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A B S T R A C T   

The U.S. Pacific Northwest has a history of frequent and occasionally deadly landslides caused by various factors. 
Using a multivariate, machine-learning approach, we combined a Pacific Northwest Landslide Inventory with a 
36-year gridded hydrologic dataset from the National Climate Assessment – Land Data Assimilation System to 
produce a landslide hazard indicator (LHI) on a daily 0.125-degree grid. The LHI identified where and when 
landslides were most probable over the years 1979–2016, addressing issues of bias and completeness that muddy 
the analysis of multi-decadal landslide inventories. The seasonal cycle was strong along the west coast, with a 
peak in the winter, but weaker east of the Cascade Range. This lagging indicator can fill gaps in the observational 
record to identify the seasonality of landslides over a large spatiotemporal domain and show how landslide 
hazard has responded to a changing climate.   

1. Introduction 

Landslides have caused substantial property losses and fatalities in 
the Pacific Northwest of the United States. Fortunately, the states of 
Washington and Oregon have invested in landslide research, as have 
federal and local agencies. An important fruit of this effort, landslide 
inventories have already been of great assistance to urban planning, 
testing of early warning systems, and prioritizing future research. In this 
manuscript, we show how machine learning can describe the seasonality 
of landslides over a broad region by fusing landslide inventories and 
land data assimilation systems. 

In the city of Seattle, most landslides happen in winter, especially the 
month of January (Laprade and Tubbs, 2008). A much shorter record of 
landslides in the city of Portland, Oregon showed frequent landslide 
occurrence from December to March (Mirus et al., 2018b). A similar 
pattern was found in a Pacific Northwest Landslide Inventory (PNLI) 
that included data from Portland, Seattle, and many other locations 
(Kirschbaum et al., 2016). However, data on the timing of landslides are 
rare outside of metropolitan areas. Furthermore, major temporal gaps 

can be seen in the PNLI, especially in the years 1979–1995 and 
1998–2005 (Stanley et al., 2019). Given the diversity of terrains and 
climates across the Pacific Northwest, it seems unwise to assume that all 
locations follow the seasonal pattern established within two 
well-documented metropolitan regions. Instead, landslide models must 
fill gaps in the recorded history of the Pacific Northwest. 

Previous research has identified atmospheric rivers (long plumes of 
water vapor in the troposphere) as the principal cause of major floods in 
Western Washington (Neiman et al., 2011), and landslides along the 
West Coast (Biasutti et al., 2016; Cordeira et al., 2019). However, at
mospheric rivers reaching the coast of Washington or Oregon are most 
frequent in November (Gershunov et al., 2017), which is quite early, 
seasonally, relative to the historical landslide climatology. Although the 
duration, intensity, and frequency of atmospheric rivers along the U.S. 
West Coast do not follow the same climatology (Gershunov et al., 2017), 
vertically integrated horizontal vapor transport also peaks early in the 
season, during December; and atmospheric rivers last longer early in the 
season. Recent research suggests that “families” (temporal clusters) of 
atmospheric rivers are substantially more hazardous than lone 
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atmospheric rivers (Ogle et al., 2018). Taken together, these findings 
suggest that individual storms are not sufficient to explain patterns of 
landslide occurrence; antecedent conditions must also be considered. 

Researchers have long been aware of the importance of antecedent 
rainfall to hydrologic response in this region (Istok and Boersma, 1986). 
In the City of Seattle, landslide occurrence was estimated by combining 
3 days of recent and 15 days of antecedent precipitation (Chleborad, 
2000). More recently, an exhaustive analysis revealed that 32 days of 
antecedent precipitation better identified landslide events in much of 
the Seattle Metro area (Scheevel et al., 2017). Applying a similar 
recent-antecedent (RA) rainfall threshold across the Pacific Northwest 
resulted in numerous successfully identified landslides, but the model’s 
false positive rate (FPR) was quite high in some locations, and the 
monthly climatology overemphasized the beginning of landslide season 
in November (Stanley et al., 2017). Since antecedent rainfall functions 
not as the direct cause of landslides but as a proxy for groundwater state, 
an antecedent wetness index was created to describe the accumulation 
of water in a slope (Godt et al., 2006). This index was combined with the 
intensity and duration of rainstorms to predict most major landslide 
events in Seattle, Washington. 

Subsequent research showed that replacing the antecedent rainfall 
component of a RA threshold with soil saturation measured by subsur
face probes reduced the frequency of false positives, especially in the 
summer and fall (Mirus et al., 2018a). Melting snow can also be a risk 
factor for landslides (Chleborad, 2000). Snow depth has been incorpo
rated in a prototype landslide early warning system for Seattle (Chle
borad et al., 2008). In particular, rain on snow (ROS) can generate 
massive runoff and landslide events (Chleborad, 2000; Marks et al., 
1998). Beyond these well-established variables, other factors, such as air 
temperature (Chleborad, 2000, 1998, 1997), soil temperature (Tubbs, 
1974), and wind (Buma and Johnson, 2015), have been identified as 
predictors of landslides in mountainous or coastal areas of the western 
United States. A global analysis of satellite precipitation estimates 
indicated that landslide behavior of the western United States is not well 
explained by rainfall alone, which suggests that other factors are 
important in this region (Jia et al., 2019). Although intense rainfall is an 
important trigger of landslides in the Pacific Northwest, many other 
factors help to explain the spatiotemporal patterns of landslide 
occurrence. 

Prior landslide models rarely considered all of these time-varying 
factors, but the failure to do so can result in outputs that are climato
logically incorrect or confined to a specific place. Machine learning of
fers a way to model landslide occurrence in a consistent, objective 
manner, without omitting major hydrological variables. 

Machine learning has been applied in landslide research for over a 
decade (Lee et al., 2002; Marjanovic et al., 2009). The vast majority of 
this research focused on static landslide susceptibility (Korup and Stolle, 
2014), but machine learning was also applied to dynamic landslide 
prediction (Farahmand and AghaKouchak, 2013), prediction of land
slide displacement from in situ data (Lian et al., 2014; Zhao et al., 2018), 
and the remote sensing of landslides (Chen et al., 2014; Ghorbanzadeh 
et al., 2019; Stumpf and Kerle, 2011). Most scientists reported good to 
excellent predictive performance (Korup and Stolle, 2014; Lun et al., 
2017). However, researchers should take steps to avoid overfitting 
(Brenning, 2005) and evaluate the geomorphic plausibility of model 
outputs (Steger et al., 2016). Researchers must also consider the po
tential effects of incomplete or inaccurate landslide inventories upon 
both the training and testing of empirical models (Stanley and Kirsch
baum, 2017; Steger et al., 2017). Despite these notes of caution, machine 
learning is a powerful tool for understanding complex climate data and 
predicting rare events like landslides. 

We describe the seasonality of landslides with a landslide hazard 
indicator (LHI) that scales well across space and time. Here, LHI is 
defined as the daily probability that a landslide will occur, averaged 
over a given space-time domain. At coarser temporal resolutions, this 
lagging indicator is similar–but not identical to–landslide hazard (the 

yearly probability of landslide occurrence is greater than the mean of the 
daily probabilities). LHI offers a few benefits for landslide research. 
First, it is directly comparable to observed frequencies of a Boolean 
variable. This means that for a well-calibrated model, the mean of pre
dictions and observations will be equal. Second, the simplicity of 
calculation leads to a simplicity of interpretation: the values shown are 
always the mean daily probability over a given area (in this case, 0.125- 
degree grid cells). In contrast, using the number of predicted landslides 
as an indicator might result in numerous cases of fractional landslides, 
while return periods are notorious for misinterpretation (Read and 
Vogel, 2015; Sayers, 2016; Vogel et al., 2014). Third, LHI enables 
comparisons across space, time, and even other variables. Even 
geographic areas of unequal size or time periods of unequal length could 
be compared. LHI identifies the times and places at the greatest hazard 
with a consistent quantitative metric that facilitates the search for pat
terns across space and time. 

2. Data 

2.1. National Climate Assessment – land data assimilation system (NCA- 
LDAS) 

The NCA-LDAS is a terrestrial-hydrology satellite data-assimilation 
system that was created to support the National Climate Assessment 
(NCA) (Jasinski et al., 2019; Kumar et al., 2018; Xia et al., 2012). 
Developed within the NASA Land Information System (LIS) modeling 
framework (Kumar et al., 2006), NCA-LDAS integrates input data from 
multiple sources, including a 36-year record of satellite observations, to 
provide gridded, daily time-series over the continental U.S. of land 
surface variables, including precipitation, runoff, latent and sensible 
heat fluxes, soil moisture at multiple depths, and snow-water equivalent. 
NCA-LDAS Version 2.0 employs the Noah Version 3.3 land surface 
model (Ek et al., 2003) and is driven by atmospheric forcing data from 
the North American Land Data Assimilation System-Phase 2 (NLDAS-2) 
(Xia et al., 2012). NCA-LDAS data products are provided at 0.125-degree 
resolution for the satellite era – water years 1980–2015 (Jasinski et al., 
2018). The NLDAS-2 precipitation forcing field is a product of a tem
poral disaggregation of a gauge-only Climate Prediction Center analysis 
of daily precipitation (Chen et al., 2008; Higgins et al., 2000) and in
cludes an orographic adjustment (Daly et al., 1994). The rest of the 
forcing fields used by NCA-LDAS, including surface temperature, radi
ation, wind, and humidity were derived from the analysis fields of the 
National Centers for Climate Protection North American Regional 
Reanalysis. LIS generated a variety of hydrological variables from these 
forcings, including soil moisture and snow depth. LIS performed 
simultaneous assimilation of satellite data with a 1-D ensemble Kalman 
filter. This data assimilation process systematically improved the accu
racy of soil moisture and snow depth, especially when data from newer 
sensors were available (Kumar et al., 2018). Analysis of these data 
revealed predominantly declining trends across the Pacific Northwest in 
several variables relevant to landslide activity, including heavy precip
itation, snow cover, and runoff (Jasinski et al., 2019). 

Because precipitation thresholds for landslide warning have been 
shown to vary widely over space (Baum and Godt, 2009), we 
rescaled rainfall and all other NCA-LDAS variables in proportion to 
each grid cell’s full range: rescaled grid cell value = (grid cell value −

grid cell minimum)/(grid cell maximum − grid cell minimum + 10− 20). 
(A small value was added to the denominator to avoid divide-by-zero 
errors in rare cases.) For some machine-learning techniques, rescaling 
or normalizing data greatly improves performance, but this is not 
required for the tree-based method presented below. This preprocessing 
provides a strong localization effect that respects both the effects of 
rainfall frequency and maximum intensity, and it is easily reversed, 
interpreted, and replicated. Nevertheless, we do not claim that this is the 
optimal method for model localization; future research may show that a 
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more sophisticated approach delivers a benefit to model performance. 

2.2. 3DEP 

Although very high-resolution digital elevation models (DEM) have 
been derived from LIDAR over much of the Pacific Northwest, these data 
did not provide complete coverage. The coarse resolution of the NCA- 
LDAS forcing variables implied that a relatively coarse DEM with a 
high level of consistency would be more appropriate. The 3DEP dataset 
with a resolution of 0.333 arcseconds (U.S. Geological Survey, 2016) 
combines a high level of consistency and trust with a resolution that is 
still relevant to landslide behavior. In order to represent terrain at the 
modeling resolution of 0.125◦, we calculated a relief value by sub
tracting the lowest from the highest elevation within each 0.125-degree 
grid cell. This range of elevations does not capture the geomorphological 
nuances useful for landslide modeling at the local scale, but it does 
provide a simple topographic index to modulate the response to rainfall 
and other triggers. As our primary goal was to examine the role of 
climate in landslide activity, additional topographic variables were not 
added to the model. 

2.3. Ecoregions 

In order to summarize and disaggregate landslide seasonality over 
the Pacific Northwest, we adopted the Level I Ecoregions dataset (U.S. 
Environmental Protection Agency, 2010). The Commission for Envi
ronmental Cooperation developed this ecological classification to 
address environmental issues shared by Canada, Mexico, and the United 
States. Level I is the coarsest classification, with 15 ecoregions that cover 
the entirety of North America. Only three of these zones occur in the 
states of Oregon and Washington: the Marine West Coast Forest, the 
Northwestern Forested Mountains, and the North American Deserts 
(Fig. 1). 

2.4. PNLI 

A landslide inventory for the Pacific Northwest was created by 

merging data from several existing inventories (Kirschbaum et al., 
2016), as well as collecting new landslide reports from news media and 
other sources. Most of the landslides in the PNLI originated in the Global 
Landslide Catalog (Kirschbaum et al., 2015, 2010), the Statewide 
Landslide Information Database for Oregon (Burns, 2014), and landslide 
inventories from the Washington Department of Natural Resources 
(Sarikhan et al., 2009; Sarikhan et al., 2008; Washington Division of 
Geology and Earth Resources, 2016). Over 85% of the inventoried 
landslides were considered shallow landslides or debris flows. In order 
to determine relationships between historical landslide occurrence and 
possible explanatory variables from NCA-LDAS, we converted the 14, 
495 landslides with known dates to a gridded dataset with the same 
temporal and spatial resolution as NCA-LDAS. Unfortunately, this pro
cess required omission of most data in the source inventories, because 
these—often prehistoric—landslides do not have specific known dates. 
In this paper, we shall refer to this gridded record of landslide occur
rence as the PNLI, although “PNLI” has previously been used to describe 
the underlying vector data. The PNLI is affected by a reporting bias to
wards populated areas and highways, as the date of landslide events is 
much more likely to be known when humans are impacted (Kirschbaum 
et al., 2016). This problem is most salient in Washington’s Olympic 
Peninsula, where the PNLI does not reflect the large number of land
slides with known locations but unknown dates of occurrence (Fig. 2). In 
addition, the PNLI is systematically biased towards the present since 
data was collected more consistently over the past decade. Thus, the 
PNLI alone is inadequate to provide a record of the climate’s effect on 
landslide behavior over multiple decades. We sought to address this 
problem by developing a landslide model that responds to changes in a 
multivariate, spatially consistent, gridded climate record. 

Despite these limitations, some general patterns can be observed in 
the PNLI. Landslides have been reported much more frequently to the 
west of the Cascade Mountains (Fig. 2). Furthermore, landslide activity 
followed a clear seasonal cycle (Fig. 3), with the most frequent landslide 
activity in the winter months of December, January, and February. 
Landslides were also common in March and November. The North 
American Deserts did not follow this cycle, but very few landslides were 
reported in this ecoregion. Landslides were most frequent in the Marine 

Fig. 1. The states of Washington and Oregon contain three Level I Ecoregions: the Marine West Coast Forest, the Northwestern Forested Mountains, and the North 
American Deserts. 
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Fig. 2. This map shows the number of reported landslide events per year from 2007 to 2015 over the 0.125-degree grid cells. At most locations, landslides have been 
reported less than once a year. Landslides were reported much more frequently in the city of Portland, which we believe is primarily caused by a reporting bias 
towards urban areas. 

Fig. 3. The historical landslide frequency was much higher in the Marine West Coast Forest ecoregion (green), but the gap shrank during the summer (1996–2015). 
Landslides were rarely reported in the North American Deserts (brown); this ecoregion did not show an obvious seasonal cycle. Overall, landslides were reported 
most frequently during the winter months. The dual peaks of activity in December and February were caused by the presence of two major events in the Pacific 
Northwest Landslide Inventory on February 6, 1996 and December 3, 2007. (For interpretation of the references to color in this figure legend, the reader is referred to 
the Web version of this article.) 
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West Coast Forest ecoregion, although the difference was less pro
nounced from April to September. 

The distribution of landslides was highly skewed (Fig. 4). Just eight 
days over the years 1996–2015 accounted for 87% of landslide grid 
cells, as well as almost 90% of historical landslides from 1996 to 2016 
(Stanley et al., 2017). No landslides were reported on the vast majority 
of days (6,820) during this period. The dominance of a handful of 
landslide events suggests the importance of long records to a good un
derstanding of landslide hazard. 

3. Methods 

3.1. Gradient boosting 

From the wide variety of machine-learning software, we selected 
XGBoost, a form of decision tree model that uses gradient boosting to 
achieve a good empirical fit. XGBoost has become the first choice of 
many data scientists due to its well-documented speed and accuracy 
(Chen and Guestrin, 2016). Furthermore, landslide scientists have 
applied it to both susceptibility mapping (Chakraborty et al., 2019) and 
displacement monitoring (Zhao et al., 2018). XGBoost is a gradient 
boosting machine (GBM), a class of models that optimizes classification 
performance by combining many weakly predictive models into a single, 
highly accurate ensemble. The algorithm relies upon multiple iterations, 
each of which corrects to the model produced in the previous step, a 
process known as “boosting”. A GBM optimizes performance by 
following the steepest gradient along a differentiable loss function 
(Friedman, 2001). With this method, scientists can fit a model that is 
highly predictive of a training dataset. However, overfitting (Fig. 5) can 
reduce the performance of the model on new data. This is commonly 
addressed by random subsampling of the training data, a technique 
which can greatly improve the ability of a GBM to generalize over new 
data (Friedman, 2002). In addition, XGBoost addresses this issue by 
regularizing the objective function (Chen and Guestrin, 2016); i.e. it 
adds a term that represents model complexity to the loss function that 
describes classification error: 

L(φ)=
∑

i
l(yi, ŷi) +

∑

k
Ω(fk)

Here, l is the loss function that compares the predicted value, ŷi (in 
this case, the probability that a landslide has occurred), to the observed 
value, yi (1 if a landslide was recorded, otherwise 0), and Ω represents 
the complexity of each tree added to the model, fk. In XGBoost, this 
regularization is primarily applied through the γ parameter, which 

requires each new split to improve the existing tree by a minimum 
amount. Although we utilized both subsampling and objective regula
rization when training the model, these were inadequate to obtain a 
stable and generally applicable prediction of landslide activity. Fortu
nately, XGBoost offers several additional parameters. 

The rate at which machine learning proceeds can be directly 
controlled with the η parameter, also known as shrinkage or learning 
rate. This number represents the ratio by which the output of each 
iteration will be reduced. Thus, increasing η will speed up machine 
learning and result in a model with a small number of strongly predictive 
trees. In contrast, decreasing η will slow learning and produce more 
trees, each of which is less fitted to the data but can have improved 
prediction as a whole. In practice, larger ensembles of trees produce 
more accurate and reliable outputs. The default η of 0.3 is excellent for 
exploratory work, but data scientists often lower the value to achieve 
better generalization. We set η to 0.01 for the final model in our 
application. 

Although XGBoost offers several parameters to mitigate overfitting, 
monotonicity constraints were especially effective. Although this 
parameter has been used in cybersecurity research (Incer et al., 2018), 
we believe that landslide scientists have not applied it previously. This 
may be because it nullifies an important advantage of machine learning 
over linear regression: the ability to model non-monotonic relationships. 
This loss may reduce performance on existing data, but it can increase 
the model’s reliability for new conditions (Incer et al., 2018). Fortu
nately, researchers can control the presence and direction of monotonic 
constraints for every input variable. Even very conservative values for γ 
and other parameters failed to eliminate overfitting, so we applied 
monotonic constraints to all predictors for which a direction could be 
assigned with confidence from prior knowledge (Table 1). Other vari
ables were not included in the model. We also made a simplification of 
soil temperature, which is available for each soil layer in the NCA-LDAS 
record. Rather than include four related variables that might not have a 
monotonic relationship with landslide probability, we checked if the 
temperature of any layer was below 0 ◦C. Although variable selection 
and monotonicity introduced a certain amount of subjectivity into the 
modeling process, the increase in reliability made it the best choice for 
obtaining a regional landslide climatology. 

Fig. 4. The geographic reach of a landslide event was related to its frequency. 
The x-axis shows the number of 0.125-degree grid cells in which a landslide was 
recorded in the Pacific Northwest Landslide Inventory for a given day. The y- 
axis shows the number of days on which a landslide event with a given 
geographic reach occurred. A small number of landslide events dominated the 
historical record (1996–2015). 

Fig. 5. An example of overfitting from a preliminary model that incorporated 
mean sediment thickness. The red dot shows the modeled probability that a 
landslide occurred near Mukilteo, Washington on December 19, 2012. The blue 
dots show the modeled probability that a landslide would occur, given other 
sediment thicknesses and holding all other variables constant. The model has 
clearly identified one historical landslide in the training data, rather than 
learned a general rule about landslide behavior. Sediment thickness was not 
included in the final model. (For interpretation of the references to color in this 
figure legend, the reader is referred to the Web version of this article.) 
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The difference between the number of grid cells with and without 
recorded landslides, known as class imbalance, is an important chal
lenge in landslide research (Stumpf and Kerle, 2011; Van Den Eeckhaut 
et al., 2009), as well as many other domains. Dynamic landslide mod
elers must contend with a much greater imbalance than is typically 
encountered in susceptibility mapping, because exact dates are not 
available for most inventoried landslides. Thus, the inventories of dated 
landslides are much smaller than the undated landslide inventories used 
for susceptibility mapping. Furthermore, the limited stockpile of land
slide events must be divided across thousands of time steps. In this case, 
the ratio of landslides to other pixels is 7x10− 5. The strength of this class 
imbalance destabilized gradient descent, even with a low η. Fortunately, 
XGBoost provides two tools to address class imbalance. The first, sca
le_pos_weight, can raise the importance of rare events during model 
training. This can increase predictive ability (Song et al., 2018), but will 
produce incorrect probability estimates (xgboost developers, 2016). In 
order to avoid this problem, we focused on the second parameter, 
max_delta_step, which limits the strength of updates performed in each 
iteration of training. This differs from η in that it applies a hard limit to 
each update, rather than rescaling the value. A value of 10 produced a 
much more stable series of updates when training this landslide model. 
Table 2 shows the full list of parameter choices used to generate a 
landslide climatology of the Pacific Northwest. 

In order to achieve the most accurate model, we limited the training 
data to the most recent section of the PNLI: water years 2011–2015. We 
withheld water years 1996–2010 to evaluate the performance of the 
trained model. This time period contains two very large landslide events 
and relatively few small landslide events. Since these events are outside 

the range of data for 2011–2015, they represent a difficult test for the 
model to overcome. Most of these early events were recorded in Oregon. 
The remainder of the PNLI is not a complete record of water year 2016, 
so it was not included in either the training or validation datasets. The 
entirety of the states of Washington and Oregon were utilized, but the 
coarse resolution of the NCA-LDAS dataset meant that a few landslides 
were located within water pixels and did not contribute to either 
training or testing the model. 

3.2. Landslide climatology 

While the process of building machine-learning models can, in itself, 
be informative, we produced a landslide hazard indicator in order to 
understand the historical patterns of landslide behavior across the Pa
cific Northwest. At the most basic level, we averaged the LHI over the 
full time series (1979–2016) at each location to produce a map that 
shows where landslides would be expected more frequently. We applied 
a similar analysis over time by averaging LHI for each month across the 
whole study area. We also produced a climatology for each ecoregion by 
determining the long-term mean LHI within each zone and month. These 
methods could be repeated for any subset of the study domain. In order 
to understand the climatology of landslides in more detail, we calculated 
a seasonality index (SI) that rates the temporal concentration of the LHI 
at each grid cell. Although this can be produced on a monthly basis 
(Markham, 1970), it can also be calculated from daily data (Burn, 1997). 
The SI is determined by treating each unit of time as an angle on the unit 
circle and assigning a length equal to the property of interest—in this 
case, LHI. Next, the resultant of these vectors is divided by the annual 
total to produce the SI value. Thus, a uniform distribution of LHI across 
the year would produce a SI of zero, while a perfect concentration of all 
landslides in a single month or day would produce a SI of one. In 
addition, the mean direction of the vectors can be determined and 
converted back to the relevant unit of time. Landslide activity does not 
necessarily peak on the resulting date; rather it is the center of the 
landslide season as a whole. Mean direction is more reliable for sites 
with high SI values; low values may indicate a lack of consistent sea
sonality and, thus, the average date might be uninformative for these 
sites. This range of climatological measures shows where and when 
landslides were likely to happen. 

3.3. Co-occurrence of rain on snow and landslides 

Since rain falling on snow has been identified as a major cause of 
landslides in this region, we also analyzed the historical frequency of 
these events. Drawing on a previously published model (Chleborad 
et al., 2008), we defined ROS as days in every grid cell where greater 
than 25.4 mm of rain fell on a layer of snow deeper than 150 mm. The 
historical frequency of landslides (3.0 × 10− 3) in these events is roughly 
two orders of magnitude higher than the overall baseline for the study 
area (8.5 × 10− 5). It is also slightly higher than the frequency of land
slides when rainfall is greater than 25.4 mm and snow depth is not 

Table 1 
These variables may predict landslides. We applied constraints to the GBM that 
forced it to eliminate any splits in the model’s trees where the output does not 
increase or decrease monotonically. Although these constraints prevent the 
landslide model from achieving a perfect fit to the training data, enforcing 
monotonicity greatly increased its physical realism and generalization capacity. 
All predictors have a 0.125-degree, daily resolution.  

Predictor Monotonicity Justification 

Antecedent conditions 
Relief (derived from 

3DEP elevations) 
Increasing Mountainous regions generally 

experience more landslides than flat 
plains. 

CanopInt (Plant canopy 
surface water) 

Increasing Water stored in the canopy of forests 
may travel downwards and infiltrate 
or run off. 

SnowDepth Increasing If melted, snow provides a large 
source of additional water. 

Frozen (derived from soil 
temperatures) 

Decreasing Frozen ground may prevent the 
movement of both water and soil. 

SoilMoist0_10 cm Increasing Soil moisture can serve as a proxy for 
groundwater conditions near the 
surface, and it may be correlated with 
conditions at depth. 

SoilMoist10_40 cm Increasing 
SoilMoist40_100 cm Increasing 
SoilMoist100_200 cm Increasing 
Forcings (Triggers) 
Rainf Increasing Rainfall is a well-known trigger of 

landslides. 
Snowf Increasing Falling snow may accumulate mass on 

a slope or melt and introduce 
additional liquid. 

Wind_f (Wind speed) Increasing Wind can topple trees, weakening root 
mass strength or directly triggering 
landslides. Wind can increase the rate 
of snowmelt. Wind may also serve as 
an indicator of storm intensity not 
captured by daily rainfall totals. 

Qs (Storm surface runoff) Increasing Excessive runoff may initiate debris 
flows or undercut stream banks. 

Qsb (Base flow- 
groundwater runoff) 

Increasing Water infiltrating from surficial soils 
may increase pore pressures at depth. 

Qsm (Snow melt) Increasing Water from melting snow may 
infiltrate into ground water or run off 
across the ground surface.  

Table 2 
These parameters control how XGBoost fits model to data. Many other 
options are available but were not used in the final version of this 
landslide model.  

Parameter Value 

Tree method “hist” 
Objective “binary:logistic” 
Number of rounds 500 
η (shrinkage)  0.01 
γ (minimum loss reduction)  0.01 
Maximum delta step 10 
Subsample 0.8 
Monotone constraints See Table 1 
Other parameters Default values  
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greater than 150 mm (2.8 × 10− 3). In addition, a threshold of 25 mm 
recent rainfall has been identified as a rough minimum trigger for 
landslide activity across this region (Stanley et al., 2017). We computed 
the long-term frequency of ROS days at each location. 

3.4. Trends in rain on snow and landslide seasonality 

In addition to the primary analyses, we also calculated the trends 
over time in ROS, the LHI, and the SI derived from LHI. The rate of 
change was calculated with the Theil-Sen method for slope estimation 
(Theil, 1992), with Mann-Kendall significance testing (Kendall, 1948; 
Mann, 1945). 

4. Results 

4.1. Gradient boosting model evaluation 

The model produced maps of LHI with a daily, 0.125-degree reso
lution. Typically, the western third of the study area showed the highest 
probability of landslide occurrence (Fig. 6), but this was not always the 
case (Fig. 7). This geographic pattern broadly matches the historical 
record of landslides (Fig. 3). Standard quantitative measures also indi
cate success in reproducing the observations in the PNLI. Binary pre
dictions, including landslide maps, are often judged with the curve from 
the receiver operating characteristic (Petschko et al., 2014). Although 
the shape of the curve can convey more complex information, the area 
under this curve (AUC) serves as a standard measure of performance. 
Results of the model comparison have an AUC of 0.91 for the model 
training period (2011–2015), and an AUC of 0.95 for the evaluation 
period (1996–2010), suggesting excellent overall performance. 

The process of model development is iterative, and we tested mul
tiple models against the validation data. In order to ensure complete 

independence, we did not test predictions for the year 2016 during the 
model development process. Therefore, we obtained two small in
ventories of dated landslides: NASA’s Global Landslide Catalog (GLC) 
and Recent Landslides in Washington State (Washington DNR, 2019). 
Rock falls were removed from both inventories, and landslides with a 
spatial accuracy worse than 10 km were removed from the GLC. We 
benchmarked the new XGBoost model against a simple 
recent-antecedent (RA) rainfall threshold that was fitted to this study 
area (Stanley et al., 2017). The RA threshold predicted 37% of the GLC 
landslides and 31% of the Recent Landslides in Washington State, with a 
FPR of 6%. In order to compare these binary results to the probabilistic 
outputs of XGBoost, we applied a probability threshold of 0.00033126, 
which generates a binary output with the same FPR as the RA threshold, 
but a different spatiotemporal structure. With this binary output, 
XGBoost correctly predicted 55% of the GLC and 69% of the Washington 
landslides. 

Since quantitative metrics can give false confidence in empirical 
models (Steger et al., 2016), we also sought to examine the plausibility 
of the relationships between model inputs and outputs. XGBoost pro
vides a few default measures of variable importance; the most useful is 
“gain”, the average error reduction made by introducing each variable 
to the model (Chen and Guestrin, 2016). This measure shows that 
rainfall is the most useful predictor of landslides, while snowfall is the 
least (Fig. 8). Soil moisture and temperature also play important roles in 
modulating the output. 

4.2. Landslide climatology 

LHI provides an overview of landslide seasonality across the whole of 
the Pacific Northwest. As shown in Fig. 6, landslides were more probable 
along the west coast. Landslide-triggering conditions also occur 
frequently on the west side of the Cascades. The temporal pattern of 

Fig. 6. Mean LHI by grid cell for the period 1979–2016. Light color indicates low probability of a landslide occurring at a location, and dark red indicates a higher 
probability. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 
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landslide behavior was revealed by calculating the monthly mean LHI of 
all grid cells in the study area (Fig. 9). The highest monthly LHI from 
1979 to 2016 was recorded for February 1996, which was also the peak 
of landslide activity recorded in the PNLI. (The PNLI does not contain 
any landslides with precise dates reported before 1996.) Other notable 

peaks in LHI can be seen in December 1981, February 1986, December 
1996, February 1999, and January 2006. LHI typically peaked in winter, 
fell to very low levels in the summer, and did not rise until late in the fall. 
We also analyzed the monthly climatology within each major ecoregion 
(Fig. 10). LHI was highest in the “Marine West Coast Forest” ecoregion 

Fig. 7. LHI on August 1, 2009. Light color indicates low probability of a landslide occurring on this day, and dark red indicates a higher probability. On this summer 
day, landslides were relatively improbable (one order of magnitude lower than the average rate), and the region of greatest hazard had shifted from the Coast Range 
to the North Cascades. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 8. This chart shows the information gained from each time a variable was considered by the model. Since each variable can show up many times, the error 
reduction was averaged across all of the instances of that variable in the model. In this case, the most informative predictors were rainfall, soil moisture, and soil 
temperature. 
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and lowest in the “North American Deserts” ecoregion. LHI peaked in 
the “Marine West Coast Forest” and “Northwestern Forest Mountains” 
during December and January, but March was the peak month in “North 
American Deserts”. Calculation of SI and mean direction of LHI at each 
grid cell corroborated this climatology (Fig. 11). The average date of the 
local landslide season was typically in the winter months of December, 
January, and February for locations west of the Cascades. Landslide 
season was less consistent east of the Cascades; the average dates were 
spread over fall, winter, or spring. However, LHI did not peak during 
summer anywhere in the study area. SI was very high along the west 
coast, indicating a strong seasonal pattern to LHI in this area (Fig. 12). In 

some locations, SI exceeded 0.7. East of the Cascades, SI was more 
variable. In some of these areas, SI exceeded 0.6, while SI < 0.1 at many 
locations. The largest area without a consistent landslide season was 
located in central Washington; SI was also low over much of eastern 
Oregon. Overall, this climatological analysis showed that landslide 
hazard was most severe in winter, that LHI was declining but highly 
variable, and that the seasonal cycle was more consistent along the west 
coast. 

Fig. 9. LHI was averaged across the study area by month. Both observations from the Pacific Northwest Landslide Inventory (blue) and the modeled LHI (orange) 
show a consistent seasonal cycle with a peak in February 1996, the first month for which dated landslides were available. The observed and modeled LHI magnitudes 
match closely during the training period (gray box) and the first half of water year 2016 but diverge for many of the earlier years. In most cases, gaps in the historical 
record probably caused the difference between the low frequency of observed landslides and the winter peaks in modeled LHI. (For interpretation of the references to 
color in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 10. This monthly landslide climatology was produced by determining the mean LHI for each month and EPA level 1 ecoregion. LHI was substantially higher in 
the Marine West Coast Forest ecoregion, although the gap narrows during the summer months. The Northwestern Forested Mountains experienced a flatter dis
tribution of LHI than the coast, but the seasonal cycle still peaked in the winter. LHI was lowest in the North American Deserts ecoregion at all times of year. Unlike 
the Pacific Northwest as a whole, LHI peaked during March in the desert region, not December and January. 
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Fig. 11. The day of the year around which the 
typical landslide season is centered (known as 
“mean direction”). This date is not necessarily the 
same as the date of maximum LHI. It is calculated 
by treating each day of the year and it’s corre
sponding climatological mean LHI as a vector, then 
determining the resultant. West of the Cascade 
range, landslide season occurs during the months 
of December, January, and February. East of the 
Cascades, the seasonal mean direction can also 
occur in the Spring or the Fall.   

Fig. 12. A seasonality index (SI) indicates the concentration (purple) or dispersion (brown) of LHI over a typical year, where a value of one would indicate that only 
one day contains the entire annual hazard and a value of 0 indicates a uniform distribution across all days. The areas west of the Cascade Range show a strong 
seasonal pattern in LHI, except for the Olympic Mountains. SI ranges from very high to very low values to the east of the Cascade Range, with a fairly consistent 
seasonal pattern along the Columbia and Snake Rivers. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of 
this article.) 
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4.3. Co-occurrence of rain on snow and landslides 

Rain falls on snow most frequently during the winter months of 
December, January, and February (Fig. 13). The months of March and 
November represent a transition between summer and winter condi
tions, with a lesser number of ROS days. This season matches the 
landslide cycle quite well (Fig. 3). 

ROS was most common in the Olympic and Cascade Ranges, 
particularly the North Cascades (Fig. 14). The remainder of the study 
area experiences ROS only on rare occasions. This geographic distribu
tion does not match that of historically recorded landslides (Fig. 2). 
Specifically, no dated landslides were recorded in the Olympic Moun
tains, even though this area experiences ROS frequently. In addition, 

large numbers of landslides have been recorded in the Coast Range and 
Cascades of Oregon; ROS occurs rarely in most of these areas. 

4.4. Trends 

We found statistically significant declining trends in the annual 
number of ROS days at many locations (Fig. 15a). The rate of change was 
no more than a half day per year over the period 1979–2016; in most 
locations, it was much slower. Very few locations experienced increased 
ROS. Statistical significance was largely confined to the areas with 
frequent ROS. The overall picture is one of broadly declining numbers of 
ROS days at higher elevations and infrequent ROS at lower elevations 
and in drier regions. Although statistically significant trends were not 

Fig. 13. Monthly mean frequency of rain on snow across the study area for 1979–2016 is highest in the months of December, January, and February.  

Fig. 14. Frequency of rain-on-snow days by location over the time period 1979–2016. Rain falls on snow more often in the Olympic and Cascade Ranges. These 
events are infrequent over most of the study area. 
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found at most grid cells, LHI declined at most locations on both sides of 
the Cascade Range and increased in relatively few locations (Fig. 15b). 
Statistically significant trends in SI were relatively uncommon, even at 
the 0.1 level (Fig. 15c). SI increased and decreased in roughly equal 
numbers of locations. Nearly all of these were located east of the Cas
cades. However, neither the increases nor the declines were clustered in 
a specific area. 

5. Discussion 

While we implicitly or explicitly modeled a wide range of triggers, 
pre-conditioning factors, and landslide types, some topics were not 
analyzed. Rock falls were explicitly omitted from the PNLI and wave 
action on coastal bluffs was not modeled. We did not consider the 
cascading impacts from volcanoes, which means the results do not show 
potentially substantial, if infrequent, lahar hazards from the Cascades. 
While wildfires are probably not a major destabilizing factor in this 
region, the omission of burned areas as a predictor might have a con
founding effect on model performance in some locations. Perhaps the 
most important omission was the absence of anthropogenic terrain 
modification from the list of predictors. Human activities can have a 
profoundly destabilizing effect, and they have played a major role in 
landslide activity from local (Chleborad et al., 2008) to global scales 
(Froude and Petley, 2018). The challenge here was differentiating the 
true effects of human activity from the apparent effects that are due to 
inventory bias. Landslides were much more commonly recorded near 
highways in the PNLI (Kirschbaum et al., 2016), but this probably re
flects the chance that a landslide was recorded more than the chance 
that a landslide occurred. Including any anthropogenic activity index, 
such as distance to road, would probably have acted as a strong con
founding factor on the analysis of hazard. Nevertheless, we acknowledge 
that it would be desirable to consider anthropogenic slope modification 
as soon as improved inventories are available. 

The incomplete nature of the PNLI implies some uncertainty in the 
LHI values. The relatively low modeled probabilities associated with 
historical landslide events might be due not only to the low frequency of 
historical landslides, but also the uncertainly due to false negative labels 
in the training data. It also implies that the probabilities of landslide 
occurrence represent a minimum level of hazard; this is one reason that 

the LHI cannot be interpreted as a “hazard map” of the Pacific North
west. Another reason is that the dominance of a handful of major events 
(Fig. 4) suggests that risks from the extreme tail of the distribution are 
very important. This implies that the 20-year inventory may be too short 
to accurately estimate landslide hazard. For now, models are a prefer
able way to assess hazard, although the current model does underesti
mate the impact of two major events. 

Although ROS is rare (Fig. 6) in the areas with the most landslide 
reports (Fig. 2), this does not mean that ROS plays no role in triggering 
landslides. Since major landslide events are rare (Fig. 4), infrequent ROS 
could still be a critical factor in slope failure. 

Although we have used the PNLI to evaluate the model, a more ho
listic comparison is often warranted. For example, Fig. 1 shows a sur
prising lack of dated landslides in the Olympic Peninsula of Washington. 
Frequent ROS events imply a high landslide rate (Fig. 14), as does the 
rugged terrain. In fact, numerous landslides have been catalogued in this 
area (Kirschbaum et al., 2016), but the record rarely included dates. By 
one interpretation, the absence of human populations in the Olympic 
Mountains has reduced the number of landslides reported by the news 
media, a major source of dated records. This seems probable, but the 
spatial pattern of the LHI suggests that other factors were in play (Fig. 6). 
Landslide-triggering conditions occurred far less often in the northeast 
quadrant of the peninsula than along the Pacific coastline. It seems 
possible that part of the explanation for the gap in Fig. 1 is that land
slides in this area are simply infrequent. Another interpretation is that 
the absence of human activity on the Olympic Peninsula has reduced the 
number of destabilized slopes relative to more populous regions of the 
Pacific Northwest. In this hypothesis, much of the reported landslide 
activity in the PNLI has been affected by anthropogenic influence. 
Finally, the model explicitly omitted rock falls, which are a major pro
cess at higher elevations. If these were included, LHI in rugged moun
tains like the Olympic Range might have been higher. We cannot resolve 
the issue without a more detailed investigation, but we are inclined to 
attribute most of the gap to an inventory bias towards populated areas. 

The divergence between model and observations from 1999 to 2005 
could be interpreted as a failure of the model to generalize outside of the 
training period. In this view, the model should have been trained with a 
randomized train-test data split instead of the division by water years. 
However, that approach would have introduced numerous false 

Fig. 15. Trends in (a) the number of rain-on-snow (ROS) days, (b) the landslide hazard indicator (LHI), (c) the seasonality index (SI) were calculated with the Theil- 
Sen method for slope estimation. Upward trends are shown in blue and downward trends in brown. Mann-Kendall tests showed that most locations have not 
experienced statistically significant changes (no color). Trends significant at the p < 0.1 level are shown with light colors, while trends significant at the p < 0.01 
level are shown with dark colors. ROS declined at higher elevations, with minor upward trends observed in only a few locations (a). Only statistically significant 
trends (p > 0.1) are shown, but these tend to be found at the sites with the most ROS days. LHI decreased throughout the study area (b), despite the diversity of 
terrain and climate. The geographic distribution of declines in ROS and LHI do not match, which implies that the change in LHI is not dominated by changes in the 
frequency of ROS. Few locations west of the Cascades showed a significant trend in the SI, and the trends were not clustered into a few large regions (c). The 
combination of low statistical significance, roughly equal numbers of increases and declines, and lack of association between trends and major climate zones suggests 
that no major shift in the SI took place over the years 1979–2016. (For interpretation of the references to color in this figure legend, the reader is referred to the Web 
version of this article.) 
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negatives from years that probably experienced numerous landslides. 
We attribute the gaps in the inventory prior to 2007 to lack of reporting, 
rather than any physical phenomenon. If this assumption is correct, the 
current train-test split should produce a more accurate model by 
including fewer labeling errors in the training data. Of course, a much 
larger and more complete inventory of dated landslides would obviate 
this approach and allow a conventional randomized training data split. 

Dividing the data by water year also has the benefit of challenging 
the model’s ability to function well under more extreme circumstances 
than those in the training data. Splitting the data at 2011 leaves the 
largest landslide events (Fig. 4) out of the training sample. If these 
extreme conditions were handled well, that would indicate a robust 
model that is capable of extrapolation outside of its training data. For the 
most part, this has been achieved. The model shows temporal peaks in 
1996, 2006, 2008, and 2009 that correspond to months with more 
observed landslides. It also identifies the unseasonably low level of 
landslide activity in the winter of 2009–2010. It did underestimate the 
peaks of landslide activity in the winters of 1995–1996 and 2007–2008. 
However, it succeeded in identifying the month of February 1996 as the 
most hazardous in the entire time series. The results include good pre
dictions of most out-of-sample major events, which should reinforce 
confidence in the predictions made for years with no historical landslide 
data. 

XGBoost is a powerful tool for prediction, but it requires careful 
supervision to avoid spurious associations between landslides and pre
dictors. In the course of this research, a preliminary model accurately 
predicted every grid cell for the training period 2011–2015. Unfortu
nately, it was severely overfitted (Fig. 5), so we were forced to revise 
both the model parameters and input variables. Nevertheless, the pre
liminary GBM performed well against independent data (AUC = 0.95). 
Our experience suggests that landslide scientists should be very cautious 
when evaluating the results of empirical modeling, particularly when 
numerous predictors are available. Furthermore, it demonstrates that 
the need for common sense in model evaluation is not limited to land
slide susceptibility (Steger et al., 2016) but also applies to dynamic 
landslide models. While we did not attempt to develop an early warning 
system for the Pacific Northwest, machine learning with multivariate 
inputs appears likely to advance that field of research as well. Uncer
tainty and sensitivity analyses of machine-learning models could also 
help identify what climatic variables are most valuable for under
standing landslide behavior; in turn, this can inform decisions about 
future climate research. 

The downwards trend in ROS (Fig. 15a) can be attributed to declines 
in both snow cover and very heavy (>20 mm) precipitation over the 
Pacific Northwest (Jasinski et al., 2019). ROS appears to follow the same 
temporal distribution as landslides (Fig. 2), but its spatial distribution 
suggests that it accounts for only a small portion of landslide hazard 
(Fig. 14). Since ROS primarily affects mountainous areas, changes in 
snowfall have the highest impact on these locations. 

When evaluated across the entire record, LHI showed a declining 
trend over time (Fig. 15b), which paralleled consistent decreasing trends 
in the underlying hydrologic variables such as extreme rainfall (Jasinski 
et al., 2019). As with ROS (Fig. 15a), LHI decreased across the Pacific 
Northwest. Unlike ROS, these declines occurred in all major regions, not 
just one climate zone. 

Although Mann-Kendall analysis showed statistically significant 
trends in SI (Fig. 15c), many false trend detections would occur through 
random chance. Combined with the fact that roughly equal numbers of 
decreasing and increasing trends were observed and the fact that no 
association between climatic zones and SI trends was obvious (other 
than the absence of trends along the coast), we suspect that the trends in 
SI are spurious and do not reflect a major regime shift over the past 4 
decades. 

Although there has been a decreasing trend in ROS and LHI, it is 
possible that anthropogenic disturbances have increased both landslide 
hazard and risk in the states of Washington and Oregon. Population has 

been growing steadily in the Pacific Northwest for decades (CIESIN, 
2018; CIESIN, 2005). This growth has occurred broadly, but the rate of 
growth is fastest in the most hazardous quarter of the study area 
(Fig. 16). Although this increase in exposed population does not guar
antee an increase in risk (we did not analyze vulnerability), it suggests 
the need to enforce construction standards that can mitigate or avoid 
landslide damages and injuries. Fortunately, Washington and Oregon 
have embraced landslide research and disaster preparedness more 
generally. 

Analyzing the NCA-LDAS dataset produced a multi-decadal overview 
of landslide hazard across the Pacific Northwest, but this lagging indi
cator is not without limitations. The LHI emphasizes the geographic or 
temporal extent of landslide-triggering events, rather than the number, 
arrangement, speed, or volume of landslides at each location. This 
emphasis, as well as the coarse resolution, limits its utility for deriving 
landslide risk, and the LHI probably has little relevance to determining 
sediment budgets. The LHI is not appropriate for calculating a landslide 
return period, nor is it a substitute for site-specific investigations prior to 
any construction project. However, LHI does serve an important purpose 
by enabling the comparison of landslide hazard across broad spatial and 
temporal scales. It can also inform the inventory mapping process, by 
identifying dates and places to look for historical landslides. In the 
supplement, we have included a listing of grid cells that could form the 
basis for inventory expansion through historical imagery analysis or 
searches of media archives. LHI also serves to correct or inform the 
historical record by providing a view into the conditions at the time of 
failure. For example, many landslides not considered in this analysis 
were reported without a known trigger; a high LHI value for that date 
and location implies that the slide was triggered by one of the predictors 
from the NCA-LDAS data, and a detailed examination of the model’s 
response to inputs could identify which factors were most important for 
that event. LHI can probably be extended to projections of future hazard 
and new regions, although these may require additional predictors. 

6. Conclusions 

Antecedent conditions help describe landslide behavior not pre
dicted solely by rainfall intensity and duration or recorded in historical 
inventories. Machine learning is an effective method for incorporating 
rainfall intensity, atmospheric rivers, antecedent soil moisture, and 
melting snow from land data assimilation systems into a unified indi
cator of rainfall-triggered landslide hazard. 

Multivariate modeling reveals that landslides follow general 
geographic and temporal patterns, but with substantial interannual and 
local variability. West of the Cascade Range, landslide frequency was 
high; and the season was well defined, with activity centered on the 
month of January. East of the Cascades, landslide season was not as 
strongly defined, and the frequency of hazardous conditions was much 
lower. Although some landslides do occur in summer, this is not the 

Fig. 16. The population of the Pacific Northwest has increased steadily, espe
cially in the most hazardous areas (CIESIN, 2018; CIESIN, 2005). 
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dominant period for any location in the Pacific Northwest. The LHI 
serves well as a guide to landslide seasonality because it acts as a 
consistent measure across time and space that can be easily compared to 
the frequency of historical reports. 

Software accessibility 

We used free, open source software to perform this analysis. We have 
also provided the model dump file to ensure full replicability of this 
study’s results. 

XGBoost has been documented thoroughly in an academic paper 
(Chen and Guestrin, 2016), as well as an online manual at https://xgboo 
st.readthedocs.io/. Although XGBoost is written in C++, a wide variety 
of interfaces are now available. We accessed its functions through scripts 
written in the Python language on a linux virtual machine with 10 
central processing units. 
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