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Abstract: Mountain pine bark beetles (MPBB, Dendroctonus ponderosae) are a primary driver of tree
mortality in pine-dominant North American forests. To characterize the spatiotemporal dynamics of
MPBB infestations in lodgepole pine forests of north central Colorado, we analyzed Landsat spectral
trends for 2005 and 2009. Using a stratified random sampling design (N = 1,021), we classified land
cover trajectories to identify stable forests, infestation, fire, clear-cutting, and regrowth sites. A
Random Forest (RF) classifier was developed to detect infestation presence and predict mortality
severity. The model achieved high classification accuracies of 96% (2005) and 97% (2009), while the
regression for mortality severity yielded a strong fit (R? = 0.878) with a low Root Mean Square Error
(RMSE = 0.1425). A rigorous topographic analysis revealed that infestation risk is strongly non-
random: South-facing slopes exhibited 9.0 times higher odds of infestation compared to north-facing
slopes, likely driven by solar insolation and water stress. However, limitations remain in detecting low-
severity mortality (<25% canopy loss) and distinguishing species-specific responses in mixed stands.
A simple binary classification of “disturbed” versus “undisturbed,” as is the primary output of many
earlier studies, is insufficient for prioritizing management actions. To address these challenges, we
propose integrating multi-source data fusion (e.g., Landsat and Sentinel-2), leveraging UAV-based
sub-pixel validation, and utilizing phenological metrics from Harmonized Landsat-Sentinel (HLS) data.
These advanced approaches, combined with the RF modeling demonstrated, offer a pathway for more
precise, early-warning monitoring of forest health in complex topographic landscapes. In addition, this
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approach can be used for future studies designed to track the location of trees that have developed self-
immunity to the beetles with the hope of reforesting with seedlings of these resistant trees.

Keywords: tree mortality; MPBB; NBR; time series; Landsat TM; Random Forest; topographic
analysis; data fusion; sentinel-2

1. Introduction

Forest ecosystems worldwide are experiencing an increase in the frequency and severity of
disturbances, driven largely by climate change [1,2]. Among the most significant of these disturbances
are eruptions of native bark beetles, which have resulted in extensive tree mortality across millions of
hectares and are considered a primary driver of landscape-scale ecological change [3,4]. The mountain
pine bark beetle (MPBB, Dendroctonus ponderosae) in western North America is a classic example of
such an eruptive species. Recent outbreaks, particularly within lodgepole pine (Pinus contorta)
ecosystems, have precipitated significant ecological and economic consequences, including substantial
losses in timber value, increased costs for wildfire mitigation, and fundamental alterations to ecosystem
structure and function [5—7]. The proliferation of MPBB populations is attributed to a confluence of
factors, the increased prevalence of susceptible, mature hosts, a legacy of historical fire suppression, and
regional climate change. Long-term warming trends have enabled beetle populations to expand into
higher-elevation and higher-latitude habitats that were climatically unsuitable [8—10]. Warmer winters
reduce overwintering mortality, a key population bottleneck, while accelerated developmental cycles can
lead to two generations per year in some areas, dramatically increasing reproductive output [11,12].
Furthermore, prolonged drought conditions elevate the physiological stress on host trees, compromising
their natural defensive capabilities, such as the production of resinous compounds, and rendering them
vulnerable to successful colonization by beetles [13—15]. The complexity of these coupled biotic and
abiotic drivers necessitates the development and application of advanced methodologies for monitoring
and modeling infestation dynamics to inform effective forest management.

Historically, the systematic monitoring of forest disturbances has been conducted via the U.S.
Forest Service’s aerial detection surveys (ADS). While this method has generated an invaluable long-
term observational record, it is constrained by several well-documented limitations, including the
subjectivity inherent in manual interpretation, which can introduce observer bias and reduce data
consistency [16,17], limited areal coverage due to the high costs of overflights, and the linearity of the
arbitrary lines drawn to separate disturbed and undisturbed forest, when, in reality, outbreak patterns
are very heterogenous in the presence/absence and degree of disturbance [18]. Most critically,
validation studies have revealed that ADS can dramatically underestimate the true extent of infestation.
For example, a landmark 2012 study by Meddens et al. revealed that when ADS-reported mortality
areas were compared to those derived from high-resolution imagery, the ADS data underestimated the
actual mortality area by a factor of 3.7 to 20.9 [19]. This means that for every 100 hectares of mortality
mapped by ADS, the true affected area on the ground was between 370 and 2,090 hectares. This
significant discrepancy is largely due to the inability of aerial observers to detect low-density mortality
(i.e., scattered dead trees) and early-stage “green attack™ infestations, which are spectrally
indistinguishable from healthy trees to the human eye [18,20].
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In response to these issues, automated algorithms that leverage the dense temporal information in
the Landsat archive have become standard practice [21,22]. Algorithms like LandTrendr and BFAST
apply temporal segmentation techniques to identify significant breakpoints in the spectral trajectory of
each pixel, effectively flagging the timing, duration, and magnitude of change events [23,24]. These
methods have proven powerful for mapping the spatial extent and timing of forest disturbances with
high consistency and objectivity, providing valuable information on the binary presence or absence of
change across the landscape [25,26]. The use of Short-Wave Infrared (SWIR)-based indices, such as
the Normalized Burn Ratio (NBR), has been shown to be particularly effective for detecting changes
in canopy water content associated with beetle-induced mortality [27].

Despite these advances, a critical knowledge gap persists in the operational monitoring of forest
health. While methods excel at identifying when and where a disturbance occurs, they are often limited
in their capacity to quantify the magnitude or severity of the event, particularly with respect to the
percentage of tree mortality within a given pixel. For effective resource allocation, wildfire risk
assessment, and ecological impact analysis, forest managers require information not only on the
location of an infestation but also on its intensity. A simple binary classification of “disturbed” versus
“undisturbed,” as is the primary output of many change detection algorithms, is insufficient for
prioritizing management actions, as it treats a pixel with 10% mortality the same as a pixel with 90%
mortality. This lack of thematic detail is a direct consequence of the persistent challenge of sub-pixel
spectral mixture, where the integrated spectral signal of a 30-meter Landsat pixel confounds the
distinct signatures of healthy, infested, and non-host vegetation [28,29]. Resolving this mixture to
derive quantitative estimates of canopy condition is a non-trivial problem, and its solution is a
prerequisite for moving beyond simple disturbance mapping to true quantitative monitoring.

To address this challenge, researchers have increasingly turned to machine learning (ML)
algorithms to model the complex relationships between spectral data and forest attributes [30,31].
Among these, the Random Forest (RF) algorithm has emerged as a particularly robust and effective
tool for a wide range of classification and regression tasks in remote sensing [32,33]. In this study, we
address the methodological gap by developing and implementing an integrative analytical framework
that synergizes the temporal depth of the Landsat archive with the predictive power of the RF algorithm.
The improved accuracy of this approach lies in its capability to overcome the limitations of prior
methods. While studies have made important contributions to quantifying mortality, our approach
represents a significant methodological advancement. For instance, Meddens et al. [34] utilized a
parametric Maximum Likelihood Classifier to map mortality levels, an approach that assumes normal
data distribution and can be less effective with the complex, non-linear relationships inherent in
ecological data [35]. Our use of the non-parametric RF algorithm has a more robust response to noise
and does not rely on assumptions about data distribution, making it better suited for deconvolving the
mixed spectral signals of heterogeneous forests. Our model leverages the time-series of the Normalized
Burn Ratio (NBR) as predictive features, in contrast to the single-date or bi-temporal anomaly
detection used in earlier work. Our work is distinct from those of other researchers, such as Bright et
al. [36], who focused primarily on evaluating the accuracy of aerial survey data by applying existing
methods to use legacy data [32]. In contrast, we develop a novel, direct predictive model that uses RF
regression to estimate percent mortality from the Landsat time-series. This enables us to perform not
only a robust binary classification (presence/absence) but also a regression analysis to estimate the
percentage of tree mortality at the sub-pixel level. By training the RF model with high-resolution
reference data, we can deconvolve the mixed spectral signal and provide a quantitative estimate of
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mortality that is not readily available from ADS, LandTrendr, or BFAST. This represents a significant
methodological advancement, providing a more nuanced and managerially relevant assessment of
forest disturbance.

Our primary objective of this research is to develop, apply, and validate this robust and scalable
methodology for modeling the spatiotemporal dynamics of MPBB infestations at a regional scale. To
achieve this, the study is structured around two aims: 1) To model the annual progression of MPBB
infestation, including its presence and severity (percent mortality), in the lodgepole pine-dominated
forests of north-central Colorado for the epidemic period of 2005-2009. The resulting model outputs
will be rigorously validated against high-resolution National Agriculture Imagery Program (NAIP)
data and ground-referenced field observations. 2) To quantify the influence of environmental drivers
on infestation patterns by evaluating the relative importance of topographic variables, forest structural
characteristics, and climatic parameters in predicting the spatial extent and temporal rate of MPBB
spread. By fulfilling these objectives, we aim to advance the scientific understanding of insect-driven
forest dynamics and to provide an operational, data-driven tool to support proactive and adaptive forest
management in an era of rapid environmental change.

2. Study area

We examine the effects of tree-killing bark beetles in subalpine forests of Colorado in the Upper
Yampa Basin (Figure 1). This is a mountainous region with a complex topography (32992291 m) [37,38]
covering 696.92 km?. This area has a temperate continental climate with warm summers (ranging from
12.5-32.9 °C, mean July maximum 24.1 °C), cold winters (ranging from —21.3——5.4 °C, January mean
minimum —12.3 °C), and bimodal distribution of precipitation with peaks in March-May and July-August.
Precipitation ranges from 214 to 1875 mm with an average annual precipitation of 625 mm [39]. The
common tree species in subalpine forests in the study area include lodgepole pine (Pinus contorta Dougl.
ex. Loud.), five-needle pines (i.e., bristlecone pine—Pinus aristata Engelm., limber pine—Pinus flexilis
James, and southwestern white pine—Pinus strobiformis Engelm.), Engelmann spruce (Picea
engelmannii Parry ex Engelm.), subalpine fir (4bies lasiocarpa (Hook.) Nutt.), and quaking aspen
(Populus tremuloides Michx.) are present, although the composition varies across the region [34,38]. In
subalpine forests, the most important tree-killing bark beetles are the mountain pine bark beetle (MPBB;
Dendroctonus ponderosae Hopkins) that attacks lodgepole pine and five-needle pines, spruce beetle (SB;
Dendroctonus rufipennis (Kirby), which attacks Engelmann spruce, and western balsam bark beetle
(WBBB; Dryocoetes confusus Swaine), which attacks subalpine fir.

3. Methodology
3.1. Random Forest (RF)

RF is a decision tree algorithm that randomly selects a sample of observations and a sample of
variables many times (default value of 500) to produce many small classification trees that are
aggregated through the process of “bootstrap aggregating” or bagging. The idea is to use multiple
versions of a predictor or classifier to make a final decision on classification based on a majority vote
rule to determine the final category [40]. It has been proven that as the number of predictors increases,
accuracy also increases until it reaches a certain point at which it will begin to drop off. The goal is
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finding the optimal number of predictors to generate the result which yields the highest accuracy. Each
decision tree in the forest is created in the following manner. Given a training set, a random subset is
sampled and used to create a decision tree. About 1/3 of the bootstrap sample is left out and considered
to be out-of-bag (OOB) data. Future trees are created with new subsets in which part of the data has
been replaced with new data. In addition, not every feature is used to construct each tree; a random
selection of features is evaluated for each node [40,41]. The OOB data are used to get a classification
error as trees are added to the forest and to measure the input feature importance. After the forest is
completed, a new case can be classified by taking a majority vote among all the decision trees in the
forest resembling the bootstrap aggregating idea [42].

Study area in Upper Yampa Basin CO
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Figure 1. Study area.

The error rate of the forest can be measured using two values. The error rate depends on two
calculations: The correlation between any two decision trees in the forest and the strength, or the error
rate of each tree. For example, if we have n input variables, we can select m of them at random to grow
a tree. As m increases, correlation and individual tree accuracy also increases, and some optimal m
will give the lowest error rate. Each tree will be grown by choosing a new subset of the n variables.
RF also measures important variables using OOB data. Each variable is randomly permuted, and the
permuted OOB cases are sent through the tree forming process again. Subtracting the number of
correctly classified cases using permuted data from the number of correctly classified cases using non-
permuted data will give the importance value for each n variable. These values are different for each
tree but the average of each value over all trees gives a raw importance score for each variable [43].
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3.2. Study plan

We followed a multi-stage workflow, as illustrated in the flowchart in Figure 2. The process began
with the acquisition and preprocessing of satellite and topographic data, followed by the development
of a robust reference dataset for model training and validation. The core of the analysis involved the
development of two distinct RF models: A binary classification model to map the presence or absence
of infestation, and a regression model to quantify the percentage of tree mortality within infested areas.
The final stage involved model validation and the generation of disturbance maps for the study area.

! Landsat TM 5 & DEM Data |

__________ —

Image Compositing & Preprocessing

Calculate Indices & Topographic Variables

Extract Data Points

Random Forest Algorithm ‘ Topographic Statistical Ahalysis

h 1
1 NAIP Imagery ! | Binary Model (Presence/Absence) | | Regression Model (% Mortality) | | Chi-Square & Logistic Regression |

e eepme et
Accuracy Assessment

| Final Infestation Maps

Figure 2. Flowchart of the methodology.

3.3. Landsat data collection and preparation

We utilized Landsat 5 Thematic Mapper (TM) Collection 2 Level 2 surface reflectance data,
which were acquired via the Google Earth Engine (GEE) platform for the years 2000 to 2010. To
minimize phenological variation and cloud contamination, annual, cloud-free image composites were
generated for the peak growing season (May-September) of each year. This process was facilitated
using functions from the LandTrendr algorithm framework within GEE, which selects the best
available pixel from the time series based on a set of user-defined criteria. From these annual
composites, we calculated a suite of spectral indices known to be sensitive to forest health, canopy
structure, and moisture content (Table 1). To effectively detect change, it is crucial to establish a stable
pre-disturbance baseline. Thus, we adapted the iterative method of Meddens et al. [34] to generate
undisturbed mean NBR and B5/B4 images. This method iteratively identifies and masks out pixels that
are spectrally anomalous (i.e., likely disturbed), recalculating the mean until a stable, representative
baseline of the undisturbed forest state is achieved. Annual anomaly images were created by
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subtracting this undisturbed mean from each annual image, providing a reliable input for detecting the
timing and magnitude of forest disturbances.

Table 1. Vegetation Indices.

Index Formula Notes reference
Normalized Burn Ratio (NIR-SWIR2)/(NIR+SWIR2 Moisture stress & needle [35]
(NBR) structure
Normalized Difference (NIR-RED)/(NIR+RED) Sensitive to conifer tree [44]
Vegetation Index (NDVTI) healthy
Band5/Band4 (B5/B4) B5/B4 Sensitive to conifer tree [45]
healthy

Tasseled-Cap Brightness 0.2043 * B1 + 0.4158 * B2 + Sensitive to surface [46]
(TCB) 0.5524 * B3+ 0.5741 * B4 + brightness

0.3124 * B5 +0.2303 * B7
Tasseled-Cap Greenness —0.1603 * B1 - 0.2819-B2 * Moisture stress [46]
(TCG) 0.4934 * B3 + 0.7940 * B4 -

0.0002 * B5 - 0.1446 * B7
Tasseled-Cap Wetness 0.0315 * B1 +0.2021 * B2 + Sensitive to vegetation [46]
(TCW) 0.3102 * B3 +0.1594 * B4 - greenness

0.6806 * B5 - 0.6109 * B7
Normalized Difference (NIR-SWIR1)/(NIR+SWIR1) Sensitive to canopy water  [47]
Moisture Index (NDMI) content

These vegetation indices were calculated from data derived from the Landsat bands indicated in
the formula column.

3.4. Reference and training data
3.4.1. Data sources and host species stratification

Our dataset was developed using a combination of high-resolution imagery and available field
data. The primary source was l-meter resolution aerial imagery from the National Agriculture
Imagery Program (NAIP), which provides sufficient detail to visually identify individual tree crowns
and their health status (e.g., healthy green, infested red, and dead gray). This was supplemented with
historical imagery from Google Earth Pro and plot-level data from the Insect and Disease Detection
Surveys (IDDS).

To ensure our analysis targets mortality caused by the mountain pine bark beetle (Dendroctonus
ponderosae), we first performed an ecological stratification. Using the LANDFIRE Existing Vegetation
Type dataset, we created a forest mask that included only pixels classified as being dominated by
lodgepole pine (Pinus contorta), the primary host for MPBB. This step is crucial for pest-specific
attribution, as it minimizes the risk of confounding mortality from other pests that target different host
species, such as the spruce beetle (D. rufipennis) or western balsam bark beetle (Dryocoetes confusus).
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3.4.2.  Sample selection and interpretation protocol

A total of 1,021 sample pixels were selected using a stratified random sampling approach to
ensure adequate representation across land cover types and disturbance severities. While this
stratification inherently resulted in spatial clustering (Nearest Neighbor Index = 0.13, p < 0.001),
reflecting the patchy distribution of MPBB infestation and forest stands, spatial autocorrelation was
mitigated by ensuring a minimum separation distance of 30 meters between sample centers. To ensure
consistency, a single, trained analyst performed all image interpretations. Each 30x30 meter sample
pixel was classified into one of five mutually exclusive categories based on a rigorous set of visual and
temporal criteria (Table 2).

Table 2. Visual and Temporal Criteria for Reference Sample Classification.

Class Primary Visual Indicators (from NAIP) Temporal Signature (from Landsat)

Healthy Forest Dense, contiguous green canopy; no significant Stable or slightly increasing NBR
gaps or discoloration. trajectory over time.

MPBB Infestation Presence of red-needled trees (red-attack) or Gradual NBR decline over a 2—5-

gray, needleless standing dead trees (gray-attack) year period.
in a "popcorn" or clustered pattern.

Fire Complete or near-complete canopy loss; Abrupt, significant NBR drop in a
presence of blackened, charred soil and tree single year.
boles; sharp, distinct boundaries.

Clear-cutting Complete removal of all trees; visible stumps, Abrupt, significant NBR drop in a
skid trails, or logging roads; sharp, geometric single year.
boundaries.

Regrowth Dominated by small, young trees, shrubs, or Gradually, sustained increase in
dense herbaceous cover; lower canopy height NBR over multiple years.

than surrounding mature forest.

3.4.3. Manual mortality estimation protocol

For the 162 pixels classified as infested, the percentage of tree mortality was manually estimated
to provide the continuous dependent variable for our regression model. This was performed using an
exacting dot-grid method in a GIS environment. A 10 x10 grid (100 points) was overlaid on each 30
m pixel. At each of the 100 grid points, the underlying feature in the 1m NAIP imagery was classified
as either “dead canopy” (red or gray foliage) or “other” (healthy canopy, shadow, understory, soil).
The percentage mortality for the pixel was calculated as the number of points falling on dead canopy.
To ensure the consistency and reliability of this manual process, a single analyst performed all
estimations. Intra-observer reliability was assessed by having the same analyst re-evaluate 20% of the
pixels (32 pixels) one month later. The resulting high level of agreement (Lin’s Concordance
Correlation Coefficient = 0.94) confirmed the consistency of the manual estimation protocol.

AIMS Geosciences Volume 12, Issue 2, 360-387.



368

Reference data were selected at the 30 m plot level from the available very high-resolution (VHR)
satellite imagery in Google Earth Pro for training and validation purposes. In addition, multispectral
aerial imagery (spatial resolution 1 x 1 m) was collected from National Agricultural Imagery Program
(NAIP) (Aerial Photography Field Office (AFPO), 2012) for manual interpretation. NAIP images were
repeated every 2 to 5 years, providing a continuous long-term record. There were 7 years of NAIP
images with a resolution of 2m or finer (Colorado NAIP from years 2004, 2005, 2006, 2009, 2011,
2013, and 2015) available from GEE. In addition, field data of confirmed MPBB infested trees were
collected and additional data over the study area was derived from Insect and Disease Detection
Surveys (IDDS) (Colorado Forest Service, from years 2000, 2005, and 2009). These field data were
used only as a general reference because there was not always a direct one-to-one correlation between
reference data points and study data points due to accessibility issues (private property vs. national
forest) or topographic or ground cover effects. Mortality fraction estimates were calculated by
generating 10-by-10 regular grids in each 30 m plot for reference and counting the number of grids
intersecting with a tree with a red or grey stage canopy. For validation in this study, a random sample
of training data comprised of field measured ground truth, comparison with NAIP and GEE images,
and available IDDS data were used. In addition, the data were divided into two sets: One being the
main dataset used in model development (training data); and the second, a subset of data points to be
used for validation (testing data). A total of 70% of total data points were selected as training data to
determine the distribution of healthy versus unhealthy forest and degree of disturbance. The remaining
30 % of the data was used for validation.

3.5. Data selection for the region of interest

Ten points or regions of interest (ROI) were chosen based on NBR values and high-resolution
images like NAIP to represent forested areas that were either healthy or had experienced events such
as fire, clear cutting, or insect infestation (Table 3). These areas were selected so that they could be
monitored over time using time series analyses. The assessment of health state and the occurrence of
damaging events in each ROI was determined using Normalized Burn Ratio (NBR) values ranging
from +1 to —1. These values were calculated for the years 2000, 2005, 2009, and 2010. High NBR
values ranging from +1 to 0.4 indicated the presence of healthy trees, whereas low values ranging from
0.4 to —1 indicated areas that had been disturbed.

In addition to simply differentiating healthy vs. disturbed, the trajectories of time series analyses
can offer insights into the nature of disturbances. Steep trajectories implied sudden events like clear
cutting or fires, while gently sloped trajectories showed the progression of infection or regeneration
following a fire or clear cutting. For each site and year in the time series (2000-2010), two satellite
data bands (Band 4 and Band 7) (Table 3) were collected and analyzed. The NBR values were
calculated using Equation (1).

__ (NIR-SWIR2)
NBR = (NIR+SWIR2) Eqe (1)

AIMS Geosciences Volume 12, Issue 2, 360-387.



369

Table 3. Spectral region of Landsat TM5 and ETM+.

Bands Landsat 5 TM spectral regions Landsat 7 ETM+ spectral regions
Band 1 (blue) 045-0.52 0.45-515

Band 2 (green) 0.52-.60 0.525-0.605

Band 3 (red) 0.63-0.69 0.63-0.69

Band 4(NIR) 0.76-0.90 0.75-0.90

Band 5 (SWIR1) 1.55-1.75 1.55-1.75

Band 6 (thermal) 10.40-12.50 10.40-12.50

Band 7 (SWIR2) 2.08-2.35 2.09-2.35

Note: NIR: Near Infrared; SWIR: Short Wave Infrared; Pan: Panchromatic; TIRS: Thermal Infrared Sensor.

The years 2005 and 2009 were selected since they enabled a comparison with high-resolution
National Agricultural Image Program (NAIP) data for validation purposes. Four sites were chosen to
exemplify historical events that resulted in distinct segmentation patterns.

The NBR thresholds used for classification were derived empirically from this ROI analysis
(Table 4). ROIs that remained visually healthy (e.g., roil and roi4) consistently exhibited NBR values
greater than 0.3. Infested ROIs (e.g., roi2 and roi7) showed a decline into the 0.1 to 0.3 range, while
severely disturbed ROIs (e.g., r0i9 and roil0) dropped to below 0.1. Moreover, values below 0.01

represented zones that were unvegetated, destroyed by fire, or clear-cut.

Table 4. Locations of selected regions of interest (ROI) with associated NBR values.

Sites Longitude Latitude 2000 _NBR 2005 NBR 2009 NBR 2010 NBR
roil —106.618 40.20595 0.391009 0.4568 0.445248 0.437522
roi2 —106.667 40.26364 0.290929 0.270615 0.08264 0.033195
roi3 —106.636 40.08625 0.410266 0.305918 0.15532 0.096116
roi4 —106.62 40.07812 0.409326 0.405859 0.394936 0.370411
rois —106.589 40.09076 0.341366 0.309205 0.162187 0.109406
roi6 —106.566 40.08945 0.418903 0.430997 0.232012 0.128792
roi7 —106.573 40.11041 0.405055 0.374149 0.227177 0.090189
roi8 —106.675 40.26439 0.319671 0.303155 0.083898 —0.01429
roi9 —106.701 40.29755 0.500028 -0.34381 —0.1388 —0.14245
roil0 —106.641 40.09607 0.35697 0.314189 —0.09 —0.19169

3.6. Time series trajectory segmentation and interpretation

Key factors to consider in understanding time series trajectories include the year when the change
was first detected, the direction of slope of the change segment, the duration of the change, and the
amount of the change. The NBR values were used to establish three thresholds, which distinguished
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five distinct trajectories: stable healthy forest, insect infestation, destruction by fire, clear cutting, and
regrowth (Figure 3). For instance, when referring to forested areas, a Normalized Burn Ratio (NBR)
value greater than 0.3 is considered indicative of health. The NBR in an area impacted by insect
infestation declined from a value above 0.3 to 0.05 between 2005 and 2010. The NBR in a region
impacted by a forest fire experienced a decrease from a value above 0.3 to —0.45 between 2001 and
2002. The clear-cut area had a decline from 0.3 to —0.2 between 2008 and 2010. These NBR values
were derived by doing calculations on the L5 and L7 data for Band 4 and Band 7, using Equation (1).
The disturbance segments were categorized based on whether they were linked to a prolonged decrease
(lasting five or more years) or a brief decrease (less than three years). The duration of a specific
disruption was determined by identifying significant changes in the slopes of the trajectory, from the
starting year to the ending year.
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Figure 3. NBR time series analyses for 4 sampling locations.

Figure 3 shows changes in NBR values with time to show the patterns of change at sites where
the trees remained healthy (ROI4, a) or showed insect infestation (ROI 7, b), versus sites which
experienced abrupt changes such as fire (ROI 9, ¢) or clear cutting (ROI 10, d). In Figure 3, ROI 9, c,
there are signs of regrowth.
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3.7. Developing a model to estimate the presence or absence of infestation and percent tree mortality

We developed two models using the RF algorithm. The 1,021 reference samples were split into a
training set (70%) and a testing set (30%) for model development and validation [6,40,48] to avoid
possible violations of normal linear regression [49].

3.7.1.  Model 1: Binary classification (Infested vs. Non-infested)

This model was trained on all 1,021 samples to classify pixels as either infested or non-infested.
The response variable was binary (1 or 0). In RF, the “rf.modelSel” function of the “rfUtilities”
package [50] was used to select the best indices for the model. The “rf.modelSel” function creates
scaled variable importance scores for each variable and tests models that include variables that show
correlation scores above important thresholds [51], using 10-fold cross-validation in the “caret”
package to optimize hyperparameters [6,51]. In RF, all explanatory indices were used to determine the
most important indices to accurately determine the percentage of disturbance by correlation methods.
The indices that showed less than 70% correlation within response variable were chosen to build the
model because higher correlations increased the forest error rate in RF analyses. The model that
explained the most variations in the response variables using the fewest predictor variables was the
most accurate (note: the response variable here denoted the presence or absence or percentage of
infestation, while the predictor variables were NBR, B5/B4, TCG, band4, band 5, MeanB5/B4,
DiffB5/B4, DEM, and AnomB5/B4) (Table 5).

Table 5. Predictor variables for binary and regression models.

Band or index Binary Model Regression Model
NBR yes Yes

B5/B4 yes Yes

TCG yes Yes

Mean B5/B4 No Yes

Band5 No Yes

DEM yes Yes

Band4 yes No

Anomaly B5/B4 yes No

Diff B5/B4 yes No

Temporal anomalies represented the difference between any spectral index value at a given time
and the multi-temporal, pre-disturbance calculated mean of that spectral index. Time series Landsat
data for forested pixels were selected from years preceding bark beetle disturbance and were used to
establish a baseline from which to subsequently distinguish spectral deviations to detect forest
disturbance. The magnitude of change between the multi-temporal means and the value at a given time
was used to discriminate disturbed and undisturbed forest pixels. This model was designed to separate
areas showing any signs of infestation from undisturbed areas.
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3.7.2. Model 2: Regression (% Mortality)

This model was trained on the 162 infested pixels to predict the percentage of tree mortality. The
response variable was the continuous percent mortality (0—100%) derived from our manual estimation
protocol. Predictor variables included NBR, B5/B4, TCG, Mean B5/B4, Band5, and DEM. To give
mortality severities (0-37%) equal weight, pixels were selected at random, and percentage values for
disturbed trees (red and gray stage) were manually counted in each pixel represented in NAIP and
Landsat photos. These estimates were corroborated with NBR and NDVTI indices.

3.7.3.  Hyperparameter tuning and accuracy assessment

For both models, hyperparameters (ntree and mtry) were tuned using 10-fold cross-validation to
optimize performance. We tested all possible mtry values (1-6) and evaluated Out-of-Bag (OOB) error,
test accuracy, and class-specific metrics. To successfully apply the RF algorithm, it was essential to
configure two key parameters: The number of decision trees (ntree) and the number of features
considered in each split (mtry). Multiple investigations have indicated that favorable results can be
attained by utilizing the default values for the program [48,52]. Liaw and Wiener [52] discussed that

the inclusion of many trees in a model will yield a consistent estimation of variable importance.
Furthermore, Breiman [40] noted that while employing too many trees may not improve results, it does
not adversely impact the model. In addition, several authors [53,54] asserted that even using a
minimum number of trees (ntree = 200), RF attained precise outcomes. Several authors discussed
employing the default value mtry = \p for the mtry parameter, where p represents the number of
predictor variables [52,55]. In this study, an investigation was conducted to determine the most
accurate RF model for classification [54]. To do this, a series of analyses, tests, and evaluations for
several values were performed for two parameters: ntree, which included values of 100, 200, 500, and
600; and mtry, which encompassed values ranging from 1 to 10 with an increment of 1.

4. Results

Using 1,021 data samples (pixels) hand-selected and separated into disturbed (162) and
undisturbed (859) categories, two models were developed: The binary (presence-absence) model, and
the regression (percentage of infestation) model. Each of the two models used a different set of
vegetation indices for calculation selected in R, a programming toolbox and open-source software
environment primarily designed for statistical computing and graphics [56]. Each model was analyzed
by statistical methods to assess their accuracy.

4.1. Binary classification model

Data from two years in the time series were selected representing pre-infestation versus maximum
infestation periods. Classification was done using R. R was used to analyze the two classes of data
with the purpose of separating the study area into disturbed and undisturbed areas (Table 6), and to
compare the predicted pixels with the actual data points (Refer Appendix A—R code).

Accuracy for this calculation was based on confusion matrix analysis [57]. A confusion matrix is a
tabular representation of the performance of a classification system showing the counts of true positive,
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true negative, false positive, and false negative predictions for each class in the classification [57]. It
represents a comparison between reference data and predictions. Reference data represent actual pixels
that can be verified as representing undisturbed (0) or disturbed (1) data points. To maximize
classification accuracy, four types of explanatory variables proved to be the most reliable: TCB, TCG,
B2, and NBR. TCB values were used to separate out barren soil, fire-damaged zones, and clear-cut
zones. TCG combined with B2 data were used to separate out grassy areas, shrubs, and deciduous trees
such as aspens. The maximum-corrected binary model gave a simplified view of the presence or
absence of infestations.

In Table 7, the diagonal elements (top left to bottom right) represent the correctly classified
instances (true positives and true negatives). The opposite-diagonal elements represent the
misclassified instances (false positive and false negative) [58].

Table 6. Relative size distribution of undisturbed versus disturbed areas into 2005 vs 2009.

Year Undisturbed (area km?) Disturbed (area km?) Accuracy
2005 488.45 208.12 96%
2009 288.72 272.49 97%

Tables 7. Confusion matrices for 2005 and 2009.

RF 2005 Reference RF 2009 Reference
0 1 total 0 1 total
= 0 251 7 258 = 0 253 4 257
.9 .9
5 5
3 1 4 37 41 3 1 2 40 42
& total 255 44 299 & total 255 44 299
Overall accuracy 0.96 and Kappa 0.85 Overall accuracy 0.97 and Kappa 0.92

The accuracy of this classification system can be calculated where:

1) Accuracy = (sum of diagonal elements)/ (total number of samples)

Another method of measuring statistical agreement between two classifications is called the
Kappa coefficient. The Kappa coefficient takes into account the agreement that could be expected by
chance and the actual agreement observed [59]. The formula for calculating the Kappa coefficient is:

2) K= (Pa- Pe)/(1 - Pe)

Here, Pa is the overall accuracy and Pe is the probability of agreement by chance [60]. The Kappa
statistics serve as a more rigorous estimate of accuracy than the overall accuracy because it penalizes
for agreement that might be expected to occur by chance (i.e., it decreases the overall accuracy by an
amount proportional to the probability of chance). The Kappa coefficient can range from —1 to 1. A
value of 1 indicates perfect agreement. A value of 0 indicates agreement that is no better than random
chance. A value less than 0 indicates that the agreement is worse than would be expected by chance.
The Kappa value for the year 2005 was 0.84; and the Kappa value for 2009 was 0.92.

Output results of the binary model are represented in Figure 4, comparing the distribution of
infested vs. non-infested sections of the study area for the years 2005 vs. 2009.
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From this diagram, infestation spread significantly from 2005 to 2009, matching the trend seen in
the time series analysis discussed in Section 3.6. After looking at topographic information, most of the
spread was on southeast and southwest-facing slopes. Although there is some debate about this,
topographic factors, including aspect, slope, and elevation, may also have major effects on local
variability in temperature and moisture [61], which in turn affect a tree’s ability to muster its defenses.

Nelson et al. [62] reported that warmer and drier slopes on southerly aspects at low elevation
might decrease tree defenses against a beetle attack, while colder and wetter slopes on northerly aspects
at high elevation increase tree defenses.

The binary classification model for 2005 and 2009 shows the spread of infestation.

Infested and Non-infested Pine Trees in Upper Yampa Basin via RF (2005 & 2009)
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Figure 4. Binary classification.
4.2. Regression analysis

To predict the percentage of damage in any given area, a regression analysis is the most useful
method [63]. Regression analysis is a statistical method used for modeling and analyzing the
relationships between variables. It is commonly used for predicting a continuous target variable (also
called the dependent variable) based on one or more predictor variables (also called independent
variables). The goal of regression is to find the best-fitting line or curve that describes the relationship
between the variables [63].
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The “rf.modelSel” function in RF creates scaled variable importance scores for each variable and
selects the model that explains the most variation in response variable with the fewest predictor
variables [50]. In this study, ten predictor variables were chosen and correlated with one another, and,
in particular, with NBR. In the next round of regression analysis, variables that correlated too strongly
with the response variable were removed from the model because too many variables with high
correlations will result in RF reducing the number of decision trees and limiting the accuracy of the
results [55]. A 10-fold cross-validation in the “caret” package of R was used to assess the RF model
performance in predicting new predictor variables [51].

A final RF model predicting percent mortality was applied to the data sets for 2005 and 2009.
Predictor variables that were used in this model were: NBR, B5/B4, TCG, MeanB5/B4, Band5, and
DEM. In the model, 500 decision trees used two data points at a time for analysis of the data set. The
result showed a “% var explained” of 86.3, which means that the model was able to explain 86.3% of
the total variability of the data set, where the total variability in the data set was the sum of the squared
differences between each data point and the overall mean of the data set. Higher values of “% var”
indicated that the model was capturing the underlying patterns in the data.

RF2009 predicted vs. observed % infestation

30

R2is 0.878

15 20 25

Predicted % infestation
10

0 S 10 15 20 25

Observed % infestation

Figure 5. Scatter plot between predicted and observed percent of infestation. Note that the
R? value for this scatter plot is 0.878 and RMSE is 0.1425.

A second RF model was run on just the testing data for 2009 (Figure 5). The predictor variables
were the same; however, the 500 decision trees used 4 mtry data points at a time for each run. A lower
RMSE indicated that the model’s predictions were closer to the actual values, which meant the model
was performing better. In this case, an R-squared value of 87.8% suggested that the model explained
approximately 87.8% of the variability in the target variable (Figure 5), and the low RMSE of 0.1425
agreed that the model was performing very well. These data indicate that the model was capturing a
substantial portion of the underlying patterns in the data.

R? is a statistical measure used in regression analysis to assess the goodness of fit of a regression
model to the data. R? is a value between 0 and 1, where 0 indicates that the model does not explain any
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of the variance in the dependent variable, meaning it is a poor fit; and 1 indicates that the model
perfectly explains all the variance in the dependent variable, meaning it is an excellent fit. The output
from the RF training data regression model for 2009 was used to create a map of the percentage of tree
mortality (Figure 6). The map on the left shows the distribution and percentage of damage across the
study area; the map on the right is a close-up image showing the percentage damage map of a small area.

Percentage of tree mortality based on the regression model in 2009, and a comparison with the
NAIP image.
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Figure 6. Percentage tree mortality.
4.3. Topographic influence on infestation spread

As noted in the binary classification model (Section 4.1), initial observations suggested that
infestation spread was most prominent on south- and west-facing slopes. To statistically validate this
observation and quantify the influence of topography on infestation patterns, a detailed analysis was
conducted. These results aligned with research indicating that topographic factors such as aspect, slope,
and elevation can significantly affect local microclimates (e.g., temperature and moisture), which
mediate a tree’s defensive capabilities and influence bark beetle population dynamics [9,61].
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4.3.1.  Chi-Square analysis of aspect

To test the hypothesis that infestation was not randomly distributed by aspect, a chi-square test of
independence was performed. The analysis revealed a highly significant association between cardinal
aspect and the presence of MPBB infestation (¥* (7, N=1021) = 89.16, p < 0.001). This result provided
strong statistical evidence that the spatial distribution of beetle-induced tree mortality was dependent
on slope direction.

A detailed breakdown of infestation rates across aspect categories (Table 8) confirmed a distinct
preference for southerly-exposed slopes. The highest rates were observed on the Southeast (29.0%),
South (26.9%), and Southwest (19.1%) facing slopes. This pattern was consistent with the findings of
Nelson et al. [62], who reported that warmer and drier slopes on southerly aspects can decrease tree
defenses against beetle attack. The increased solar radiation on these slopes creates more favorable
thermal conditions, which can accelerate beetle development and improve overwinter survival [64,65].
In contrast, northerly and westerly slopes in this study exhibited substantially lower infestation rates.

Table 8. Distribution and Rate of MPB Infestation by Aspect Category.

Aspect Category Total Samples Infested Samples Non-Infested Infestation Rate (%)
Samples

North 360 18 342 5.0

Northeast 51 3 48 59

East 49 6 43 12.2

Southeast 31 9 22 29.0

South 446 120 326 26.9

Southwest 21 4 17 19.1

West 33 0 33 0.0

4.3.2.  Logistic regression of topographic predictors

To further quantify the influence of topographic variables, a logistic regression analysis was
performed to model the probability of infestation. The final model predicted the log-odds of infestation
using elevation (DEM), south-facing aspect, and southeast-facing aspect as predictors. The model was
statistically significant (¥* (3, N = 1021) = 118.0, p < 0.001) and explained approximately 13.2% of
the variance in infestation status (Pseudo R = 0.132).

Table 9. Logistic Regression Results for Topographic Predictors of MPB Infestation.

Predictor Coefficient (B) Std. Error Odds Ratio (OR) 95% CI for OR p-value
Intercept —14.251 2.161 0.000 (0.000, 0.000) <0.001
DEM 0.004 0.001 1.004 <0.001
. (1.002, 1.005)

(Elevation)

South Aspect  2.197 0.236 8.996 (5.667, 14.280) <0.001
Southeast 1.923 0.455 6.844 (2.805, 16.697) <0.001
Aspect
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The odds ratios (Table 9) confirmed the critical role of aspect and provided additional insight into
the effect of elevation.

The analysis indicated that south-facing slopes had approximately 9 times higher odds of being
infested compared to all other aspects, holding elevation constant. This strong effect was consistent
with studies that identified south-facing slopes as having higher solar radiation loads, which creates
thermally favorable conditions for beetle populations [64,66]. Furthermore, for every 100-meter
increase in elevation, the odds of infestation increased by a factor of approximately 1.46, suggesting
that higher-elevation sites were more susceptible within the study area. This finding aligns with
research showing that warming trends are making higher-elevation habitats more thermally suitable
for MPBB population growth and range expansion [67,68].

These results provide statistical support for the initial observation that topography, through its
influence on microclimate, is a significant driver of MPBB infestation patterns in the study area. The
warmer, sun-exposed microclimates found on southerly slopes, particularly at higher elevations,
appear to be a critical predisposing factor for beetle-induced tree mortality [9,69].

5. Discussion

Our purpose of this study was to develop a method by integrated field and remotely sensed
products to determine the presence and severity of insect-caused tree mortality in a conifer forest in
the Upper Yampa Basin and to track the spread of insect infestation with time. These goals were
accomplished through the analysis of Landsat spectral bands for the years 2005 and 2009. Non-forest,
undisturbed, and disturbed forest areas were separated with overall accuracies of 96% and 97% for
2005 and 2009, respectively. NBR proved to be the most useful index for tracking and calculating the
extent of insect damage. Other useful indices included B5/B4, and its anomalies, and TCG. B5/B4
appeared to be sensitive to changes in forest structure rather than directly sensing changes to vegetation
physiology. TCG is an indicator of moisture content in the forest canopy, and thus, a good indicator of
the beginning of a die-off.

The regression analysis provided critical insights into the severity of tree mortality. The RF
regression model achieved a high coefficient of determination (R? = 0.878), indicating that the
model explained nearly 88% of the variance in the observed mortality data. The Root Mean Square
Error (RMSE) was 0.1425, which underscored the model's precision in predicting the percentage
of tree mortality. These metrics confirm that the combination of spectral indices (particularly NBR)
and topographic variables can reliably quantify the gradient of infestation severity, not just its
presence or absence.

The main benefit of using RF methodology is that it has the potential to be applied across large
spatial extents. Many studies (e.g., Bright et al. [36]) have shown that techniques similar to the one
developed in this study can be used to separate undisturbed from disturbed forest in a variety of settings.
This suggests that this approach can be applied across a large region, such as an entire wilderness area,
national forest, state, or Forest Service Region. Caution should be used when applying these models
outside areas where those models were calibrated, as accuracy might decrease in new areas [70,71].
The use of several calibration sites distributed across these larger areas, as well as applying these
algorithms and models only within similar forest types, would help minimize the danger of
inappropriate extrapolation outside calibration areas.
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Questions remain about the reliability of this analysis method and possible remedies. Researchers
such as Meddens, et al. [34] have cautioned about the usefulness of using Landsat data for early stages
of infestation or slowly progressing disturbances. Meddens et al. indicated that Landsat data was useful
for detecting severe insect infestations (i.e., killing > ~25% of trees in the canopy within a given pixel),
whereas finer spatial resolution data might be necessary to detect dispersed or single tree mortality
across forested landscapes. They further indicated that the Landsat data cannot detect slowly
progressing disturbances within a given pixel, (i.e., outbreaks that result in fewer than 25% infested
trees at any one time, with high accuracy). Similarly, Bright et al. [32] indicated that comparison of
Landsat-drive mortality maps with Insect Detection Surveys (IDS) showed some discrepancies,
especially in areas of low tree mortality. However, IDS data are fundamentally different, vector-based
representations of disturbance, so differences are expected. IDS polygons are large and highly
generalized. To overcome these issues, in this study, comparison with high-resolution aerial images
(NAIP) effectively served to bridge the scaling gap between individual tree mortality (ground data)
and the 30-m resolution of Landsat imagery.

Advances in multi-sensor fusion offer promising solutions to these resolution challenges. The
integration of Landsat with Sentinel-2 imagery, which offers higher spatial (1020 m) and spectral
resolution, has been shown to significantly improve the detection of mountain pine bark beetle
infestations, particularly in the early stages [72,73]. Sentinel-2's inclusion of Red Edge bands provides
enhanced sensitivity to the physiological stress signals, such as chlorophyll fluorescence reduction,
that preceded visible needle fading [74]. The use of Harmonized Landsat-Sentinel (HLS) datasets
enables the construction of dense, gap-free time series, enabling the retrieval of fine-scale phenological
metrics [75]. These metrics can reveal subtle shifts in growing season timing or “browning” trends that
serve as early warning indicators of forest stress before mortality becomes spectrally dominant [76].
For sub-pixel mortality estimation, the deployment of Unmanned Aerial Vehicles (UAVs) represents
a critical leap forward. UAV-mounted sensors can capture tree-level data that bridges the gap between
ground surveys and satellite observations [77], accurately detecting "hidden symptoms" of infestation
weeks before they are visible to the naked eye [78].

The combination of RF models with NAIP images proved useful in identifying other forest
disturbances. Although the predominant disturbance in the study area was mountain pine bark beetle-
associated tree mortality, other types of disturbances did exist within the study area. Tasseled-Cap
Brightness (TCB) data was used to suggest areas where other disturbances such as clear-cutting and
fires had taken place, and the presence of these areas was confirmed through NAIP image examination
so that they could be removed from areal beetle-kill calculation [35]. When using LTS and other
remotely sensed data, it is challenging to distinguish areas that are unaffected and those with low-
severity tree mortality [70,71,79]. For example, the occurrence and timing of spruce beetle outbreaks
are difficult to determine when less than 35% of Landsat pixels are impacted [6]. Additionally, the role
of mixed host composition in influencing spectral detection accuracy remains an underexplored area.
While we focused on lodgepole pine (Pinus contorta), the presence of other susceptible five-needle
pines, such as limber pine (Pinus flexilis), introduces variability. Different pine species possess distinct
physiological defense mechanisms, such as varying terpene profiles and resin duct structures, which
can influence the timing and intensity of their response to beetle attacks [80,81]. Consequently, the
spectral trajectory of a dying limber pine may differ from that of a lodgepole pine due to differences
in needle retention and canopy architecture [82]. In future research, researchers should investigate
species-specific spectral signatures to refine detection algorithms in mixed-conifer landscapes [22].
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For the trees studied, mortality was much greater in climatically hotter and drier areas, i.e., lower
elevations and latitude. For ponderosa pines, mortality was significantly lower in treated stands,
whereas mortality was highest in stands with a high density of medium- to large-size trees, especially
in areas with lower precipitation, suggesting that abundance of large closely spaced host trees for insect
attacks was an important determinant of pine mortality [83]. Koll et al., [84] showed that pine forests
under water stressed conditions are less able to use their normal defense systems against mountain pine
bark beetle attacks. Mountain pine bark beetle attacks and biota carried by beetles typically induce a
general increase in concentration of phloem-based mono- and sesqui-terpenes, whereas water stress does
not. Mountain pine bark beetle attacks also induce an increase in resin flow for unstressed trees but not
for water-stressed trees. Thus, mortality is highest for beetle-attacked and water-stressed trees [85]. The
extensive bark beetle-caused tree mortality in forests throughout the SRM raises concerns about the
trajectories of these ecosystems in a warmer future. The potential for numerous forest stands to revert
to a similar normal structural state within a few decades is indicated by the abundance of advance
regeneration and the establishment of new seedlings following a bark beetle outbreak [86—88]. Still,
the density of post-outbreak stands, and the composition, are highly changeable because of outbreak
severity, weather conditions, local microclimate, and previous disturbances due to fire or blowdown
that impact regeneration dynamics [15,89-91]. While warming climate conditions by rising
temperatures have the potential to increase mountain pine bark beetle activity in the future, these
effects will be tempered by the reduction of appropriate host trees, changes in species composition,
and differing recovery rates across the landscape [6,92].

6. Conclusions and limitations

Climate change is leading to increased tree mortality from mountain pine bark beetle outbreaks,
wildfires, and drought-related forest disturbances. Understanding the consequences of disturbances on
vegetation structure, composition, and spatial patterns is crucial for predicting future forest ecosystems.
Remote sensing and field inventories are key techniques for analyzing and understanding ecosystem
changes at large spatial scales. Our purpose of this study was to track and map the spread of MPBB in
the Upper Yampa Basin. Several vegetation indices were calculated from Landsat TM data and put
into the RF classifier algorithm to determine the presence or absence of MPBB infestations, and to
predict the percentage of attacked trees in each infested area.

RF was successful in performing these analyses with high accuracy (96% for 2005 and 97% for
2009), permitting the construction of regional maps showing the distribution of infested areas and
changes in that distribution over time. Our topographic analysis further revealed that infestation risk
is non-randomly distributed, with south- and southeast-facing slopes exhibiting significantly higher
odds of attack (OR = 8.99 and 6.84, respectively) compared to north-facing slopes. This suggests that
solar insolation and associated microclimatic water stress are critical drivers of MPBB susceptibility
in this region.

However, this study has several limitations. First, the stratified random sampling design resulted in
statistically significant spatial clustering of sample points (Nearest Neighbor Index = 0.13), which, while
reflective of the patchy nature of beetle outbreaks, may introduce spatial autocorrelation effects. Second,
the 30-meter resolution of Landsat imagery limits the detection of low-severity mortality (under 25%
canopy loss) and early-stage “green attack™ phases. Furthermore, researchers should integrate higher-
resolution sensors (e.g., Sentinel-2, UAVs) and phenological metrics from Harmonized Landsat-Sentinel
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data to improve sub-pixel detection. Finally, while we focused on lodgepole pine, the spectral response
of other host species (e.g., limber pine) to infestation remains underexplored. Investigating species-
specific spectral trajectories would refine mortality estimates in mixed conifer stands. Despite these
limitations, the study demonstrates that RF and Landsat time series can provide the critical, scalable
information needed by forest managers to monitor and mitigate these expanding infestations.
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Appendix B: Time Series
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Appendix C: Random Forest binary and regression 2005 and 2009

RF model binary (presence and absence of MPBB) for 2005 and 2009 and regression model for
20009. https://github.com/aajtaleb/Random-Forest-Model-05-and-09.git.
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