning results are complex and take on several

combinations. Two predictive modeling methods were borrowed specifically

from machine learning: single decision tree analysis and bootstrap aggregated

(bagged) decision tree analysis (ensemble decision tree analysis). Analytical

evaluation methods include cost-sensitive learning and receiver operator

curves. A cost-based error prediction model was constructed using these

analytical evaluation methods in the context of a Cost Analysis I Prediction

(CAP) model. The cost-based error prediction model was applied to four

classifiers (the first two are both bagged decision tree classifiers): 1)

Probability Estimation Trees (PETs), 2) Lazy Option Trees (LOTs), 3) linear

regression, and 4) single .C4.5 decision trees. The results are measured in

terms of combined model performance.

6.6.1 The Cost Analysis I Prediction (CAP Model

The Cost Analysis / Prediction (CAP) conceptual model is based on the

concept of a confusion matrix, sometimes referred to as a contingency table in

statistics (i.e. a true/false positive/negative matrix). The reference for

understanding this is presented at the top of Figure 6.1, the System Output

Model Matrix. It might be necessary to refer back to this particular template



116

Stable (-)
PREDICTED

Unstable (+)

Stable (-)

Unstable (+)

Stable (-)

Unstable (+)

Stable (+)

Unstable (+)

Stable (-)

Unstable (+)

REAL
Stable (- I instahie (+
True Negative (ta): False Negative (fe):

Predicted stable and is Predicted stable but is
stable unstable
False Positive (fr): True Positive (tn):
Predicted unstable, but is Predicted unstable and is
stable unstable
system OUtPUt Model Matflx

Stable (- I lnstahl (+
True Negative (ta): False Negative (fe):

0 0
False Positive (fr): True Positive (tn):
Iday Iday

1) Immediate Field Investigation Cost Matrix

Stable (- unstable (+i
True Negative (ta): False Negative (fe):

o 0
False Positive (fr): True Positive (tn):
o Full cost of remediation
2) Immediate Remediation Cost Matrix

Stable (- I Instahie (+
True Negative (ta): False Negative (fe):

o Huge* *indudes lost lives
False Positive (fr): True Positive (tn):
o 0

3) Societal Cost/Ultimate Remediation Cost Matrix

Stable (-1 Unstable (+
True Negative (ta): False Negative (f):
0 Huge* *indudes lost lives
False Positive (f): True Positive (tn):
1 day 1 day + Full Cost of

Remediation

System Cost Matrix (Summary Matrix)

Figure 6.1 Cost Analysis I Prediction (CAP) Model
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matrix in order to understand the following four matrices in the CAP model

(Figure 6.1). The CAP model contains three working matrices, 1) the Field

Investigative Matrix, 2) the Immediate Remediation Matrix, and 3) the Societal

Remediation Matrix. These matrices are summed to form the System Cost

Matrix displayed at the bottom of Figure 6.1.

The Immediate Field Investigation Cost Matrix addresses questions

concerning the agency cost to send someone into the field to investigate

channel stability in each case presented in the System Output Model Matrix.

In the case of an unstable prediction (False Positive and True Positive), the

cost to an agency might be one day to investigate the site.

The Immediate Remediation Cost Matrix addresses the agency cost in

manpower and materials (e.g., bulldozers, manpower, geotextiles) if an

identified channel must be engineered. If a stable channel is predicted (True

Negative and False Negative), it will not be investigated, even though it may

actually be unstable. If it is predicted as unstable, but is found stable (False

Positive) by the investigation team, no remediation is necessary. If it is

predicted as unstable and is found to be unstable (True Positive), remediation

costs will be incurred.

The Societal Cost/Ultimate Remediation Cost Matrix assesses the

damages and gains incurred for each cost situation. True Positive, True

Negative, and False Positive cases were dealt with in the immediate field

investigation and the immediate remediation cost scenarios. The False

Negative (predicted to be stable, but was unstable) would be left unchecked
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because it was thought to be stable. Because a field crew would not

investigate and no remediation (if needed) would be performed, these sites

have more potential to result in a high-cost event such as a loss of

infrastructure, property, or life. This is the most cost-sensitive case.

Therefore, the cost analysis techniques are weighted to predict 'unstables'

correctly, so that this 'mistake' never occurs. It is important to recognize that

in other rapid assessment protocol surveys this cost matrix structure may not

apply, and the decision to weigh decisions to always correctly predict

'unstables' might be different.

These matrices are summed to yield the product matrix, the System

Cost Matrix. This matrix summarizes what the total cost is in each predictive

scenario; specifically, it addresses what would be the cost of making a mistake

in the prediction.

6.6.2 Cost-Based Error Prediction: Receiver OI,eratinQ Characteristic Curves

Because the CAP model revealed a choice to eliminate False Negative

predictions (predicted as stable, but is unstable), each of the classifiers tested

in this research produces an estimate of the probability that a given river

channel is unstable. Typically, when an operator wants to know how a

classifierbehaves across a range of settings, cost analysis is not required. If

this was the case with this research, the simplest method of assigning a
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classification using these classifiers and their estimates is to assign the

unstable classification to any channel whose estimated probability of being

unstable is greater than 0.5. However, cost analysis may support a more cost-

effective prediction even though the number of errors may be higher. So this

research constructs a new modeling method incorporating cost sensitivity.

One way to choose this "operating point" for the classifier is to consider

each possible setting of the operating point and determine the cost that would

result if that setting were used on the test set. For example, choosing 0.5 as

the cutoff for the unstable class might allow the classifier to correctly recognize

all but two of the unstable channel examples as unstable while incorrectly

labeling four of the stable channel examples as unstable (i.e., it would have a

false negative rate of two and a false positive rate of four). Changing the

cutoff to 0.3 might allow the classifier to recognize every unstable channel

example as unstable, but incorrectly label ten stable channel examples as

unstable.

The Receiver Operating Characteristic (ROC) curve is a commonly

used method for expressing the relationship between False Positives and

False Negatives as the operating point of a classifier is varied (Provost and

Fawcett, 1997). Figure 6.2 shows ROC curves for one of the experiments in

this research. The curves represent the two methods used to develop the

classifiers using the training data, Lazy Option Trees (LOTs) and Probability

Estimation Trees (PETs). These methods estimate a probability of a particular

classification and these procedures were used in an effort to determine which
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method produced better results (i.e. optimized the total reach score threshold

to determine stable versus unstable classes) (Provost and Domingos, 2000).

On Figu.re 6.2, the False Positive rate (stable classified as unstable) is shown

along the X-axis and the True Positive rate (unstable classified as unstable) is

shown along the Y-axis.

The primary utility of the graph is that it is possible to choose what level

of each error type along the curve is acceptable and set the classifier's internal

parameter to match that performance. For example, the graph shows that

there is a setting of the bagged PET classifier's internal parameters that allows

the given classifier to recognize 100% of the unstable channels in the test set

(desired performance) while only mislabeling 22% of the stable channels as

unstable (denoted by left circle on Figure 6.2). It also shows that to reduce the

number of stable channels that the bagged PETs mislabel to a rate of 11%,

the user will have to accept only correctly recognizing 75% of the unstable

channels.

Note that the value of the classifier's internal parameter (operating

point) that produces each pairing (in this case, the probability cutoff for

classifying an example as unstable) is not shown on an ROC curve. The only

concern in these graphs is to show the tradeoff between the two kinds of

errors as the cutoff is changed. The actual value of the cutoff is considered to

be an internal parameter of the classifier, which is only of interest for the

performance that it produces. For example, using C4.5 it may be necessary to

set the value of the cutoff to 0.2 instead of 0.5 to get correct recognition of all
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unstable examples, but since that value is only used as an internal dial for the

classifier, it's actual value is unimportant to the natural resource user.
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Figure 6.2 ROC Curves
(Circles denote the desired true positive performance)

Each classifier in this research can be parameterized to operate across

a range of tradeoffs between the False Negative and False Positive errors and

across a range of thresholds for the total reach score that is used as the

lowest value for classifying as unstable. To identify the settings of these
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parameters producing the lowest total cost to the user, ROC curves were

developed for each classifier at each Total Reach Score threshold.

Once an ROC curve has been created for a given classifier and

threshold, the cost of each operating point along the curve can be computed.

Each point on the curve corresponds to a particular number of False Positives

(FP) and False Negatives (FN). The cost of operating the classifier at that

level across all examples in the test set is then:

cost = (cost(f) * FP) + (cost(f) * FN) + (cost(t) * TP) + (cost(t) * TN)

The system cost matrix (summary matrix) shown at the bottom of Figure 6.1

shows the individual classification costs as they are displayed in Table 6.7.

ACTUAL PREDICTED COST

Stable Unstable cost(f) = I day

Unstable Stable cost(f) = huge- ( infrastructure, property, lives)

Unstable Unstable cost(t) = I day plus full cost of remediation

Stable Stable cost(t) = nothing

Table 6.7 Individual Classification Costs
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For bagged and single decision trees, thresholding the dependent

variable into unstable and stable classifications is performed prior to analysis.

In the case of regression, this thresholding can be applied to the classification

results to optimize a breaking point in the total reach score. Figure 6.3 shows

how these processes compare.

6.6.3 Cost-based Error Prediction Apølied to Baaaed Classifiers

ROC curves were developed for two bagged classifiers: Probability

Estimation Trees (PETs) and Lazy Option Trees (LOTs). For example, there

is one ROC graph for bagged classifiers when 'unstable' is considered to be

any total reach score greater than 80. There is another graph for bagged

classifiers when 'unstable' is considered to be any total reach score greater

than 81, and so on. There is a graph for several total reach scores in

Appendix B, and Figure 6.2 represents one example.

The results of choosing the best point on each threshold, using LOTs

and PETs, are summarized in Figure 6.4. For example, it shows that the

bagged PET classifier achieves its lowest False Positive rate (i.e., 0.22) when

the unstable threshold is 80 or 81 (note: threshold values above 95 are

disregarded for reasons explained in Chapter 7). Given the training data,

there were only 13 threshold points greater than or equal to 80 that produced

unique ROC curves. Any points in between these 13 points produced the
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same curves because there were no corresponding examples in the training

set.
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As displayed in Figure 6.4, both PETs and LOTs were able to get 100%

of the True Positives (predicted unstable and is unstable) for every threshold
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tested using bagged data. Figure 6.4 shows that the optimum, reliable

performance occurred using PETs at a threshold of 80 and 81 for the Total

Reach Score (threshold 81 was used as the ROC example in Figure 6.2). As

shown in Figure 6.4, at these thresholds, the method showed 100% of the

unstables could be correctly labeled as unstable (True Positive), while

minimizing the cost of falsely labeling stables as unstable to 22% of the stable

data points. This false positive cost is paid in field days to investigate the sites

and realize the error.

6.6.4 Cost-based Error Prediction ApDlied to Linear Regression Results

In order to make equivalent comparisons between statistical and

machine learning classifiers and improve the models, cost-based error

prediction methods were also applied to both regression results and single

decision tree results using equations formulated in Microsoft Excel (Appendix

C). The results of applying cost-based error prediction to regression results,

using the entire data set and just the training set, are displayed in Figure 6.5.

This figure shows that the optimum total reach score threshold occurs at 86

when trained on all data, where all True Positive (predicted unstable and is

unstable) cases are accounted for, with 25% of False Positives (stable called

unstable) occurring (denoted by circles). That is, given the regression results,

stable classification is optimized as having a total reach score of less than 86
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and unstable classification is greater than or equal to 86. For the training data

only, the optimal total reach score threshold occurs at 84, where 100% True

Positive cases are noted, with 50% of the False Positive cases occurring.

6.6.5 Cost-Based Error Prediction ADDlied to Single Decision Tree Results

6.6.5.1 Single Decision Tree Outputs

Sometimes a simple decision tree performs better than a complex one

on previously unseen data, so complete decision trees are often 'pruned' after

they are built (Witten and Frank, 2000). This consists of replacing subtrees

with single leaves to improve accuracy on the test set (Witten and Frank,

2000); the pruning system is often built into the classifier software. A single

decision tree classifier result from C4.5 looks like this:

Read 38 cases (13 attributes) from ex.80.data
Decision Tree:

rangeland = 0: U (5.0)
rangeland = 1:
I

metamorphic = 1: S (7.0/1.0)
I

metamorphic=0:
I I

quaternary alluvium = 1: S (4.0/1.0)
I I

quaternary alluvium = 0:
I I I

forested = 0: U (4.0)
I I I

forested=1:
I I I I

precipitation <= 38: U (15.0/6.0)
I I I I

precipitation > 38 : S (3.0)
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The explanation for a single decision tree in this format is: Given 38

training cases, each with 13 attributes, when using a threshold of 80 as the

total reach score. Where rangeland is not present, five of the training

examples show unstable channels. When rangeland is present, channel

stability is stable if there is metamorphic rock in seven out of eight cases.

Where rangeland is present, but metamorphic rock is absent, and quatemary

alluvium is present, it is stable in four out of five cases. Where rangeland is

present, and both metamorphic rock and quaternary alluvium are absent, and

forest is absent, 4 cases are unstable. Where rangeland is present, and both

metamorphic rock and quatemary alluvium are absent, and forest is present

and precipitation .is less than 38 inches, 15 out of 21 cases are unstable. In

this setting, at sites with greater than 38 inches, all three cases are stable.

The rules would be written as:

If ( rangeland 0 ) then Unstable

If ( rangeland == 1) then Stable

if ( rangeland == I & metamorphic == 1) then Stable

if (rangeland == I & metamorphic == 0 & quaternary alluvium == 1)

then Stable

if (rangeland == I & metamorphic == 0 & quaternary alluvium == 0

& forested == 0) then Unstable

if (rangeland == I & metamorphic == 0 & quaternary alluvium == 0
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& forested == I & precipitation <= 38) then Unstable

if (rangeland == I & metamorphic == 0 & quaternary alluvium == 0

& forested == I & precipitation> 38 ) then Stable

This would be followed by evaluation of the data from the unpruned and

pruned (p) decision tree and then followed by the unpruned and pruned test

data results for each classifier. These data are given in Appendix D for all

thresholds for unpruned and pruned training and test sets.

A single decision tree is worth trying because it: I) produces rules that

can be understood, and 2) is a common and easy to use method that acts as a

good benchmark for comparison. Unlike PETs and LOTs, 04.5 cannot be

bagged because 04.5 gives poor probability estimates and it is necessary to

have good probability estimates when working with cost-sensitive problems.

PETs and LOTs were invented to get good probability estimates specifically

for this purpose.

6.6.5.2 Cost-based Error Prediction Applied to Decision Tree Resu/ts

Figure 6.6 shows results for 04.5 single decision trees in the same

format as that used for regression. It shows the True Positive (predicted

unstable, and is unstable) and the False Positive (predicted unstable, but is

stable) rates for each threshold for both unpruned decision trees and pruned
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decision trees. Both the unpruned and pruned C4.5 decision trees are able to

detect 100% of the True Positives at a threshold of 81. At this threshold, the

pruned version has a False Positive rate of 44% and the unpruned decision

tree has a False Positive rate of 56%.

6.7 Modeling Summary

Research Question 2 asks: Can a predictive model be developed to aid

in identifying unstable areas for the purpose of land management? The

hypothesis (H2) for Research Question 2 suggested that a predictive model

could be developed if relationships between channel stability and land use and

hydrobiogeomorphic features could be determined. The null hypothesis (Ho)

noted that a predictive model could not be developed.

Neither the regression analysis nor single decision trees provided a

strong predictive model, and therefore both support the null hypothesis. In

contrast, the sequence of machine learning techniques, which included cost-

sensitive analysis, receiver operator characteristic curves, bootstrap

aggregation (bagging) and decision tree analysis, in combination, provided

tools for a successful predictive model and supports the hypothesis (H2) for

Research Question 2 which states that a model could be developed.
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CHAPTER 7

DISCUSSION

"Our fundamental task as human beings is to seek out connections

-to exercise our imaginations. It follows, then, that the basic task of education

is the care and feeding of the imagination."

- Katherine Paterson

7.1 Conceptual Model Using Statistical Correlation

Ideally, a model should provide explicit information to direct field site

investigations. Statistical correlation methods provide information that can be

used to draw a conceptual diagram (Table 7.1) of the hydrobiogeomorphic

features that influence channel stability (statistical significance, C.l. 5%).

This model can be used as an effective guide in specific cases, but cannot be

used to cover the majority of situations. For example, if a site is at a very high

elevation, receives high precipitation, has metamorphic rock, and is forested, it

is likely to have stable channels. Similarly, if a site is at a low elevation, has

little precipitation, has sedimentary rock, and has cropland and pasture, that

site should have a high priority for a channel stability investigation.
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However, there is no set value on the continuous-scale variables to

define the breaking point for what is considered 'high elevation' or 'high

precipitation'. Similarly, there is no context to accurately describe

combinations of predictive variables. For example, should a site be

investigated which has metamorphic rock, cropland and pastureland land use,

at a low elevation? What is considered to be a low elevation? What is

considered unstable? Humans must still make a judgment.

Continuous Data Categorical Data

HYDRO- GEOLOGY LAND USE
BIOGEOMORPHIC AND

VARIABLES LAND COVER

STABLE increase Elevation Metamorphic Forest
increase Precipitation

UNSTABLE decrease Elevation Sedimentary Cropland and
decrease Precipitation Pasture

Table 7.1 Conceptual Model based on Pearson's and Chi-square Analyses

In the context of a mappable product, where areas to target channel

stability investigations could be coded for prioritization, the majority of the map
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would be undefined because the majority of the data would be in undefined

combinations. While correlation provides information on trends in the data, its

predictive power in this application is restricted to broad and undefined

statements rather than explicitly defined guidelines.

7.2 Cost Analysis Discussion

Incorporating costs into the analysis insures that safety and cost-

effectiveness are integrated into the decision making process. To guide this

effort, agencies can construct a cost analysis system output model based on

the Cost Analysis / Prediction (CAP) model described by this research to meet

their specific needs. This can be used as the basis for cost-based error

prediction. Cost-based error prediction methods are useful in that they enable

results to be optimized if one factor is considered to be more important than

another or to trade off costs against each other if no single factor dominates.

Another advantage of the classification approach used in this research is that

if costs change over time, an operator does not have to retrain the classifier.

In this research application, the cost of a False Negative is several

orders of magnitude larger than any other cost; the cost of a single False

Negative error dominates the total error across all examples. This means that

to minimize total cost, the primary concern in setting the classifier's operating

point is that it must be chosen so that no False Negatives are allowed. Note,
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this is true regardless of the specific numeric value assigned to the False

Negative, as long as that value is significantly greater than other costs. This

means, it is not necessary to spend a lot of time and effort getting exact values

correct in the cost table. This would not be true if the costs of each different

entry in the table were more commensurate with each other.

Since there is generally a range of operating values prohibiting False

Negatives, a specific point within the range can be chosen by picking the one

giving the smallest number of False Positives. Choosing this point on each

graph yields a single operating point for comparing the different classifiers with

each other and across different choices of the Total Reach Score threshold for

what is considered to be unstable. Figure 6.2 shows a plot of these points for

two different classifiers (PETs and LOTs).

This research demonstrates that cost analysis can also be used on

regression results (or another classifiers results). This may reduce

subjectivity when thresholding classifications (e.g. when determining a point to

divide stable from unstable given a range of total reach scores, in order to

direct field investigations). As regression isa popular modeling tool and most

agencies have access to statistics packages and are familiar with regression,

this thresholding technique may be advantageous, particularly if regression fits

their data and they are able to produce a successful model.
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7.3 Performance Comparison

Table 7.2 displays a comparison of the performance for the modeling

techniques evaluated in this research. In each case, the experimental model

was built using the same random training data set and applied to the same

test data set. The exception is that regression was also trained and tested on

the full data set (bootstrapped) regression model in an effort to duplicate the

standard operating procedure among trained statisticians. The full-set

regression cannot be used in the comparison, as it has more training data; it is

however, interesting to observe how these results compare to the other

results. In particular, when using one third less training data, the bagged

decision trees had much lower error rates (LOTs at 29%, PETs at 22%).

Table 7.2 shows the best performance achieved by each classifier and

the total reach score threshold when it was achieved. The best performance

is indicated by a True Positive rate of 100 (all 'unstables' are correctly

predicted), while minimizing the number of False Positive predictions (predict

unstable but is stable), shown as bold typeface in Table 7.2. This reduces the

overall cost while increasing safety.

Given those criteria, both the Probability Estimation Trees

(PETs) and the Lazy Option Trees (LOTs) appear to outperform the other

classification techniques at a threshold of 111. However, this is misleading

because the threshold of the optimum performance (111) is too high to

produce reliable results. As the total reach score increases, the number of
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'unstables' available in the data at and above a given total reach score

decreases.

PERFORMANCE THRESHOLD APPLIED THRESHOLD
COMPARISON BEFORE AFTER

CLASSIFICATION CLASSIFICATION

Classifier BAGGED DECISION UNBAGGED C4.5 REGRESSION
TREES DECISION TREES

LOTs PETs Unpruned Pruned Training Full

Set Set

TRSThresholdof 111* 95 111* 80 81 81 84 86
Best Performance *few *few &

data data 81
True Positive
Rate at Best 100 100 100 100 100 100 100 100
Performance

(in%)
False Positive
Rate at Best 13 29 11 22 56 44 50 25
Performance

(in%)

Table 7.2 Performance Comparison

This concept is illustrated in Figure 7.1, which shows the data

composition at each threshold. The top graph shows 'stables'; the bottom

graph shows 'unstables'. At a total reach score of 111, there are only three

data points for unstable channels in the training set and one unstable channel
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data point in the test set. Given this, there are very few examples of unstable

to train or test a classifier. Consequently, the results may be due to chance.

Based on the values in Figure 7.1, any threshold above 95 is disregarded in

this research due to too few unstable channel data points. Given this, the best

reliable performance from PETs actually occurs at thresholds of 80 and 81,

where the False Positive rate is at 22% when the True Positive rate is 100%.

LOTs best performance occurs at a threshold of 95, with 100% True Positive

and 29% False Positive rate (see Figure 6.3).

Given these constraints on the threshold, the Probability Estimation

Trees (PETs) produced the best performance among all modeling techniques.

For this particular data, this technique would be chosen to define criteria to

prioritize field investigations. Based on these results, LOTs would be the

second option.

Of the remaining techniques, it appears that regression, using a full set

(bootstrapped), performs well. However, as noted earlier, regression cannot

be used in the comparison, because it was trained on a larger training set than

the machine learning algorithms. Its utility is to demonstrate cost analysis

performance to statisticians who regularly use bootstrapped data on

regression (a common technique). Given that, this research demonstrates

that even a single (unbagged), pruned C4.5 decision tree outperforms

regression when trained on the same data (pruned 44%, regression 50%). As

mentioned earlier, it is likely that this results because the classifiers used here

do not assume that the relationships in the data are linear, and thus are better
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suited to analyze non-linear natural resource data. As noted in Table 7.2, the

pruned decision tree out-performed the unpruned decision tree (regression

outperformed the unpruned decision tree). As mentioned in Chapter 6, pruned

(simplified) decision trees often outperform unpruned trees on previously

unseen data (Whitten and Frank, 2000).

These results suggest that if an analyst were unfamiliar with bagging,

but able to use either decision-tree software or regression software and to

apply cost-based error prediction to the results as described by this research,

the best analysis choice might be to use pruned decision trees.

7.4 Technique Comparison

There are advantages and disadvantages to each of the modeling

techniques explored in this research, including ease of use, familiarity,

availability, data assumptions, interpretation, and performance. Some of the

advantages and disadvantages will vary with the research problem. The

advantages and disadvantages outlined and presented in Table 7.3 are given

in the context of this research.
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7.4.1 Linear Regression

Linear regression is the most commonly used analytical modeling

method. Its advantage lies in the fact that many analysts are familiar with

statistics, statistical regression, and statistical packages. It is also easy to

understand linear regression and its results. A disadvantage to linear

regression is that the data used to build the classifier must have a linear

structure. This is often not the case with natural resource data. In this

research, linear regression provided a poor fit.

Regression was not successful in modeling this particular data set.

Even when regression was conducted on the entire data set, and

bootstrapped to improve performance, the variation explained by the adjusted

R square was only 25%. With just the training set used (instead of the entire

set), the fit was only 18%, which is quite poor. This may be because linear

regression is successful only if the structure of the data is linear. Natural

resource data are often non-linear; thus, regression may not be an appropriate

modeling tool in many cases.
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TECHNIQUE THRESHOLDING APPLIED BEFORE THRESHOLDING
COMPARISON CLASSIFICATION APPLIED AFTER

CLASSIFICATION
BAGGED UNBAGGED

Classifier DECISION TREES DECISION TREES REGRESSION
PETs and LOTs C4.5

Advantages Good probability Gives rules, so is People are
estimates explanatory familiar with and

use it
Good fit Only data

assumption is that Explanatory
Only data there is the same
assumption is that distribution Lots of software
there is the same between training
distribution and test sets
between training
and test sets

Disadvantages Cannot interpret Bad probability Bad fit
estimates

Need expertise Results are wrong
Bad fit, so some
rules are wrong Assumes data

have linear
structure

Table 7.3 Technique Comparison

7.4.2 Decision Trees

Although many scientists are less familiar with decision tree analysis

than with regression, decision trees are becoming more commonly available

and several software packages (such as C4.5) are available. Like regression,

the results from a single C4.5 decision tree are easy to understancL Single



144

decision tree results are presented as readable rules. Another advantage is

that that the only data assumption is that there is the same distribution

between the training set and test set. This makes decision trees worth

considering for use on non-linear data.

The disadvantage of single C4.5 decision trees in this application is

that, because it is a small data set, they have bad fits. Therefore the single

decision tree rules have a high probability of being wrong. If the original data

sets are small, then there is a poor generalization to the test set. Even if there

are enough training data, single decision trees may perform well and produce

good rules, but still will not give good probability estimates. Given this, they

will not work well in the cost-based methods shown in this research because

these methods depend on good probability estimates to be able to make

confident trade-offs between True Positives and False Positives.

7.4.3 Baqqed Decision Trees

Bagged decision trees, such as Lazy Option Trees and Probability

Estimation Trees, share the advantageous data assumptions with single

decision trees. Other advantages include good fits and good probability

estimates, so the results have high confidence. One disadvantage is that the

output is not explanatory (cannot meld 50 different sets of rules). The primary

disadvantage is that, currently, someone with knowledge of these techniques
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must apply them in order to correctly use the programs and to understand the

results and any artifacts that may arise.

7.5 Machine Learning Discussion

Machine learning techniques resolved many of the problems found in

statistical analysis. The machine learning techniques used here were useful in

that they can fit non-linear data. The only assumption needed in the original

data is that the composition is similar in each set when the data are randomly

segregated into training and test sets. These machine learning techniques

are also well suited to categorical data, continuous variable data, and multiple

combinations of data. While machine learning is traditionally used on large

data sets, this research has shown that it may sometimes be effectively used

on small data sets.

Unlike statistical methods, a single decision tree's rules provide

definable guidelines for accepting or rejecting a site for investigation. For

example, according to the tree shown in section 6.6.4, if there is no

metamorphic rock and there is quaternary alluvium then the channel reach is

stable. But if this case exists and the precipitation is greater than 38 inches

per year, then it is unstable. Continuous predictive variables are explicitly

defined. For example, instead of using the term 'high elevation', decision trees

can produce a statement such as 'greater or equal to 9,000 feet above sea
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level'. While single decision trees did not provide the best results with good

probability estimates using this data set, they are worth considering for other

data sets where more data may be available.

This research has shown that a bagged classifier can provide

information for a variety of scenarios and eliminate much subjectivity,

particularly when used with a cost-based error prediction technique utilizing

Receiver Operator Characteristic curves to optimize thresholds. This

information can then be used to construct a map coded to prioritize field crew

investigations as follows:

The data contained in Geographic Information System (GIS) map layers

can be used in the same way that the data in the test set was used. Each

layer can be built to contain information useful to the model. In this case, the

layers would include slope, sinuosity, elevation, precipitation, geology, and

land use. The operator would determine a partitioning of the map into cells of

a fixed size. The information from each of these cells would be input into the

trained model, just as done with the test data. The result would be a 'U' for

unstable or an 'S' for Stable. GIS can automatically generate an input file for a

classifier and read the output classifications to generate a map of stable or

unstable channel reaches. It can even include probability estimates on the

map to indicate uncertainty. Neighboring regions with the same classification

could be merged and colored with a border defining the mappable unit. These

maps could be used by land managers to prioritize field investigations.
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CHAPTER 8

SUMMARY AND CONCLUSIONS

"It is important to use all knowledge ethically, humanely, and lovingly."
-Carol Pearson

8.1 Summary and Conclusions

Rapid assessment protocols (RAPs) are commonly used to collect,

analyze, and interpret a variety of stream data to assist diverse management

decisions. Even aided by RAPs, it is still expensive to send investigative

teams into the field. Thus, many sites go unmonitored. This research sought

to develop an automated system to prioritize these investigations so as to

reduce the number of person hours required. This system can use readily

available office materials and make reliable predictions that are based on

reducing costs while increasing safety.

This research developed a modeling method to predict the dependent

variable of a RAP in an effort to improve accurate prediction, weighted for cost

effectiveness and safety. This method was developed using channel stability

(USFS RAP) data collected from 60 high-elevation streams in the Upper

Colorado River Basin. This research sought to understand the relationships of
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channel stability to several hydrobiogeomorphic features, easily derived from

paper or electronic maps, in an effort to predict channel stability. Given that

the RAP used was developed to evaluate channel stability, the research

sought to determine: 1) relationships between channel stability and common

land-use and hydrobiogeomorphic features, and 2) if a predictive model could

be developed to aid in identifying unstable areas while minimizing costs, for

the purpose of land management.

The dependent variable, representing channel stability, was

characterized by the total reach scores obtained from the surveys. The

predictive variables were several hydrobiogeomorphic features thought to

affect channel stability, which could be obtained or derived from maps

commonly housed in an agency office. These hydrobiogeomorphic features

included four site-specific, continuous numerical variables for each channel:

sinuosity, topographic gradient, elevation, and precipitation; and two site-

specific categorical variables: 1) land use and land cover, and 2) geology. The

sub-categories in land use and land cover were a) forested land, b) rangeland,

and c) cropland and pasture. The sub-categories in geology were a) igneous

rock, b) metamorphic rock, c) sedimentary rock, and d) quatemary alluvium.

Sinuosity, gradient, elevation, and geology were obtained from paper

maps produced by the USGS. Precipitation was obtained from a map

provided by the USDA NRCS. The land use and land cover data were

obtained from a publicly-savailable geographic information system that linked

ArcView (ESRI) with data provided by BASINS (EPA, 1999).
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Statistical analyses were used to seek correlations between channel

stability and predictive variables supplied by mapped information. These

analyses included Pearson's analysis and Chi-squared analysis.

It was found that both Pearson's and Chi-Square correlation methods

showed that: 1) an increase in elevation was significantly correlated to an

increase in channel stability, and 2) that the presence of sedimentary rock was

correlated to instability. Furthermore, chi-square correlation showed a

significant relationship between forested land and stability. Pearson's

correlation showed that an increase in precipitation was correlated to an

increase in stability and that the presence of cropland and pasture was

correlated to instability.

While these correlations suggest associations as to which

hydrobiogeomorphic features influence channel stability, this information only

provides subjective guidance to land managers. The product cannot be used

to generate maps to guide field investigations.

The results of the Pearson's correlations were used to build and test

classification models using randomly selected training and test sets. The

modeling techniques assessed were linear regression, single decision trees,

and bagged (bootstrap aggregated) decision trees. A cost analysis I

prediction (CAP) model was developed and, when coupled with receiving

operator characteristic curves, a cost-based error prediction method was

created to incorporate cost-effectiveness and safety into each of the models.
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The models were then compared based on their individual performances for

prediction, and on their operational advantages and disadvantages.

It was found that a reliable predictive model could be produced by the

use of a method integrating a CAP model, receiving operator characteristic

(ROC) curves, and bagged decision trees. It was further found that if bagged

decision trees are unavailable, single decision trees outperformed statistical

regression, when used on the same data. In addition, it was found that the

bagged decision tree, when coupled with the cost-based sensitive error

prediction model, provides a system that can be used in conjunction with a

geographic information system to produce maps to guide field investigations.

8.2 Significance of Results

Natural resource data are typically non-linear and complex, yet

modeling methods often use statistical analysis techniques, such as

regression, that may be insufficient for use on this type of data. This research

produced an innovative modeling method based on pattern recognition

techniques borrowed from the field of machine learning. These techniques

make no assumptions about data distribution, can fit non-linear data, can be

effective on small data sets, and can be weighted to include relative costs of

different predictive errors. This research contributes to the field of natural
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resources by providing an additional way of analyzing data to provide specific

predictions with high confidence and minimal risk.

8.3 Recommendations for Future Research

Future research should be directed at integrating geographic

information systems (GIS) with machine learning analysis with a user-friendly

interface. The GIS system could provide data on regional

hydrobiogeomorphic features along rivers of interest. Such data could be

applied to a program using the bagging, cost-analysis and decision tree

methods described in this research. The next step would be to take

information gleaned from machine learning techniques and provide a data

table that could be input back into the GIS. The product would be a map

identifying stable and unstable reaches in a cost-sensitive context.

Another recommendation is to apply the analytical methodology used in

this research to other rapid assessment protocols. As these techniques have

been widely used since the 1980's, there should be a wealth of data available

to support such research.

The modeling processes used in this research can be applied to a

variety of other natural resource questions. It is possible that many old data

sets can be reanalyzed with these techniques in hopes of finding new

information. These methods can also be applied to remote sensor data in a

manner similar to that described for GIS at the end of section 7.5. Current
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research plans include using the methods and models developed and

described by this research to solve a variety of prediction questions using

different, unrelated data sets to see how this method performs. The

possibilities for applying the analytical tools developed by this research are

immeasurable. This is only the beginning.
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CHANNEL STABILITY SURVEY DATA
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Channel Stability Data

TRS Total
Rank ID Slope Sin El Ppn QA Sed Ign Met For Range CropPL Score

1 0.14 1.02 10065 22 0 0 0 1 1 0 0 55
2 0.06 1.15 10120 22 0 1 0 1 1 1 0 57
3 0.04 1.07 8540 42 0 1 1 0 1 1 0 60
4 0.04 1.2 8720 26 0 1 0 0 1 1 0 64
5 0.03 1.13 10320 30 0 0 1 1 1 1 0 65
6 0.03 1.1 9020 19 0 0 0 1 1 0 0 65
7 0.01 1.22 8982 27 1 1 0 0 1 1 0 67
8 0.07 1.1 9504 42 0 1 0 0 1 1 0 67
9 0.02 1.15 8950 42 0 1 0 0 1 1 0 67

10 0.05 1.1 8570 19 0 0 0 1 1 0 0 69
11 0.05 1.03 9180 21 0 0 1 1 1 0 0 69
12 0.01 1.05 8907 19 0 1 0 0 1 0 0 70
13 0.05 1.13 10160 30 0 0 1 0 1 1 0 70
14 0.03 1.07 8340 19 1 0 0 0 1 0 0 72
15 0.001 1.13 8125 19 0 0 0 1 0 1 0 72
16 0.03 1.24 9980 22 1 0 0 0 1 0 0 73
17 0.04 1.19 9868 25 1 1 0 0 1 0 0 74
18 0.01 1.03 7725 33 0 0 1 0 1 1 0 75
19 0.05 1.1 8190 17 0 1 0 0 1 1 0 75
20 0.04 1.1 9363 34 0 1 0 0 1 1 0 76
21 0.13 1.08 8400 19 0 1 0 0 1 1 0 76
22 0.03 1.08 9040 24 1 0 0 0 1 0 0 76
23 0.06 1.13 10510 23 1 0 0 1 1 1 0 77
24 0.04 1.1 9370 34 0 0 0 1 1 0 0 77
25 0.04 1.08 7350 15 0 1 0 0 1 1 0 78
26 0.03 1.08 8467 20 0 0 1 0 1 0 0 78
27 0.04 1.22 9180 27 0 1 0 0 1 1 0 79
28 0.05 1.13 9800 30 0 0 1 0 1 1 0 80
29 0.02 1.08 7645 23 0 1 0 0 0 1 0 82
30 0.03 1.08 7687 20 0 1 0 0 1 0 0 83
31 0.04 1.13 7793 23 0 1 0 0 1 1 0 83
32 0.04 1.13 7100 14 1 1 0 0 0 1 1 83
33 0.03 1.11 8844 26 1 1 0 0 1 1 0 84
34 0.03 1.02 7700 17 0 1 0 0 0 0 1 85
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Channel Stability Data (continued)

TRS Total
Rank ID Slope Sin El Ppn QA Sed Ign Met For Range CropPL Score

35 0.03 1.09 8260 17 0 1 0 0 0 1 0 85
36 0.02 1.17 9754 26 0 1 0 0 1 1 0 87
37 0.05 1.13 7952 15 0 1 0 0 1 1 1 88
38 0.15 1.17 8635 38 0 1 0 0 1 1 0 88
39 0.04 1.17 8180 22 0 1 0 0 1 1 1 89
40 0.03 1.1 7482 20 0 1 0 0 0 1 0 89
41 0.009 1.95 9876 22 0 0 1 0 1 1 0 90
42 0.03 1.23 7890 19 0 1 0 0 1 1 0 90
43 0.03 1.07 6405 17 0 1 0 0 0 1 0 91
44 0.05 1.1 6422 11 0 1 0 1 0 1 0 93
45 0.05 1.25 10750 30 0 0 1 1 1 0 0 94
46 0.03 1.1 8450 17 0 1 0 0 1 0 0 94
47 0.01 1.2 8917 24 1 0 0 0 0 1 1 95
48 0.03 1.05 7398 19 0 1 0 0 1 0 0 98
49 0.02 1.05 8963 19 0 1 0 0 1 0 0 98
50 0.05 1.03 7680 19 0 1 0 0 1 1 0 103
51 0.04 1.31 7354 17 0 1 0 0 1 0 0 103
52 0.02 1.1 7560 15 1 1 0 0 1 1 0 105
53 0.03 1.02 8840 23 0 1 0 0 1 1 1 106
54 0.04 1.17 9534 26 0 1 0 0 1 1 0 111
55 0.04 1.32 6760 13 0 1 0 0 0 1 1 113
56 0.02 1.25 8460 22 0 1 0 0 0 0 1 116
57 0.08 1.2 8107 30 0 1 0 0 1 1 0 117
58 0.05 1.2 7237 17 0 0 1 0 1 0 0 118
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APPENDIX B

ROC CURVES FOR BAGGED CLASSIFIERS
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TOTAL REACH SCORE THRESHOLD: 95

ROC graph: Total Roach Score for Threshold of Unstable =
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TOTAL REACH SCORE THRESHOLD: 103

ROC graph: TotaJ Reach Score for Thre3IoId of Un.tab1e =103Ii Ii 1-i
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APPENDIX C

COST-BASED ERROR PREDICTION METHODS
APPLIED TO REGRESSION AND SINGLE DECISION TREE RESULTS



COST-BASED ERROR PREDICTION METHODS APPLIED TO
SINGLE DECISION TREE RESULTS

THRESHOLD 80

Training
FP FN TP TN TPrate FPrate

UNPRUNED 7 2 18 12 0.900 0.368

PRUNED 7 3 17 12 0.850 0.895

THRESHOLD 80
Test

FP FN TP TN TPrate FPrate
UNPRUNED 5 1 7 4 0.875 0.556

PRUNED 6 1 7 3 0.875 0.667

THRESHOLD 81

Training
FP FN TP TN TPrate FPrate

UNPRUNED 2 2 17 18 0.895 0.100

PRUNED 2 0 19 18 1.000 0.950

THRESHOLD 81

Test
FP FN TP TN TPrate FPrate

UNPRUNED 3 1 7 6 0.875 0.333

PRUNED 3 0 8 6 1.000 0.333

THRESHOLD 84

Training
FP FN

UNPRUNED 1

PRUNED 2 4

THRESHOLD 84
Test

FP FN
UNPRUNED 3 3

PRUNED 2 3

TP TN TPrate FPrate
17 20 0.944 0.048

14 19 0.778 0.667

TP TN TPrate FPrate
4 7 0.571 0.300

4 8 0.571 0.200
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COST-BASED ERROR PREDICTION METHODS APPLIED TO
SINGLE DECISION TREE RESULTS (continued)

THRESHOLD 86

Training
FP FN

UNPRUNED 2 0

PRUNED 4 0

THRESHOLD 86
Test
FP FN TP

UNPRUNED 3 3

PRUNED 3 3

THRESHOLD 88

Training
FP EN

UNPRUNED 1 2

PRUNED 1 4

THRESHOLD 88
Test
FP FN TP

UNPRUNED 1 4

PRUNED 1 4

THRESHOLD 90

Training
FP EN

UNPRUNED 0 5

PRUNED 0 9

THRESHOLD 90
Test

FP EN

UNPRUNED 0 5

PRUNED 0 5

TP TN TPrate FPrate
17 20 1.000 0.091

17 18 1.000 0.773

TN
3 8 0.500 0.273

3 8 0.500 0.273

TP TN TPrate FPrate
12 24 0.857 0.040

10 24 0.714 0.400

TN
2 10 0.333 0.091

2 10 0.333 0.091

TP TN TPrate FPrate
6 28 0.545 0.000

2 28 0.182 0.071

TP TN TPrate FPrate
0 12 0.000 0.000

0 12 0.000 0.000
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COST-BASED ERROR PREDICTION METHODS APPLIED TO
SINGLE DECISION TREE RESULTS (continued)

THRESHOLD 93

Training
FP FN TP TN TPrate FPrate

UNPRUNED 0 6 3 30 0.333 0.000

PRUNED 0 9 0 30 0.000 0.000

THRESHOLD 93
Test

FP FN TP TN TPrate FPrate
UNPRUNED 0 4 1 12 0.200 0.000

PRUNED 0 5 0 12 0.000 0.000

THRESHOLD 94

Training
FP FN TP TN TPrate FPrate

UNPRUNED 2 4 4 29 0.500 0.065

PRUNED 0 8 0 31 0.000 0.000

THRESHOLD 94
Test

FP FN TP TN TPrate FPrate
UNPRUNED 3 3 1 10 0.250 0.231

PRUNED 0 4 0 13 0.000 0.000

THRESHOLD 95

Training
FP FN TP TN TPrate FPrate

UNPRUNED 2 4 4 29 0.500 0.065

PRUNED 0 8 0 31 0.000 0.000

THRESHOLD 95
Test

FP FN TP TN TPrate FPrate
UNPRUNED 3 2 1 11 0.333 0.214

PRUNED 0 3 0 14 0.000 0.000
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COST-BASED ERROR PREDICTION METHODS APPLIED TO
SINGLE DECISION TREE RESULTS (continued)

THRESHOLD 98

Training
FP FN TP TN TPrate FPrate

UNPRUNED 0 4 2 33 0.333 0.000

PRUNED 0 6 0 33 0.000 0.000

THRESHOLD 98
Test

FP FN TP TN TPrate FPrate
UNPRUNED 1 3 0 13 0.000 0.071

PRUNED 0 3 0 14 0.000 0.000

THRESHOLD 103

Training
FP FN TP TN TPrate FPrate

UNPRUNED 0 2 2 35 0.500 0.000

PRUNED 0 2 2 35 0.500 0.057

THRESHOLD 103
Test

FP FN TP TN TPrate FPrate
UNPRUNED 0 3 0 14 0.000 0.000

PRUNED 0 3 0 14 0.000 0.000

THRESHOLD 105

Training
FP EN TP TN TPrate EPrate

UNPRUNED 0 2 2 35 0.500 0.000

PRUNED 0 2 2 35 0.500 0.057

THRESHOLD 105
Test

FP FN TP TN TPrate EPrate
UNPRUNED 0 2 0 15 0.000 0.000

PRUNED 0 2 0 15 0.000 0.000
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COST-BASED ERROR PREDICTION METHODS APPLIED TO
SINGLE DECISION TREE RESULTS (continued)

THRESHOLD 111

Training
FP FN TP TN TPrate FPrate

UNPRUNED 0 1 2 36 0.667 0.000

PRUNED 0 3 0 36 0.000 0.000

THRESHOLD 111
Test

FP FN TP TN TPrate FPrate
UNPRUNED 0 1 0 16 0.000 0.000

PRUNED 0 1 0 16 0.000 0.000

THRESHOLD 114

Training
FP FN TP TN TPrate FPrate

UNPRUNED 0 0 2 37 1.000 0.000

PRUNED 0 2 0 37 0.000 0.000

THRESHOLD 114
Test

FP FN TP TN TPrate FPrate
UNPRUNED 0 1 0 16 0.000 0.000

PRUNED 0 1 0 16 0.000 0.000
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COST-BASED ERROR PREDICTION METHODS APPLIED TO
REGRESSION RESULTS

THRESHOLD 80
# U # U FP FN TP TN # S TP rate FP rate

TR & TEST 35 27 11 3 24 17 28 0.89 0.39

TRAINING 23 19 7 3 16 12 19 0.84 0.37
SET

TEST 12 8 4 0 8 5 9 1.00 0.44
SET

THRESHOLD 81

# U # U FP EN TP TN # S TP rate FP rate
TR&TEST 32 27 10 5 22 18 28 0.815 0.357

TRAINING 20 19 6 5 14 13 19 0.737 0.316
SET

TEST 12 8 4 0 8 5 9 10.444
SET

THRESHOLD 84
# U # U FP EN TP TN # S TP rate FP rate

TR & TEST 26 25 7 6 19 23 30 0.760 0.233

TRAINING 15 18 3 6 12 17 20 0.667 0.15
SET

TEST 11 7 4 0 7 6 10 1 0.4
SET

THRESHOLD 86
# U # U FP FN TP TN # S TP rate FP rate

TR&TEST 21 23 6 8 15 26 32 0.652 0.188

TRAINING 12 17 3 8 9 18 21 0.529 0.143
SET

TEST 9 6 3 0 6 8 11 1 0.273

SET
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COST-BASED ERROR PREDICTION METHODS APPLIED TO
REGRESSION RESULTS (continued)

THRESHOLD 88 FP FN TP TN
#U #U FP FN TP TN #S TPrate FPrate

TR&TEST 16 20 4 8 12 31 35 0.6 0.114

TRAINING 10 14 3 7 7 21 24 0.5 0.125
SET

TEST 6 6 1 1 5 10 11 0.833 0.091
SET

THRESHOLD 90 FP EN TP TN
# U # U FP FN TP TN # S TP rate FP rate

TR&TEST 12 16 5 9 7 34 39 0.438 0.128

TRAINING 6 11 3 8 3 24 27 0.273 0.111
SET

TEST 6 5 2 1 4 10 12 0.8 0.167
SET

THRESHOLD 93
# U # U FP FN TP TN # S TP rate FP rate

TR&TEST 6 14 4 12 2 37 41 0.143 0.098

TRAINING 3 9 2 8 1 27 29 0.111 0.069
SET

TEST 3 5 2 4 1 10 12 0.2 0.167
SET

THRESHOLD 94 FP FN TP TN
#U #U FP FN TP TN #S TPrate FPrate

TR&TEST 6 12 4 10 2 39 43 0.167 0.093

TRAINING 3 8 2 7 1 28 30 0.125 0.067
SET

TEST 3 4 2 3 1 11 13 0.250 0.154
SET
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COST-BASED ERROR PREDICTION METHODS APPLIED TO
REGRESSION RESULTS (continued)

THRESHOLD 95
# U # U FP FN TP TN # S TP rate FP rate

TR&TEST 4 11 3 10 1 41 44 0.091 0.068

TRAINING 3 8 2 7 1 28 30 0.125 0.067
SET

TEST 1 3 1 3 0 13 14 0.000 0.071
SET

THRESHOLD 98
FP FN TP TN #S TPrate FPrate

TR&TEST 4 9 3 8 1 43 46 0.111 0.065

TRAINING 3 6 2 5 1 30 32 0.167 0.063
SET

TEST 1 3 1 3 0 13 14 0.000 0.071

SET

THRESHOLD 103 FP FN TP TN
#U #U FP FN TP TN #S TPrate FPrate

TR& TEST 0 7 0 7 0 48 48 0 0

TRAINING 0 4 0 4 0 34 34 0 0

SET

TEST 0 3 0 3 0 14 14 0 0

SET

THRESHOLD 105
#U #U FP FN TP TN #5 TPrate FPrate

TR&TEST 0 6 0 6 0 49 49 0 0

TRAINING 0 4 0 4 0 34 34 0 0

SET

TEST 0 2 0 2 0 15 15 0 0

SET



COST-BASED ERROR PREDICTION METHODS APPLIED TO
REGRESSION RESULTS (continued)

ii:EA*II.1I. ii
#U #U FP FN TP

TR&TEST 0 4 0 4 0

TRAINING 0 3 0 3 0
SET

181

TN #S TPrate FPrate
51 51 0 0

35 35 0 0

TEST 0 1 0 1 0 16 16 0 0
SET

THRESHOLD 114 FP FN TP
#U #U FP FN TP

TR&TEST 0 3 0 3 0

TRAINING 0 2 0 2 0
SET

TN #S TPrate FPrate
52 52 0 0

36 36 0 0

TEST 0 1 0 1 0 16 16 0 0

SET
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APPENDIX D

SINGLE DECISION TREES



TOTAL REACH SCORE THRESHOLD: 80

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:49 2001

Options:
File stem <ex.80>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.80.data
Decision Tree:

rangeland = 0: U (5.0)
rangeland = 1:

I
metamorphic = 1: S (7.0/1.0)
metamorphic = 0:

I
quaternary alluvium = 1: S
quaternary alluvium = 0:

I I forested = 0: U (4.0)

I I forested = 1:

I I
precipitation <= 38

I I I precipitation > 38

Simplified Decision Tree:

metamorphic = 1: S (8.0/3.5)
metamorphic = 0:

I quaternary alluvium 1: 5
quaternary alluvium = 0:

I
precipitation <= 38 : U

I I precipitation > 38 : S

(4.0/1.0)

U (15.0/6.0)
S (3.0)

(4.0/2.2)

(23 - 0/8.1)

(3.0/1.1)
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TOTAL REACH SCORE THRESHOLD: 80 (continued)

Evaluation on training data (38 items)

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 4: classified as 0 instead of 1
Ex 5: classified as 0 instead of 1
Ex 9: classified as 1 instead of 0
Ex 14: classified as 1 instead of 0
Ex 16: classified as 1 instead of 0
Ex 23: classified as 1 instead of 0
Ex 24: classified as 1 instead of 0
Ex 28: classified as 3. instead of 0

11 8(21.1%) 7 9(23.7%) (39.1%)

Evaluation on test data (17 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 2: classified as 0 instead of 1
Ex 8: classified as 1 instead of 0
Ex 10: classified as 1 instead of 0
Ex 11: classified as 1 instead of 0
Ex 13: classified as 3. instead of 0
Ex 14: classified as 1 instead of 0

11 6(35.3%) 7 7(41.2%) (39.1%)
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TOTAL REACH SCORE THRESHOLD: 81

C4.5 [release 8) decision tree generator Sat Jan 13 17:24:49 2001

Options:
File stem <ex.81>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.81.data
Decision Tree:

rangeland = 0: U (5.0)
rangeland = 1:

metamorphic = 1: S (7.0/1.0)
metamorphic = 0:

I I

sedimentary = 0:

I I

sinuosity <= 1.15 : S (4.0)

I I

sinuosity > 1.15 : U (3.0/1.0)

I

sedimentary = 1:

I I
forested = 0: U (3.0)

I I I

forested = 1:

I I I

precipitation <= 38 : U (13.0/5.0)

I I I

precipitation > 38 : S (3.0)

Simplified Decision Tree:

sedimentary = 0:
sinuosity <= 1.15 : S (9.0/1.3)

I
sinuosity > 1.15 : U (4.0/2.2)

sedimentary = 1:
precipitation <= 38 : U (22.0/8.1)

I precipitation > 38 : S (3.0/1.1)
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TOTAL REACH SCORE THRESHOLD: 81 (continued)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 6: classified as 1
Ex 10: classified as 1
Ex 15: classified as 1
Ex 19: classified as 1
Ex 21: classified as 1
Ex 23: classified asO
Ex 26: classified as 1

13 7(18.4%)

instead of 0
instead of 0
instead of 0
instead of 0
instead of 0
instead of 1
instead of 0

7 7(18.4%) (33.3%)

Evaluation on test data (17 items)

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 10: classified as 1 instead of 0
Ex 11: classified as 1 instead of 0
Ex 12: classified as 1 instead of 0
Ex 13: classified as 1 instead of 0
Ex 14: classified as 1 instead of 0

13 5 (29.4%) 7 4 (23.5%) (33.3%) <<
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TOTAL REACH SCORE THRESHOLD: 84

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:50 2001

Options:
File stem <ex.84>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.84.data
Decision Tree:

rangeland = 0: U (5.0)
rangeland = 1:

I
quaternary alluvium = 1: S (5.0)
quaternary alluvium = 0:

I

sinuosity <= 1.15

I I

precipitation > 20 : S (10.0)

I I I

precipitation <= 20

I I I I

sinuosity <= 1.05 : U (3.0)

I I I

sifluosity > 1.05 : S (4.0/1.0)

I I

sinuosity > 1.15

I
sedimentary = 0: U (3.0)

I I I

sedimentary = 1:

I I I I
elevation <= 8635 : U (4.0)

I I I

elevation > 8635

I I I

sinuosity <= 1.17 : U (2.0)

I I I I

sinuosity > 1.17 : S (2.0)

Simplified Decision Tree:

rangeland = 0: U (5.0/1.2)
rangeland = 1:

I
quaternary alluvium = 1: S (5.0/1.2)
quaternary alluvium = 0:

I I

sinuosity > 1.15 : U (11.0/3.6)

I

sinuosity <= 1.15

I I I

precipitation > 20 : 5 (10.0/1.3)

I I I

precipitation <= 20

I I I I

sinuosity <= 1.05 : U (3.0/1.1)
I I I I

sinuosity > 1.05 : S (4.0/2.2)



TOTAL REACH SCORE THRESHOLD: 84 (continued)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 32: classified as 0 instead of 1
17 l( 2.6%) 11 3( 7.9%) (27.9%)

Evaluation on test data (17 items)

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 1: classified as 0 instead of 1
Ex 2: classified as 0 instead of 1
Ex 4: classified as 0 instead of 1
Ex 7: classified as 1 instead of 0
Ex 13: classified as 1 instead of 0
Ex 14: classified as 1 instead of 0

17 6(35.3%) 11 6(35.3%) (27.9%)
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TOTAL REACH SCORE THRESHOLD: 86

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:50 2001

Options:
File stem <ex.86>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.86.data
Decision Tree:

quaternary alluvium = 1: S (5.0)
quaternary alluvium = 0:
I

rangeland = 0: U (5.0/1.0)
I

rangeland = 1:
I I

Sifluosity <= 1.15

I I
precipitation > 20 : S (10.0)

I I I
precipitation <= 20

I I I
sinuosity <= 1.05 : U (3.0)

I I I I
sinuosity > 1.05 : S (4.0/1.0)

I I
sinuosity > 1.15

I
sedimentary = 0: U (3.0)

I I I

sedimentary 1:

I I I I
elevation <= 8635 : U (4.0)

I I I
elevation > 8635

I I I I I

sinuosity <= 1.17 : U (2.0)

I I I I
sinuosity > 1.17 : S (2.0)

Simplified Decision Tree:

quaternary alluvium = 1: S (5.0/1.2)
quaternary alluvium = 0:

I

rangeland = 0: U (5.0/2.3)
I

rangeland = 1:
I

sinuosity > 1.15 : U (11.0/3.6)
I I

sinuosity <= 1.15
I I

precipitation > 20 : S (10.0/1.3)

I I I
precipitation <= 20

I I I
sinuosity < 1.05 : U (3.0/1.1)

I I I I
sinuosity > 1.05 : S (4.0/2.2)



TOTAL REACH SCORE THRESHOLD: 86 (continued)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 16: classified as 0 instead of 1
Ex 34: classified as 1 instead of 0

17 2( 5.3%) 11 4(10.5%) (30.7%)

Evaluation on test data (17 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 1: classified as 0 instead of 1
Ex 2: classified as 0 instead of 1
Ex 3: classified as 0 instead of 1
Ex 4: classified as 0 instead of 1
Ex 6: classified as 1 instead of 0
Ex 13: classified as 1 instead of 0
Ex 14: classified as 1 instead of 0

17 7(41.2%) 11 7(41.2%) (30.7%)
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TOTAL REACH SCORE THRESHOLD: 88

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:50 2001

Options:
File stem <ex.88>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.88.data
Decision Tree:

elevation <= 7680 : U
elevation > 7680

I
sinuosity > 1.24

I sinuosity <= 1.24

I I
sedimentary =

I sedimentary =
I quaternar'

(9.0/1.0)

U (2.0)

0: S (10.0)
1:

- j alluvium = 1: S (2.0)
I I

quaternary alluvium = 0:
I I

cropland and pasture = 1:
I I I I

cropland and pasture = 0:
I I I I I

elevation <= 8107 : U
I I I I I

elevation > 8107 : S

Simplified Decision Tree:

elevation <= 7680 : U (9.0/2.4)
elevation > 7680

I
sinuosity <= 1.24 : S (27.0/6.0)

I
sinuosity > 1.24 : U (2.0/1.0)

S (2.0)

(2.0)
(11.0/2.0)

Evaluation on training data (38 items):
Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 8: classified as 0 instead of 1
Ex 30: classified as 1 instead of 0
Ex 36: classified as 0 instead of 1

13 3( 7.9%) 5 5(13.2%) (24.8%) <<

Evaluation on test data (17 items):
Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 1: classified
Ex 3: classified
Ex 4: classified
Ex 5: classified
Ex 7: classified

13 5(

as 0 instead of 1
as 0 instead of 1
as 0 instead of 1
as 0 instead of 1
as 1 instead of 0
29.4%) 5 5(29.4%) (24.8%) <<
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TOTAL REACH SCORE THRESHOLD: 90

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:50 2001

Options:
File stem <ex.90>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.90.data
Decision Tree:

elevation > 7680 : S (29.0/4.0)
elevation <= 7680

I forested = 0: U (3.0)
forested = 1:

I
elevation <= 6760 : U (3.0)

I I
elevation > 6760 : S (3.0/1.0)

Simplified Decision Tree:

elevation <= 7680 : U (9.0/3.5)
elevation > 7680 : S (29.0/6.0)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 6: classified as 0
Ex 10: classified as 0
Ex 12: classified as 0
Ex 27: classified as 0
Ex 29: classified as 0

7 5(13.2%)

instead of 1
instead of 1
instead of 1
instead of 1
instead of 1

3 6(15.8%) (25.1%) <<

Evaluation on test data (17 items)

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 0: classified as 0 instead of 1
Ex 1: classified as 0 instead of 1
Ex 2: classified as 0 instead of 1
Ex 3: classified as 0 instead of 1
Ex 4: classified as 0 instead of 1

7 5(29.4%) 3 5(29.4%) (25.1%) <<
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TOTAL REACH SCORE THRESHOLD: 93

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:50 2001

Options:
File stem <ex.93>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.93.data
Decision Tree:

quaternary alluvium
quaternary alluvium

forested = 1: 5
forested = 0:

I I metamorphic

I
metamorphic

1: S (5.0)
0:

(24.0/4.0)

0: U (5.0/1.0)
1: S (4.0/1.0)

Simplified Decision Tree:
S (38.0/11.5)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 2: classified as 0 instead of 1
Ex 20: classified as 0 instead of 1
Ex 23: classified as 0 instead of 1
Ex 25: classified as 0 instead of 1
Ex 32: classified as 1 instead of 0
Ex 33: classified as 0 instead of 1

7 6(15.8%) 1 9(23.7%) (30.2%)

Evaluation on test data (17 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 1: classified as 0 instead of 1
Ex 2: classified as 0 instead of 1
Ex 3: classified as 0 instead of 1
Ex 8: classified as 1 instead of 0
Ex 14: classified as 1 instead of 0

7 5(29.4%) 1 5(29.4%) (30.2%) <<



TOTAL REACH SCORE THRESHOLD: 94

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:50 2001

Options:
File stem <ex.94>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.94.data
Decision Tree:

metamorphic = 1: S (8.0)
metamorphic = 0:

forested = 1: S (23.0/4.0)

I
forested = 0:

I I quaternary alluvium = 0: U (5.0/1.0)

I I quaternary alluvium = 1: S (2.0)

Simplified Decision Tree:
5 (38.0/10.4)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 4: classified as 0 instead of 1
Ex 9: classified as 0 instead of 1
Ex 16: classified as 0 instead of 1
Ex 19: classified as 0 instead of 1
Ex 30: classified as 1 instead of 0

7 5(13.2%) 1 8(21.1%) (27.4%) <<

Evaluation on test data (17 items)

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 1: classified as 0 instead of 1
Ex 2: classified as 0 instead of 1
Ex 3: classified as 0 instead of 1
Ex 4: classified as 1 instead of 0
Ex 8: classified as 1 instead of 0
Ex 14: classified as 1 instead of 0

7 6(35.3%) 1 4(23.5%) (27.4%) <<
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TOTAL REACH SCORE THRESHOLD: 95

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:50 2001

Options:
File stem <ex.95>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.95.data
Decision Tree:

metamorphic = 1: S (8.0)
metamorphic = 0:

forested = 1: S (23.0/4.0)

I
forested = 0:

I I quaternary alluvium = 0: U (5.0/1.0)

I I
quaternary alluvium = 1: S (2.0)

Simplified Decision Tree:
S (38.0/10.4)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 4: classified as 0 instead of 1
Ex 9: classified as 0 instead of 1
Ex 16: classified as 0 instead of 1
Ex 19: classified as 0 instead of 1
Ex 30: classified as 1 instead of 0

7 5(13.2%) 1 8(21.1%) (27.4%) <<

Evaluation on test data (17 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 1: classified as 0 instead of 1
Ex 2: classified as 0 instead of 1
Ex 4: classified as 1 instead of 0
Ex 8: classified as 1 instead of 0
Ex 14: classified as 1 instead of 0

7 5(29.4%) 1 3(17.6%) (27.4%) <<
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TOTAL REACH SCORE THRESHOLD: 98

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:51 2001

Options:
File stern <ex.98>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.98.data
Decision Tree:

metamorphic = 1: S (8.0)
metamorphic = 0:

gradient <= 0.03 : S (14.0)
gradient > 0.03

I
forested = 0: U (2.0)

I I
forested = 1: S (14.0/4.0)

Simplified Decision Tree:
S (38.0/8.3)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 9: classified as 0 instead of 1
Ex 10: classified as 0 instead of 1
Ex 33: classified as 0 instead of 1
Ex 35: classified as 0 instead of 1

7 4(10.5%) 1 6(15.8%) (21.7%) <<

Evaluation on test data (17 items)

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 0: classified as 0 instead of 1
Ex 1: classified as 0 instead of 1
Ex 2: classified as 0 instead of 1
Ex 12: classified as 1 instead of 0

7 4(23.5%) 1 3(17.6%) (21.7%) <<
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TOTAL REACH SCORE THRESHOLD: 103

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:51 2001

Options:
File stem <ex.l03>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.l03.data
Decision Tree:

sinuosity <= 1.15 : S (24.0)
sinuosity > 1.15

I quaternary alluvium = 1: S (2.0)
I quaternary alluvium = 0:

I I elevation <= 7237 : U (2.0)
I I elevation > 7237 : 5 (10.0/2.0)

Simplified Decision Tree:

sinuosity <= 1.15 S (24.0/1.3)
sinuosity > 1.15

I
elevation <= 7237 : U (2.0/1.0)

I
elevation > 7237 : 5 (12.0/3.6)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 0: classified as 0 instead of 1
Ex 1: classified as 0 instead of 1

7 2( 5.3%) 5 2( 5.3%) (15.6%) <<

Evaluation on test data (17 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 0: classified as 0 instead of 1
Ex 1: classified as 0 instead of 1
Ex 2: classified as 0 instead of 1

7 3(17.6%) 5 3(17.6%) (15.6%) <<
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TOTAL REACH SCORE THRESHOLD: 105

C4.5 [release 8) decision tree generator Sat Jan 13 17:24:51 2001

Options:
File stem <ex.105>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.105.data
Decision Tree:

sinuosity <= 1.15 : S (24
sinuosity > 1.15

I quaternary alluvium =
I quaternary alluvium =
I elevation <= 7237
I I elevation > 7237

Simplified Decision Tree:

0)

1: S (2.0)
0:

U (2.0)
S (10.0/2.0)

sinuosity <= 1.15 : S (24.0/1.3)
sinuosity > 1.15

I
elevation <= 7237 : U (2.0/1.0)

I
elevation > 7237 : S (12.0/3.6)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 0: classified as 0 instead of 1
Ex 1: classified as 0 instead of 1

7 2( 5.3%) 5 2( 5.3%) (15.6%) <<

Evaluation on test data (17 items)

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 0: classified as 0 instead of 1
Ex 1: classified as 0 instead of 1

7 2(11.8%) 5 2(11.8%) (15.6%) <<
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TOTAL REACH SCORE THRESHOLD: 111

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:51 2001

Options:
File stem <ex.11l>
Windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.11l.data
Decision Tree:

cropland and pasture = 1: S (3.0/1.0)
cropland and pasture = 0:

I metamorphic = 1: S (8.0)

I metamorphic = 0:

I
gradient <= 0.04 : S (19.0)
gradient > 0.04

I I I sinuosity <= 1.17 : S (6.0)

I I sinuosity > 1.17 : U (2.0)

Simplified Decision Tree:
S (38.0/4.9)

Evaluation on training data (38 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 0: classified as 0 instead of 1
9 l( 2.6%) 1 3( 7.9%) (13.0%) <<

Evaluation on test data (17 items)

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 0: classified as 0 instead of 1
9 l( 5.9%) 1 1( 5.9%) (13.0%) <
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TOTAL REACH SCORE THRESHOLD: 114

C4.5 [release 8] decision tree generator Sat Jan 13 17:24:51 2001

Options:
File stem <ex.114>
windowing disabled (now the default)
Trees evaluated on unseen cases

Read 38 cases (13 attributes) from ex.114.data
Decision Tree:

metamorphic = 1: S (8.0)
metamorphic = 0:

gradient <= 0.04 : S (21.0)

I gradient > 0.04

I I sinuosity <= 1.17 : S (7.0)

I I sinuosity > 1.17 : U (2.0)

Simplified Decision Tree:
S (38.0/3.8)

Evaluation on training data (38 items):

Before Pruning

Size Errors

7 0( 0.0%)

After Pruning

Size Errors Estimate

1 2( 5.3%) ( 9.9%) <<

Evaluation on test data (17 items):

Before Pruning After Pruning

Size Errors Size Errors Estimate

Ex 0: classified as 0 instead of 1
7 l( 5.9%) 1 l( 5.9%) ( 9.9%) <<




