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Vegetation productivity
summarized by the Dynamic
Habitat Indices explains broad-
scale patterns of moose abundance
across Russia
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Andrew M. Allen*®, Murray K. Clayton®, Anna M. Pidgeon?, Leonid M. Baskin’,
Nicholas C. Coops® & Martina L. Hobi'®

Identifying the factors that determine habitat suitability and hence patterns of wildlife abundances
over broad spatial scales is important for conservation. Ecosystem productivity is a key aspect of habitat
suitability, especially for large mammals. Our goals were to a) explain patterns of moose (Alces alces)
abundance across Russia based on remotely sensed measures of vegetation productivity using Dynamic
Habitat Indices (DHIs), and b) examine if patterns of moose abundance and productivity differed before
and after the collapse of the Soviet Union. We evaluated the utility of the DHIs using multiple regression
models predicting moose abundance by administrative regions. Univariate models of the individual
DHls had lower predictive power than all three combined. The three DHIs together with environmental
variables, explained 79% of variation in moose abundance. Interestingly, the predictive power of the
models was highest for the 1980s, and decreased for the two subsequent decades. We speculate that
the lower predictive power of our environmental variables in the later decades may be due to increasing
human influence on moose densities. Overall, we were able to explain patterns in moose abundance in
Russia well, which can inform wildlife managers on the long-term patterns of habitat use of the species.

Human activity can cause major changes to the quality and extent of ecosystems through climate change and
deforestation' with major implications for biodiversity?~*. Predicting how wildlife responds and adapts, both
in terms of occurrence and abundance, to these altered, and in some cases novel environmental conditions’, is
important for management and conservation. Remote sensing is an effective tool to understand patterns in wild-
life abundance, because imagery is acquired across broad scales and over long time periods®. Indeed, habitat and
land cover maps based on remotely sensed data are powerful predictors of species occurrence patterns over large
areas® . However, predicting abundances is more challenging, and continuous measures, such as plant productiv-
ity may be more important. That raises the question as to which remotely sensed indices best correlate with large
mammal density and specifically how vegetation productivity affects herbivore densities.

The Dynamic Habitat Indices (DHIs) are remote sensing indices that summarize three measures of vege-
tative productivity: cumulative productivity (cumulative DHI), minimum productivity (minimum DHI), and
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seasonality (variation DHI)?->. The DHIs can be computed from a range of satellite datasets including the
Moderate Resolution Imaging Spectroradiometer (MODIS), which is aboard NASA’s Terra and Aqua satellites,
developed to monitor the environmental conditions of Earth'*. Originally, the DHIs were developed to predict
species richness, and this relationship is well grounded in ecological theory". For example, the species-energy
hypothesis predicts that areas with high productivity are able to support a greater number of species'>'%. Indeed,
the DHIs are good predictors of bird species richness in Canada®'?, the US'}, and Thailand'®, and of amphibian,
mammal, and bird species richness in China'?, and across the globe®.

However, while the species-energy hypothesis focuses on species richness, energy, as represented by the DHIs,
may also be useful in predicting abundance patterns within a given species’ range. In areas with higher vegetation
productivity, animal home ranges are typically smaller?*-??, and reproductive and survival rates are higher?. The
relative importance of the DHIs to predict abundance is yet to be tested though, because abundance depends on
many factors besides productivity, including availability of forage in space and time, necessary climate conditions
for survival and reproduction, as well as predation and harvest pressure.

Wildlife abundance data collected across Russia provides a unique opportunity for exploring the relationship
between species-abundance and vegetative productivity because of the broad spatial and temporal coverage of
Russia’s wildlife surveys and Russia’s large variability in climate and vegetative productivity. Russia has monitored
abundance of game species since the 1960s using winter track counts (WTC)?**?, aerial surveys, and hunter
surveys®®. We selected moose (Alces alces) for our analysis because it is a herbivore that has a large range, and
is important for the subsistence economy of many parts of rural Russia and especially its indigenous people?’.
Moose densities vary considerably across Russia, and generally moose densities in European Russia, i.e., west
of the Ural Mountains, are two to three times higher than those in the Asian part of Russia?®. Moose abundance
data were available at the scale of Russia’s administrative regions from 1981 to 2010. This time period is interest-
ing because Russia has undergone radical political and economic changes since 1981, including the collapse of
the Soviet Union in 1991, and the transition from a socialist government to a market economy. Especially in the
early 1990s, there was reduced enforcement of environmental regulations. Rapid economic decline at this time
affected human livelihoods and increased poverty?, as well as agricultural land abandonment®, and forest loss*'.
Consequently, the economic downturn affected wildlife populations primarily due to overexploitation, as people
relied more heavily on wildlife for food*>**. However, after 2000, populations of many wildlife species rebounded,
potentially due to increasing habitat availability on abandoned agricultural fields.

The main goal of our study was to evaluate how vegetative productivity is related to moose density across
Russia. Specifically, we aimed to a) explain patterns of moose (Alces alces) density across Russia based on remotely
sensed measures of vegetation productivity (i.e., the DHIs), environmental variables (temperature and precipita-
tion), elevation, and human influence (human footprint index, road density), and b) examine if the relationship
between average moose density versus productivity and temperature differed among the last decade of Soviet
time, the first decade after the collapse of the Soviet Union, and the second decade after the collapse, given the
changing population trends and socioeconomic conditions during these periods (Fig. 1c). We predicted higher
moose abundance in regions with higher vegetation productivity (cumulative DHI), higher minimum productiv-
ity (minimum DHI), and less variation in productivity over the course of a year (variation DHI), and that those
relationships were stronger prior to the collapse of the Soviet Union than afterwards.

Results

Moose abundance patterns. Moose populations experienced large changes during our study period. From
1981 to 1991 moose populations grew rapidly, and reached a maximum population of approximately 900,000
moose across Russia by the end of this period (Fig. 1¢). After the collapse of the Soviet Union in 1991, the moose
population across Russia rapidly declined and reached a minimum in 2002 of approximately 520,000 individu-
als, equivalent to a decline of 42%, and in some regions the moose population declined by 98% (Fig. 1c,d). After
2002, the moose population recovered somewhat and in 2010 it reached approximately 645,000 individuals. The
coefficient of variation of moose density among regions fluctuated considerably over time (Fig. 2a). Comparing
the three decades, median coefficient of variation was the lowest in 1981-1990 and the highest in 2001-2010
(Fig. 2b). However, the range values of coefficient of variation for the different regions overlapped among all three
decades suggesting that there was no significant change in data quality.

Based on MODIS stable land cover information we identified 10.6 million km? of suitable habitat for moose
within its range (Fig. 1a). In some regions, for example, Volgograd and Orenburg, there was little forest cover,
resulting in a small area of suitable habitat based on the eight selected land cover classes. However, both regions
are located on large rivers, and moose live in the floodplains, which were not always correctly classified in the
MODIS land cover data. Thus, while the total moose population was low in these districts, densities may have
been somewhat inflated because of the small habitat area in the denominator.

DHI and moose density. The DHIs captured the temporal pattern of vegetation productivity over the
Russian territory well (Fig. 3). Values for cumulative DHI were highest for mixed forests in European part
of Russia and deciduous broad leaf forests in the southern part of Siberia (including the Altai, Sayans, and
Sikhote-Alin mountain ranges). Minimum DHI had low values in the northern and northeastern parts of Russia,
which is mainly covered by boreal forests, and high values in the southeast of the Asian part of Russia (south of
Far East) and the south of Russia (Caucasus region), characterized by a mild climate. In contrast to cumulative
DH]I, variation DHI showed high values in the north, and especially the north-east of Russia, in tundra and taiga
areas (Fig. 3).

First, we evaluated each DHI individually in order to see how much moose density variation they explained.
Cumulative DHI had a positive relationship with moose density (R*4=0.23, P <0.01) while variation DHI
exhibited the opposite trend with low moose densities in regions with high variation DHI (R?4;=0.23, P <0.01).

SCIENTIFIC REPORTS |

(2020) 10:836 | https://doi.org/10.1038/s41598-019-57308-8


https://doi.org/10.1038/s41598-019-57308-8

www.nature.com/scientificreports/

Moose suitable habitat

Moose density (numbers/km2)
0.00-0.17
I 0.18-0.47

I £vergreen Needieleaf forest Open shrublands i [ 0.48- 147
I Evergreen Broadieat forest [l Woody savannas ” B 5277
[ Deciduous Needleleaf forest ] Permanent wetlands - 2.78-4.90
I Deciduous Boadleaf forest ] Moose range map
[ Mixed forest [ ] Regions of Russia \:l Regions of Russia
C
S
s |
S
)
2
g 8
28
o
kS
=
S
N
3 =7
g
3
é Percent decline
o | 37-55 e
3
56.- 67
B o570
I
0 500 1,000
g T T r T T T ) I
1980 1985 1990 1995 2000 2005 2010 [ Regions of Russia — kM

Years

Figure 1. (a) Suitable habitat for moose based on MODIS stable land cover data from 2003 to 2012, moose
range map is shown in red, (b) moose density (individuals per 1 km?) based on suitable habitat within the
moose range area, (c) the trend of moose population for Russia from 1981 to 2010 with the red line indicating
the collapse of the Soviet Union, (d) the decline of moose population over Russia.
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Figure 2. The coefficient of variation of moose population among regions by (a) year; and (b) decade.

Explained variation (R?,g) was similar for cumulative DHI and variation DHI but minimum DHI did not have a
notable trend (R%4= —0.02, P=0.8) (Fig. 4).

In our multiple regression models, cumulative DHI, human footprint, road density, and some BIOCLIM var-
iables (especially annual mean temperature BIO1) were retained in the best models. Based on the best subsets
selected, we examined the top three performing models and two of them included the DHIs (Table 1). The “best”
model based on BIC included cumulative DHI, annual mean temperature (BIO1), temperature annual range
(BIO7), and human footprint (Table 1). However, the VIF of BIO1 was 16 due to high collinearity between BIO1
and human footprint (r =0.89), and between BIO1 and BIO7 (r = —0.85). Therefore, we refined the “best” model
by removing those variables with high collinearity, and BIOCLIM variables that were clustered (see SI Figs. S1 and
S$2). The parsimonious model thus included cumulative DHI, annual mean temperature (BIO1), and temperature
seasonality (BIO4). We calculated predicted values of moose density using the parsimonious model. Predicted
moose density was most closely related to the cumulative DHI, with the highest values in the European part of
Russia and a gradual decline towards the north and northeast of Russia (Fig. 5a). The highest moose densities
were in the Volgograd and Rostov regions. A map of residuals of this model showed where moose densities were
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Figure 3. The Dynamic habitat indices based on FPAR with 8-day temporal resolution: (a) Cumulative
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Figure 4. Relationship between log-transformed moose density (individuals/km?) from 1981 to 2010 and
cumulative productivity (cumulative DHI), minimum productivity (minimum DHI), seasonality (variation
DHI).

over- or underestimated by this model (Fig. 5b). The second-best model included only two explanatory variables:
maximum temperature of warmest month (BIO5) and mean temperature of driest quarter (BIO9). To evaluate
other components of the DHIs, we used a parsimonious model and fitted the models with minimum DHI and
variation DHI instead of cumulative DHI. Cumulative DHI in combination with other variables performed bet-
ter than variation DHI and minimum DHI, as measured by BIC, but the Rzadj was similar for all three models
(Table 1).

Differences among the three decades. The most parsimonious multiple regression model for moose
density in the 1980s, which we also used to evaluate moose densities for the three decades, included cumu-
lative DHI, annual mean temperature (BIO1), and temperature seasonality (BIO4). Moose density increased
with increasing values of cumulative DHI and BIO1, while it decreased for increasing values of BIO4 (Fig. 4).
Interestingly, the slopes of the regression lines for the univariate models of the three decades differed only slightly
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Model BIC ABIC |R% |RMSE [ind./km’]
Cumulative DHI + BIO1 + BIO7 + human footprint 23.66 0 0.79 |0.24
Cumulative DHI + BIO1 + BIO4 24.92 138 |0.77 025
BIOS5 + BIO9 33.13 9.59 10.73 ]0.28
Variation DHI+ BIO1 + BIO4 33.25 9.62 |0.74 |0.27
Minimum DHI+ BIO1 + BIO4 36.34 1264 |0.72 |0.27

Table 1. Multiple linear regressions between average moose density from 1981 to 2010 for the 62 administrative
regions and our explanatory variables including the DHIs, environmental variables, and human influence
variables. We present the Bayesian Information Criteria (BIC), the adjusted coefficient of determination (Rzadj),
and the root mean square error (RMSE) for the top performing models (Model 1-3), and for the models that
included variation DHI and minimum DHI instead of cumulative DHI.

(Fig. 6), but the slopes of the multivariate models differed significantly between the first and the third decade
(P=0.007), and between the second and the third decade (P =0.013). However, there was no significant differ-
ence between the first and the second decade (P =0.91). The relation between moose density and cumulative
DHI, BIO1, and BIO4 was stronger for the first decade (R?,4;=0.81) than the second (R?,4;=0.73) and third
decade (Rzadj =0.67) (Table 2). Rural population was not significant in the models for any of the three decades.

Discussion

We evaluated the relationship of moose density with vegetative productivity as captured by DHIs across Russia.
Our results show that univariate models based on the individual DHIs had low predictive power. However, mod-
els combining cumulative DHI with environmental variables, either with or without a proxy for human effects
(e.g., human footprint), explained up to 79% of variation in moose density. Interestingly, the relationship between
moose density and the DHIs and environmental variables changed significantly from the 1980s to the 2000s.
The predictive power of our model based on R?,; was highest for the 1980s and lowest for the 2000s, suggesting
that other factors, that our variables did not capture, gained importance. Poaching may be one such factor, even
though our proxy variables for human influence did not gain predictive power in the later decades. Another fac-
tor could be a decline in data quality after the collapse of Soviet Union, even though we did not find quantitative
evidence for such a decline (Fig. 2).

Variation in moose density was best explained by vegetative productivity as captured by the cumulative DHI
and temperature-related variables, and these explained 81% of variation in moose densities during the 1980s.
Previous studies of ungulates have also shown that abundance of roe deer (Capreolus capreolus) and wild boar
(Sus scrofa) are positively correlated with vegetative productivity***. Reproductive performance of moose is pos-
itively related to vegetative productivity, with higher twinning rates in females with good body condition®**,
which may be an underlying mechanism for our correlations. Interestingly, Michaud et al.*® found that the min-
imum levels of productivity (minimum DHI) during winter were more important for explaining abundance of
moose in Canada. Minimum DHI may indicate levels of forage availability during winter, an important determi-
nant of moose space -use during the lean winter months?®’, and forage availability during winter may also have
carryover effects on calf survival the following spring thus affecting population recruitment®*’. However, in our
analyses minimum DHI explained very little variance in moose density. This may be due to missing values arising
from periods of darkness or snow cover in the northern parts of our study region*~*.

We predicted that higher human presence would have a negative effect on moose density. However, we did not
find a strong relationship between moose density and either road density or rural populations, and the human
footprint index was positively associated with moose density. Human presence typically affects wildlife negatively;
for example, ungulates may alter their activity patterns in response to human disturbance****, roads improve
hunter access*, and human development causes habitat fragmentation*, but human presence can also influence
wildlife populations positively. Predators often avoid human-dominated areas thus providing a safe-haven for
their prey*®, humans may increase forage availability through fertilizers*, and logging may open forest canopies
and stimulate the growth of early-successional vegetation, thereby improving habitat suitability for moose®. We
caution though, that the positive association between moose density and the human footprint index is probably
not due to a causal relationship, but rather reflect that better conditions for both people and moose are found in
the same areas. Humans and moose may both preferentially select more productive areas, and human popula-
tion density is often positively correlated with vegetative productivity®'. Indeed, we found a positive relationship
between human footprint and both cumulative DHI and minimum DHI, and a negative relationship with vari-
ation DHI.

In addition, rapid changes in political and economic activity can lead to changes in land use and forest cover.
Immediately after the collapse of the Soviet Union, agricultural abandonment was common across Russia and
especially widespread in its European part™. As a consequence, forest area increased®, potentially providing
more habitat for wildlife. However, moose populations experienced high hunting pressure immediately after
1991, because of government instability and a lack of wildlife protection, resulting in an overharvesting of nat-
ural resources®>**%, Political instability may have also influenced data quality because there may have been less
oversight and less effort, leading to less reliable information about the status of wildlife population, and ultimately
ill-advised management decisions and hunting quotas®*°. To reduce the effects of these potential errors, we
averaged moose density over time (by decade and for the full study period). Ultimately though, there is no reason
to assume that errors in the reported moose densities in a given time period were correlated with vegetation pro-
ductivity, which means that low data quality would have introduced additional random variance into our models,
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Figure 6. Relation between log-transformed moose density (individuals per 1 km?) for the three periods and
cumulative DHI, annual mean temperature (BIO1), temperature seasonality (BIO4).

Period (years) Model Ry RMSE [no./km?]
First (1981-1990) cumulative DHI 4 BIO1+BIO4 | 0.81 0.25
Second (1991-2000) cumulative DHI+ BIO1+BIO4 | 0.73 0.27
Third (2001-2010) cumulative DHI 4 BIO1+BIO4 | 0.67 0.29

Table 2. The most parsimonious top-ranked model for each decade in which the dependent variable was

the average moose density, our unit of analysis was the administrative region (n=62), and our explanatory
variables included cumulative DHI, annual mean temperature (BIO1), and temperature seasonality (BIO4). We
present the Bayesian Information Criteria (BIC), the adjusted coefficient of determination (R?,4), and the root
mean square error (RMSE) for the models for each of the three time periods.

and hence reduced their predictive power. Conversely, the high R?,; of our models suggest that remaining errors
were fairly minor. However, we caution that if there was a systematic difference in data quality among the three
decades, then that would affect their relative Rzadj. For example, if we assume that the data quality was highest dur-
ing Soviet time, then the decrease in the predictive power of our models for each decade may be related to lower
data quality, rather than being an indication that vegetation productivity was more important during the 1980s
while the moose population was increasing. However, the decline in predictive power from the 1990s to the 2000s
is less likely to be due to changes in data quality, because we would assume that data quality was lower during the
turbulent and lawless 1990s than during the 2000s. In summary, the high predictive power of our models suggests
that the available moose density data for Russia captures broad-scale patterns well, but we cannot rule out that
difference in data quality among decades affected our results.

We assume that the moose population decline during the second decade was due to increasing human pres-
sure and illegal hunting. That may be why vegetation productivity had less predictive power in models in the
second and third decades (when the moose population was low). However, we caution that our proxies for human
effects were not significant predictors in any of our models of moose density. Furthermore, the coefficient of var-
iation across years of moose densities increased in the second and third decades, which may indicate a decline in
data quality, but the ranges of CVs in each decade overlapped, suggesting data quality was not significantly worse
in later decades. Our results for the CV across years cannot prove that data quality was consistent over time, but
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indicated at least that there is no significant increase in variability. If data for smaller administrative units, or
even for individual transects, had been available then it would have been interested to calculate the coefficient of
variation within oblast, but such data were not available to us.

In summary, the Dynamic Habitat Indices, which were originally designed to predict species richness, also
provided valuable information about the productivity of ecosystems in models of animal abundance, especially
when used in conjunction with bioclimatic variables. In this study, we calculated the DHIs based on the MODIS
FPAR and showed that the combination of remote sensing based products incorporated in the DHIs and land
cover together with climate variables are very promising for the prediction of abundances of large ungulates, such
as moose. One advantage of our approach is that it is relatively robust in regards to errors in reported data, and
could hence be applied to predict future moose density based on predictions of vegetation productivity. Such
predictions would be even better though if they could incorporate variables that we were not able to quantify in
our models, such as poaching.

Methods

Study area. Our study area covered most of the territory of Russia and included 69 administrative regions
(13.64 million km?). The borders of some regions of Russia changed, and some were subdivided between 1981
and 2010. We thus analyzed 62 regions using their original borders prior to subdivision. Russia’s vast area is ideal
for our research questions because it covers multiple landscape zones, and includes a diversity of topographic and
vegetation types, resulting in substantial diversity of habitats and large ranges of values of the three DHIs.

Russia consists of two main parts: the East European Plain, which has little topographic relief, and the Asian
section, which includes the West Siberian Plain, Central Siberian Plateau, mountain areas of Southern Siberia
and the Far East where both large mountain ranges and well-drained plains occur. The dominant climate across
the entire country is continental with two main seasons, winter and summer, and two transitional seasons, spring
and fall. The average annual temperature is —5.5 °C, the coldest month is January (mean January temperature
ranges from —38.6°C in Yakutsk to —6.3 °C in Volgograd), and the warmest month is July (mean July tempera-
ture ranges from 19.5°C in Yakutsk to 23.6 °C in Volgograd). Vegetation types include taiga (boreal forest), and
temperate broadleaf forest. Boreal forests are dominated by pine (Pinus sylvestris, P. sibirica), spruce (Picea abies,
P. obovata), larch (Larix gmelinii), and Siberian fir (Abies sibirica). Temperate broadleaf forests are dominated by
birch (Betula pendula, B. pubescens), aspen (Populus tremula), alder (Alnus glutinosa), oak (Quercus robur), linden
(Tilia cordata), ash (Fraxinus excelsior), and maple (Acer platanoides)®®.

Data. Winter track count data, and range map. 'We obtained moose abundance data from the Russian Federal
Agency of Game Animals for 1981-2010, based on the winter track count (WTC)* for the 62 administrative
regions (‘oblasts’)***7-6!. The WTC involves counting animal tracks that intersect fixed transects on snow, and
measuring daily travel distance of surveyed species®. WTCs were first proposed in 1934 by A. N. Formozov,
who showed how the occurrence of tracks on snow together with the length of daily travel distance are related to
population density®*. Later, his formula was refined and verified**?>%. The WTC has been widely implemented
in different parts of Russia starting in 1964. In 1981, the WTC became the main method for monitoring game
animals (covering 14-33 species, depending on the year) in all territories of Russia that have stable snow cover.
Approximately 30,500 transects were monitored in 1981 and the length of an individual transect ranged from 8
to 12km®%. The number of transects changed over time with fewer transects in the early 1990s (26,599 transects
in 1992)%. We could only obtain summary abundance data at the oblast level, and did not have access to the
details of transects conducted within each oblast. It is likely that the density of transects per unit area is higher in
European Russia than in Siberia and the Russian Far East simply because there are far fewer people and natural
resource professionals in the latter, and many areas are very remote. However, administrative regions are also
much larger in the Asian part of Russia, and that counteracts a lower density of transects and ensures a sufficient
number of transects to estimate wildlife population totals, and to set hunting quotas, which was the main goal of
the WTC.

Moose are one of the most valuable game species in Russia and occur in almost all regions (Fig. 1). Several
methods have been applied to estimate moose abundance in addition to the WTCs, including aerial surveys
and hunter surveys. For this reason, the moose data are considered more reliable than those of the other species
surveyed?. However, there are limitations of WTC data including human errors made at different stages of col-
lection, processing, and reporting of WTC data. Moreover, data were collected over a very long period of time
including a politically unstable period, and data quality may not have been consistent. To check for changes in
data quality through time, we calculated the annual coefficient of variation (CV) of moose population density
among regions, assuming that higher CV values indicate noisier data.

Our aim was to identify general patterns of moose density in relation to the environment, rather than dis-
entangling the drivers of annual variation in moose density. Therefore, in the first part of our analysis, we calcu-
lated the average moose density for the entire study period over 1981-2010 for the 62 administrative regions. For
the second part, we divided the study period into three decades, which captured major differences in political
and socioeconomic conditions (i.e., 1981-1990, 1991-2000, and 2001-2010), and calculated the average moose
density for each decade for the 62 administrative regions. For the year 1996, we had no data, and there were five
missing values in other years for single regions, which is less than 0.3% of the total values. We used linear inter-
polation to estimate all missing values.

MODIS data: Dynamic habitat indices and land cover. We calculated the Dynamic Habitat Indices (DHIs) based
on the Fraction of Absorbed Photosynthetically Active Radiation (FPAR) collected by the Moderate Resolution
Imaging Spectroradiometer (MODIS) instrument aboard the Terra and Aqua satellite with 1-km spatial
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Variables Description

BIO1 annual mean temperature (°C),

BIO2 mean diurnal range (mean of monthly(max-min) (°C))

BIO3 isothermally (mean diurnal range/temperature annual range)

BIO4 temperature seasonality (standard deviation*100)

BIO5 maximum temperature of the warmest month (°C)

BIO6 minimum temperature of the coldest month (°C)

BIO7 temperature annual range (maximum temperature of warmest month
minimum temperature of coldest month (°C))

BIO8 mean temperature of wettest quarter (°C)

BIO9 mean temperature of driest quarter (°C)

BIO10 mean temperature of warmest quarter (°C)

BIO11 mean temperature of coldest quarter (°C),

BIO12 annual precipitation (mm)

BIO13 precipitation of wettest month (mm)

BIO14 precipitation of driest months (mm)

BIO15 precipitation seasonality (coefficient of variation)

BIO16 precipitation of wettest quarter (mm)

BIO17 precipitation of driest quarter (mm),

BIO18 precipitation of warmest quarter (mm)

BIO19 precipitation of coldest quarter (mm)

Table 3. Environmental variables from WorldClim.

resolution and 8-day temporal resolution from 2003-2014. The DHIs capture three aspects of vegetation pro-
ductivity: annual cumulative productivity (cumulative DHI), minimum productivity (minimum DHI), and sea-
sonality (variation DHI). We calculated cumulative DHI by summing FPAR values over a year. Minimum DHI is
the lowest FPAR value during a year, and variation DHI is the coeflicient of variation (standard deviation divided
by mean) (Fig. 3). Missing values of minimum DHI at high latitude due to winter darkness were set to zero.
Although annual data of DHI are available (since 2003), our analyses focus on average moose densities between
1981 and 2010 and hence the general patterns of vegetative productivity. Therefore, we estimated the composite
DHIs, which are calculated from the median FPAR values for each 16-day period from 2003 to 2014113,

To calculate moose density, we estimated the amount of suitable habitat within the moose range of each
region. We used the range map for moose from the same source as WTC data (“The game animal’s analytical
materials”, Lomanov et al. 1996) to calculate the area of the region that was within the range of moose. To assess
suitable habitat within the moose range, we used a map of stable land cover, which we derived from the MODIS
land cover product with 500-m resolution for 2003-2012%“. If one land cover type remained stable for more than
half of the years from 2003-2012 for a given pixel, we defined it as stable cover, otherwise, we did not include
that pixel. Based on this stable land cover map we defined the following classes as suitable habitat for moose:
1-evergreen needle leaf forest, 2-evergreen broadleaf forest, 3-deciduous needle leaf forest, 4-deciduous broadleaf
forest, 5-mixed forest, 7-open shrub lands, 8-woody savannas, and 11-permanent wetland (Fig. 1a)®>%. We pro-
jected our data to an Albers equal area conic projection (Datum D European 1950) to calculate the suitable habitat
area for each individual region.

Environmental variables and elevation. 'To capture climate and environmental conditions in addition to the
DHIs, we obtained nineteen BIOCLIM variables from 1950-2000 period®” (Table 3) and elevation data with 1-km
resolution from WorldClim (http://worldclim.com). The elevation data in WorldClim is based on the Shuttle
Radar Topography Mission (SRTM). We calculated mean values for all variables within suitable moose habitat for
each of the 62 regions (Fig. 7).

Human influence. We used three metrics to investigate human influences on moose populations. The
first measure was the Human Footprint Index (http://sedac.ciesin.columbia.edu/data/set/wildareas-
v2-human-footprint-geographic), available at 1-km resolution, which integrates human population pressures
(population density), human land use and infrastructure (built-up areas, nighttime lights, land use/land cover),
and human access (coastlines, roads, railroads, navigable rivers)®® (Fig. 3).

The second measure of human effects was road data for the Russian Federation, available from DIVA-GIS
(http://www.diva-gis.org) from 1992. We projected the road data to an Albers equal area conic projection to
calculate the length of roads. The road density of a region was calculated as the length of roads within the region
divided by its area.

The third measure of human effects was rural human population data, available from the Russian Federal
Service of State Statistics for 1991-2010. Rural populations include all those situated outside of cities®. We cal-
culated average rural population density for two of the decades (1991-2000, 2001-2010, no data were available
for 1981-1991).
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Figure 7. Spatial patterns of some of our explanatory variables: (a) elevation (m), (b) annual mean temperature
(BIOL, °C*10), (c) annual precipitation (BIO12, mm), (d) human footprint.
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Figure 8. Workflow of the statistical analysis and model selection.

Statistical analysis. Models predicting spatial patterns in moose abundance. For the statistical analysis
of WTC data, we parameterized multiple linear regression models. We calculated the average moose density
between 1981 and 2010 for each of the 62 administrative regions. We estimated moose density by dividing the
WTC total population estimates by the area of suitable moose habitat within the range of moose in each region
(Fig. 1b). The dependent variable in all of our regression models was average moose density (a) for the entire
study period, (b) per decade, which we log-transformed to normalize the data. Based on residual plots there
were no outliers. Explanatory variables in the multiple regression included the DHIs, the BIOCLIM variables
(11 temperature variables, 8 precipitation variables), elevation, road density, Human Footprint Index, and rural
population. We calculated Pearson’s univariate correlation coefficients among all pairs of explanatory variables
to check for potential multicollinearity (SI Fig. S1), conducted a hierarchical cluster analysis of the bioclimatic
variables based on squared Spearman correlation (SI Fig. S2), and excluded those that were highly correlated.
We applied best subset regression, which fits all possible models and identifies a set of good models”. To
identify the most parsimonious model, we used the Bayesian Information Criteria (BIC), which applies a larger
penalty for additional variables, to rank competing models’’, the adjusted coefficient of determination (R?,4)
to estimate how much of the variation in the response variable was explained by the model, and the root mean
square error (RMSE) to estimate the predictive accuracy of the model. After selecting several good models with
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the lowest BIC, we assessed multicollinearity of the selected explanatory variables by examining the variance
inflation factor (VIF) for each variable, applying a threshold of VIF < 1072. We calculated longitude and latitude
of centroids, in degrees, for each region. Finally, we used semi-variograms to check for spatial autocorrelation in
model residuals, and did not find any significant autocorrelation (results not shown, see workflow of the statistical
analysis Fig. 8). We used the most parsimonious model to predict moose density over the moose range and map
residuals of our model.

Models for the three decades. In addition to the long-term average moose densities from 1981 to 2010, we also
parameterized models for average moose density for each decade (1980s, 1990s, and 2000s) for the 62 adminis-
trative regions. The first period (1981 to 1990) captures the decade before the collapse of the Soviet Union, the
second period (1991 to 2000) includes the transition from a socialist government to a market economy, and the
third period (2001 to 2010) was after the initial transition period. We selected the most parsimonious model
from the first part of the analysis and refitted the model for each decade. We compared the intercepts and slopes
across the decades using an additional sums of squares test. The best model that we selected from the first part
of the analysis did not include any proxy variable for human effects. However, humans may have affected moose
abundances more after the collapse of the Soviet Union, which is why we included the variable rural population
in the models for the second and the third decades.

We performed our analyses in R version 3.3.17%, using the following R packages: Hmisc” to run cluster analy-
sis, leaps” to perform best model selection, geoR”® for semivariograms.

Data availability
All datasets and R code are available in the SI accompanying the manuscript. The DHIs can be downloaded at
http://silvis.forest.wisc.edu/data/dhis/.

Received: 24 May 2019; Accepted: 19 December 2019;
Published online: 21 January 2020

References
1. Hansen, M. C. et al. High-Resolution Global Maps of 21st-Century Forest Cover Change. Science 342, 850-853 (2013).
2. Rockstrom, J. et al. A safe operating space for humanity. Nature 461, 472-475 (2009).
3. Butchart, S. H. M. et al. Global Biodiversity: Indicators of Recent Declines. Science 328, 1164-1168 (2010).
4. Turner, W. Sensing biodiversity. Science 346, 301-302 (2014).
5. Radeloff, V. C. et al. The rise of novelty in ecosystems. Ecol. Appl. 25,2051-2068 (2015).
6. Turner, W. et al. Remote sensing for biodiversity science and conservation. Trends Ecol. Evol. 18, 306-314 (2003).
7. Nagendra, H. Using remote sensing to assess biodiversity. Int. J. Remote Sens. 22, 2377-2400 (2001).
8. Kerr, J. T. & Ostrovsky, M. From space to species: ecological applications for remote sensing. Trends Ecol. Evol. 18, 299-305 (2003).
9. Coops, N. C., Waring, R. H., Wulder, M. A, Pidgeon, A. M. & Radeloff, V. C. Bird diversity: a predictable function of satellite-

derived estimates of seasonal variation in canopy light absorbance across the United States. J. Biogeogr. 36, 905-918 (2009).
. Coops, N. C., Wulder, M. A. & Iwanicka, D. Exploring the relative importance of satellite-derived descriptors of production,
topography and land cover for predicting breeding bird species richness over Ontario, Canada. Remote Sens. Environ. 113, 668-679
(2009).
11. Hobi, M. L. et al. A comparison of Dynamic Habitat Indices derived from different MODIS products as predictors of avian species
richness. Remote Sens. Environ. 195, 142-152 (2017).

12. Zhang, C. et al. Spatial-Temporal Dynamics of China’ s Terrestrial Biodiversity: A Dynamic Habitat Index Diagnostic. Remote Sens.
8,1-18 (2016).

13. Radeloff, V. C. et al. The Dynamic Habitat Indices (DHIs) from MODIS and global biodiversity. Remote Sens. Environ. 222,204-214
(2019).
14. Savtchenko, A. et al. Terra and Aqua MODIS products available from NASA GES DAAC. Adv. Sp. Res. 34, 710-714 (2004).
15. Gaston, K. J. Global patterns in biodiversity. Nature 405, 220-227 (2000).
16. Hawkins, B. A. et al. Energy, water, and broad-scale geographic patterns of species richness. Ecology 84, 3105-3117 (2003).
17. HawKkins, B. A., Porter, E. E. & Diniz-Filho, J. A. F. Productivity and history as predictors of the latitudinal diversity gradient of
terrestrial birds. Ecology 84, 1608-1623 (2003).

18. Wright, D. H. Species-energy theory: an extension of species—area theory. Oikos 41, 496-506 (1983).

19. Suttidate, N. et al. Tropical bird species richness is strongly associated with patterns of primary productivity captured by the
Dynamic Habitat Indices. Remote Sens. Environ. 232, 1-10 (2019).

20. Herfindal, I, Linnell, J. D. C., Odden, J., Nilsen, E. B. & Andersen, R. Prey density, environmental productivity and home-range size
in the Eurasian lynx (Lynx lynx). J. Zool. 265, 63-71 (2005).

21. Bjorneraas, K. et al. Habitat quality influences population distribution, individual space use and functional responses in habitat
selection by a large herbivore. Oecologia 168, 231-243 (2012).

22. Allen, A. M. et al. Scaling up movements: from individual space use to population patterns. Ecosphere 7, 1-16 (2016).

23. Massei, G., Genov, P. V. & Staines, B. W. Diet, food availability and reproduction of wild boar in a Mediterranean coastal area. Acta
Theriol. (Warsz). 41, 307-320 (1996).

24. Lomanov, I. K. Winter transect count of game animals for large territories: Results and prospects. Zool. Zhurnal, 79, 430-436 (In
Russian) (2000).

25. Stephens, P. A., Zaumyslova, O. Y., Miquelle, D. G., Myslenkov, A. I. & Hayward, G. D. Estimating population density from indirect
sign: track counts and the Formozov-Malyshev-Pereleshin formula. Anim. Conserv. 9, 339-348 (2006).
26. Lomanov, I. K. et al. Resources of main game species and hunting grounds in Russia (1991-1995 years). (1996).
27. Baskin, L. & Danell, K. Ecology of ungulates: a handbook of species in Eastern Europe and Northern and Central Asia. (2003).
28. Baskin, L. M. Status of regional moose populations in European and Asiatic Russia. Alces 45, 1-4 (2009).
29. United Nations Statistics Division. National accounts main aggregates database. UN, New York. Available from http://unstats.
un.org/unsd/snaama/selbasicFact.asp (accessed February 2017). https://unstats.un.org/unsd/snaama/selbasicFast.asp (2016).

30. Prishchepov, A. V, Radeloff, V. C., Baumann, M., Kuemmerle, T. & Daniel, M. Effects of institutional changes on land use:
agricultural land abandonment during the transition from state-command to market-driven economies in post-Soviet Eastern
Europe. Environ. Res. Lett., 7, (2012).

—_
o

SCIENTIFIC REPORTS |

(2020) 10:836 | https://doi.org/10.1038/s41598-019-57308-8


https://doi.org/10.1038/s41598-019-57308-8
http://silvis.forest.wisc.edu/data/dhis/
http://unstats.un.org/unsd/snaama/selbasicFact.asp
http://unstats.un.org/unsd/snaama/selbasicFact.asp

www.nature.com/scientificreports/

31.

32.
. Bragina, E. V. et al. Rapid declines of large mammal populations after the collapse of the Soviet Union. Conserv. Biol. 29, 844-853

34.
35.
36.
37.
38.
39.
40.
41.
42,
43.
44.
45.
46.
47.
48.
49.
50.

51.
52.

53.
54.

55.

72.
73.
74.

75.
76.

Baumann, M. et al. Using the Landsat record to detect forest-cover changes during and after the collapse of the Soviet Union in the
temperate zone of European Russia. Remote Sens. Environ. 124, 174-184 (2012).
Wittemyer, G. Effects of Economic Downturns on Mortality of Wild African Elephants. Conserv. Biol. 25, 1002-1009 (2011).

(2015).

Melis, C. et al. Predation has a greater impact in less productive environments: variation in roe deer, Capreolus capreolus, population
density across. Europe. Glob. Ecol. Biogeogr. 18, 724-734 (2009).

Melis, C., Szafranska, P. A., Jedrzejewska, B. & Barton, K. Biogeographical variation in the population density of wild boar (Sus
scrofa) in western Eurasia. J. Biogeogr. 33, 803-811 (2006).

Testa, ]. W. & Adams, G. P. Body Condition and Adjustments to Reproductive Effort in Female Moose (Alces alces). J. Mammal.
99518, 1345-1354 (1998).

Allen, A. M. et al. Habitat-performance relationships of a large mammal on a predator-free island dominated by humans. Ecol. Evol.
7,305-319 (2017).

Michaud, J. S. et al. Estimating moose (Alces alces) occurrence and abundance from remotely derived environmental indicators.
Remote Sens. Environ. 152, 190-201 (2014).

van Beest, F. M., Mysterud, A., Loe, L. E. & Milner, J. M. Forage quantity, quality and depletion as scale-dependent mechanisms
driving habitat selection of a large browsing herbivore. J. Anim. Ecol. 79, 910-922 (2010).

Milner, J. M., van Beest, E. M., Solberg, E. J. & Storaas, T. Reproductive success and failure: the role of winter body mass in
reproductive allocation in Norwegian moose. Oecologia 172, 995-1005 (2013).

Beck, P. S. A., Atzberger, C., Hogda, K. A., Johansen, B. & Skidmore, A. K. Improved monitoring of vegetation dynamics at very high
latitudes: A new method using MODIS NDVI. Remote Sens. Environ. 100, 321-334 (2006).

Hird, J. N. & McDermid, G. J. Noise reduction of NDVI time series: An empirical comparison of selected techniques. Remote Sens.
Environ. 113, 248-258 (2009).

Bischof, R. et al. A Migratory Northern Ungulate in the Pursuit of Spring: Jumping or Surfing the Green Wave? Am. Nat. 180,
407-424 (2012).

Ciuti, S. et al. Effects of Humans on Behaviour of Wildlife Exceed Those of Natural Predators in a Landscape of Fear. PLoS One, 7,
(2012).

Ensing, E. P. et al. GPS based daily activity patterns in european red deer and North American elk (Cervus elaphus): Indication for
a weak circadian clock in ungulates. PLoS One 9, 1-11 (2014).

Brown, G. S. Patterns and causes of demographic variation in a harvested moose population: evidence for the effects of climate and
density-dependent drivers. J. Anim. Ecol. 80, 1288-1298 (2011).

Bartzke, G. S., May, R., Solberg, E. J., Rolandsen, C. M. & Roskaft, E. Differential barrier and corridor effects of power lines, roads
and rivers on moose (Alces alces) movements. Ecosphere 6, 1-17 (2015).

Hebblewhite, M. & Merrill, E. H. Trade-offs between predation risk and forage differ between migrant strategies in a migratory
ungulate. Ecology 90, 3445-3454 (2009).

Polis, G. A. Why are parts of the world green? Multiple factors control productivity and the distribution of biomass. Oikos 86, 3-15
(1999).

Lavsund, S., Nygrén, T. & Solberg, E. J. Status of moose populations and challenges to moose management in Fennoscandia. Alces
39,109-130 (2003).

Evans, K. L. & Gaston, K. J. People, energy and avian species richness. Glob. Ecol. Biogeogr. 14, 187-196 (2005).

Prishchepov, A. V., Miiller, D., Dubinin, M., Baumann, M. & Radeloff, V. C. Determinants of agricultural land abandonment in post-
Soviet European Russia. Land use policy 30, 873-884 (2013).

Danilkin, A. A. Climate and vegetation productivity as factors for population dynamics and ranges of wild ungulates in Russia.
Vestn. ohotovedeniya, 5,251-260 (In Russian) (2008).

Artelle, K. A. et al. Confronting uncertainty in wildlife management: Performance of grizzly bear management. PLoS One 8, 1-9
(2013).

Popescu, V. D, Artelle, K. A., Pop, M. I, Manolache, S. & Rozylowicz, L. Assessing biological realism of wildlife population estimates
in data-poor systems. J. Appl. Ecol. 53,1248-1259 (2016).

. Ogureeva, G. N,, Safronova, I. N., Yarkovskaya, T. K. & Miklyaeva, I. M. Zones and types of vegetation of Russia and neighboring

territories. (1999).

. Borisov, B. P. et al. Fond of hunting grounds and number of main wild species in Russian Soviet Federative Socialist Republic. (1992).

. Gubar, Y. P. et al. Status of resources game animals in Russian Federation 2003-2007. Information & analytical materials. (2007).

. Lomanov, L. K. et al. Status of resources game animals in Russian Federation 2000-2003. Information & analytical materials. (2004).

. Lomanov, I. K. et al. Status of resources game animals in Russian Federation. Information & analytical materials. (2000).

. Lomanova, N. V. et al. Status of resources game animals in Russian Federation 2008-2010. Information and analytical materials.

(2011).

. Kuzyakin, V. A. Winter track count in the government system for counting the game resources of Russian Soviet Federative Socialist

Republic. In Winter track counts of game animals (in Russian) 3-18 (1983).

. Chelintsev, N. G. The mathematical basis of animal censuses. Moscow: Centrokhotcontrol (In Russian), (2000).
. Friedl, M. A. et al. MODIS Collection 5 global land cover: Algorithm refinements and characterization of new datasets. Remote Sens.

Environ. 114, 168-182 (2010).

. Timmermann, H. R. & McNicol, J. G. Moose Habitat Needs. For. Chron. 64, 238-245 (1988).
. Danilkin, A. A. Mammals in Russia and adjacent regions. Deer (Cervidae). (Moscow: GEOS, 1999).
. Hijmans, R. J., Cameron, S. E., Parra, J. L., Jones, P. G. & Jarvis, A. Very high resolution interpolated climate surfaces for global land

areas. Int. J. Climatol. 25, 1965-1978 (2005).

. Sanderson, E. W. et al. The Human Footprint and the Last of the Wild. Bioscience 52, 891-904 (2002).

. Rosstat. Regions of Russia. Socio-Economic Indicators. Moscow: Russian Federal Service of State Statistics. (2010).

. Draper, N. R. & Smith, H. Applied regression analysis (3rd ed). (A Wiley-Interscience publication, 1998).

. Burnham, K. P. & Anderson, D. R. Model Selection and Multimodel Inference: A Practical Information-Theoretic Approach (2nd ed).

Springer, https://doi.org/10.1016/j.ecolmodel.2003.11.004 (2002).

Dormann, C. F. et al. Collinearity: a review of methods to deal with it and a simulation study evaluating their performance.
Ecography (Cop.). 36, 027-046 (2013).

R Core Team. R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna, Austria.
URL https://www.R-project.org/ (2016).

Harrell, E. E. & Dupon, C. Harrell Miscellaneous. R package version 4.0-0. (2016).

Lumley, T. Regression subset selection. R package version 2.9. (2009).

Ribeiro, R. J. & Diggle, P.]. Analysis of Geostatistical Data. R package version 1.7-5.2. (2016).

SCIENTIFIC REPORTS |

(2020) 10:836 | https://doi.org/10.1038/s41598-019-57308-8


https://doi.org/10.1038/s41598-019-57308-8
https://doi.org/10.1016/j.ecolmodel.2003.11.004
https://www.R-project.org/

www.nature.com/scientificreports/

Acknowledgements
This study was supported by the National Aeronautics and Space Administration (NASA) program “Science of
Terra and Aqua” (Grant NNX14AP07G).

Author contributions

E.R, V.C.R., A.M.P.and M.L.H. designed the study, M.D., M.L.H., and E.R. conducted the remote sensing analysis
and E.R. and M.K.C. the statistical analyses. All authors contributed to the interpretation of the results, and the
writing of the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41598-019-57308-8.

Correspondence and requests for materials should be addressed to E.R.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

SCIENTIFIC REPORTS |

(2020) 10:836 | https://doi.org/10.1038/s41598-019-57308-8


https://doi.org/10.1038/s41598-019-57308-8
https://doi.org/10.1038/s41598-019-57308-8
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Vegetation productivity summarized by the Dynamic Habitat Indices explains broad-scale patterns of moose abundance across R ...
	Results

	Moose abundance patterns. 
	DHI and moose density. 
	Differences among the three decades. 

	Discussion

	Methods

	Study area. 
	Data. 
	Winter track count data, and range map. 
	MODIS data: Dynamic habitat indices and land cover. 
	Environmental variables and elevation. 
	Human influence. 

	Statistical analysis. 
	Models predicting spatial patterns in moose abundance. 
	Models for the three decades. 


	Acknowledgements

	Figure 1 (a) Suitable habitat for moose based on MODIS stable land cover data from 2003 to 2012, moose range map is shown in red, (b) moose density (individuals per 1 km2) based on suitable habitat within the moose range area, (c) the trend of moose popul
	Figure 2 The coefficient of variation of moose population among regions by (a) year and (b) decade.
	Figure 3 The Dynamic habitat indices based on FPAR with 8-day temporal resolution: (a) Cumulative Productivity - cumulative DHI, (b) Minimum productivity - minimum DHI, (c) Seasonality - variation DHI and (d) The three DHIs, cumulative productivity (green
	Figure 4 Relationship between log-transformed moose density (individuals/km2) from 1981 to 2010 and cumulative productivity (cumulative DHI), minimum productivity (minimum DHI), seasonality (variation DHI).
	Figure 5 Moose density (a) predicted by the model, and (b) model residuals.
	Figure 6 Relation between log-transformed moose density (individuals per 1 km2) for the three periods and cumulative DHI, annual mean temperature (BIO1), temperature seasonality (BIO4).
	Figure 7 Spatial patterns of some of our explanatory variables: (a) elevation (m), (b) annual mean temperature (BIO1, °C*10), (c) annual precipitation (BIO12, mm), (d) human footprint.
	Figure 8 Workflow of the statistical analysis and model selection.
	Table 1 Multiple linear regressions between average moose density from 1981 to 2010 for the 62 administrative regions and our explanatory variables including the DHIs, environmental variables, and human influence variables.
	Table 2 The most parsimonious top-ranked model for each decade in which the dependent variable was the average moose density, our unit of analysis was the administrative region (n = 62), and our explanatory variables included cumulative DHI, annual mean t
	Table 3 Environmental variables from WorldClim.




