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A B S T R A C T

Wildlife habitat mapping is a widely used tool for supporting decision making in conservation. It requires data
indicating wildlife habitat use to model and map habitat suitability. Collecting wildlife data, however, requires
much effort, especially for species in remote mountainous regions of limited accessibility. Such circumstances
often necessitate the integration of limited amounts of data available from multiple sources for habitat mapping.
To that end, this study presents a framework for integrating multi-source wildlife data for habitat mapping. For
evaluating the integration framework, a case study of mapping habitat suitability of the black-and-white snub-
nosed monkey (Rhinopithecus bieti) by integrating sightings elicited from local volunteer villagers and obtained
from official patrol records was conducted in Yunnan, China. The integration was explored at three levels: data-,
knowledge- and model-level following disparate principles. The predicted habitat suitability maps were vali-
dated against monkey occurrence data independently collected though field-tracking. Results show the suit-
ability maps predicted based on data integration were more accurate compared to maps predicted based on
individual data sources. Data- and model-level integration achieved higher accuracy compared to knowledge-
level integration. Further, data- and model-level integration following a conservative principle, i.e., the
‘minimum’ operator, led to higher mapping accuracy. The integration framework is generally applicable for
integrating data from multiple sources for habitat mapping. It is also easy to implement and thus can be con-
veniently adopted by practitioners. Habitat suitability maps generated based on integrated data from multiple
sources could better supporting decision making in biodiversity monitoring and conservation.

1. Introduction

Wildlife habitat mapping, also referred to as species distribution
modeling (SDM), is widely used to support decision making in con-
servation (e.g., biological invasions management, habitats protection,
reserve selection, re-introduction, etc.) (Guisan et al., 2013). From a
theoretical perspective, SDM is also a useful tool for understanding the
multiscale biological dynamics as it could reveal the effects of

environmental heterogeneities over space, time and biological scales of
organization on species specific patterns and macroecological patterns
(Franklin and Miller, 2009; Levin, 1992). Both environmental data
characterizing the environmental conditions and wildlife data in-
dicating habitat use are required for habitat mapping. Relatively
abundant environmental data are increasingly available due to the
rapid development of geospatial technologies such as remote sensing
(Kerr and Ostrovsky, 2003; van Zyl, 2001; Viña et al., 2008). The
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collection of wildlife data, nevertheless, requires much effort. Techni-
ques such as radio telemetry, infrared trapping cameras and GPS collars
could be deployed to collect high-quality wildlife data (Burton et al.,
2012; Campbell and Sussman, 1994; Hemson et al., 2005). However,
these techniques may not work well in regions with highly variable
terrains and are excessively expensive for conservation programs with
limited budgets. The high cost often renders them unsuitable for con-
servation programs in poor and remote mountainous regions (Danielsen
et al., 2003).

Researchers and practitioners have been exploring cost-effective
alternatives for wildlife data collection. Examples are local ecological
knowledge (Anadón et al., 2009) and ranger-based monitoring pro-
grams (Critchlow et al., 2016). On one hand, local villagers in remote
rural areas whose livelihoods are closely linked to ecosystem services
are valuable information sources for obtaining wildlife data. Substance
farmers, shepherds and hunters have spent a great deal of time in the
field and encountered wildlife in their natural habitats. They have ac-
cumulated rich local ecological knowledge about wildlife occurrences
in their local areas (Anadón et al., 2009). Wildlife sightings, therefore,
can be elicited from local volunteer villagers for habitat mapping
(Zhang et al., 2018a; Zhu et al., 2015). On the other hand, many pro-
tected area administrations (e.g., nature reserves, parks) have set up
routine ranger-based patrols to monitor wildlife populations, illegal
poaching and deforestation and wildlife encounters are recorded during
patrols (Burton, 2010). The official patrol records can also provide
wildlife data for habitat mapping (Zhang et al., 2018b).

Nonetheless, wildlife data from the above-mentioned sources may
be of limited amount and subject to certain data quality issues, which
have adverse effects on the accuracy of habitat mapping. For example,
sightings elicited from villagers are likely to be spatially biased due to
the non-random and non-systematic observation effort (Zhu et al.,
2015). Villagers do not intentionally track the wildlife; Instead, they
opportunistically encounter the wildlife en route to other activities such
as farming and pasturing. Sightings elicited from the villagers can also
suffer positional uncertainty as villagers may not be able to locate the
exact location of wildlife occurrence because of their blurry memories
or incompetence of pinpointing the occurrence location due to a lack of
map-reading skills (Zhu et al., 2015).

Patrol data are less susceptible to spatial bias as the patrol routes
often cover the whole area with approximately even patrolling effort.
Patrol records are also accurately georeferenced, for example, using a
GPS (global positioning system) receiver. However, sightings in patrol
records are still prone to positional errors (Zhang et al., 2018b). A lo-
cation recorded by the patrol is where the patrol stands when sighting
the wildlife; It is not the actual occurrence location of the wildlife.
Without information regarding the distance and direction between the
recorded location and the sighted wildlife, it is difficult to recover the
actual location of the wildlife.

Even though data from multiple sources each has their own lim-
itations and may be of limited amount, they may be the only available
data that can be used for wildlife habitat mapping to support con-
servation decision making in real-world scenarios. Moreover, com-
bining data from different sources may increase the amount of data and
overcome their respective limitations and thus could improve habitat
mapping accuracy. This study aims to develop a general framework for
integrating multi-source wildlife data for habitat mapping and to
evaluate its effectiveness.

Fletcher et al. (2019) reviewed and identified five typical ways for
combining multiple sources of data (e.g., data from citizen science
projects, atlas, museums, planned surveys, etc.) for modeling species
distribution. First, simply pooling species data (e.g., occurrence loca-
tions) is the most commonly used method as it can increase sample size
for modeling. Second, data from individual sources are used to develop
independent models and the models are then combined in some way.
Third, secondary data (e.g., range maps) are used to inform modeling
the species of interest (e.g., to guide background point selection).

Fourth, one source of data is used to provide a prior distribution for
model parameters when modeling the second data. Lastly, different
types of distribution data (e.g., coarse-grain atlas data, fine-grain data,
ad hoc presence-only data, planned survey data, etc.) are formally
combined under the inhomogeneous point process framework.

This study presents a framework integrating multi-source data for
habitat mapping at three different levels: data-, knowledge- and model-
level. For data-level integration, sightings from different sources were
pooled for habitat suitability modeling. For knowledge-level integra-
tion, knowledge regarding the relationships between species habitat
suitability and environmental gradients was discovered from individual
data sources and then synthesized to build a model. For model-level
integration, independent models were built using individual data
sources and the models were then combined. Knowledge-level in-
tegration is a novel means of combining multi-source data in addition to
those identified by Fletcher et al. (2019). Further, knowledge- and
model-level data integration in this study were tested under disparate
principles ranging from conservative to liberal. Results and findings in
this regarding could make new contributions to the existing literature.
The proposed integration framework is simple, easy to implement and
generally applicable compared to other alternatives as identified in
Fletcher et al. (2019) (e.g., secondary data, prior distribution, in-
homogeneous point process) and thus it is more likely to be adopted by
conservation practitioners (more discussion in Section 4.4).

To evaluate the data integration framework, a case study of map-
ping habitat suitability of the black-and-white snub-nosed monkey
(Rhinopithecus bieti) by integrating sightings elicited from voluntary
local villagers and obtained from official patrol records was conducted
at Mt. Lasha in northwestern Yunnan, China. R. bieti is an endangered
species of historical and cultural significance to communities in the
mountainous regions of southwest China (Long et al., 1994). Data
availability for R. bieti distribution is very limited and therefore in-
tegrating multi-source data for habitat mapping is urgently needed for
its conservation. Separately, the two data sources have been used for R.
bieti habitat mapping but the focus was on devising geospatial analysis
methods to correct for spatial bias in sightings data elicited from vil-
lagers (Zhu et al., 2015) and to reduce positional errors in patrol data
(Zhang et al., 2018b). This study makes new contributions by exploring
whether integrating the two data sources for habitat mapping would
overcome their respective data quality limitations and thus improve
mapping accuracy.

2. Materials and methods

2.1. Study area

The study area (Fig. 1) is at Mt. Lasha (99°15′E, 26°20′N) in
northwest Yunnan, China, near the southern-most part of the geo-
graphic range of R. bieti, an Endangered species on the International
Union for Conservation of Nature Red List (IUCN 2016) endemic to the
eastern Himalayas between the upper Mekong and Yangtze Rivers
(Long et al., 1994; Xiao et al., 2003). The study area (~20 km2) is home
for a group of approximately 100 R. bieti individuals (Huang et al.,
2012) and it became part of the Yunling Provincial Nature Reserve
since 2006. The elevation ranges from about 2500–4000 m. Ridgelines
surrounding the area at the high elevations are largely deforested and
mostly used as grazing land. Farmland and villages are at the low ele-
vations in the east. The vegetation transitions from deciduous broad-
leaved forest from lower elevations to dark conifer forest to higher
elevations with mixed deciduous-conifer forest in between (Huang
et al., 2017, 2012; Huang, 2009).

2.2. R. bieti occurrence data

2.2.1. Local ecological knowledge
Sightings of R. bieti were elicited from local villagers through
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structured interview sessions conducted in Jul. and Aug. 2010.
Structured interview is a standard protocol and best practice for eli-
citing wildlife sighting data from residents (Anadón et al., 2009; Zhu
et al., 2015). The interviews were carried out by a field biologist using
geovisualization software that integrates high-resolution digital eleva-
tion model (DEM) and satellite imagery to produce an intuitive 3-di-
mensional view of the study area for the villagers to locate wildlife
sightings. Data were recorded as polygons indicating the approximate
areas where monkeys were sighted. 70 local villagers in total from all
the 5 nearby villages who had extensive experience in the field were
interviewed. More details regarding the data elicitation processes can
be found in Zhang et al. (2018a) and Zhu et al. (2015).

Sightings in the summer months (Jun., Jul., Aug.) of 2008 and 2009
were extracted and used in this study (14 sightings in total) given that
R. bieti exhibits seasonality in habitat use (Huang, 2009) and local
villagers were more active in the field in summer months and therefore
provided more data. Moreover, sightings in the two recent years were
assumed to be more accurate as the memories of the villagers were still
fresh. Also, the two-year period matches timeframe of the validation
data (Section 2.6). Centroids of the sighting polygons were used as
approximate monkey occurrence locations for habitat mapping in this
study (Fig. 1). Centroids are the simplest reasonable approximation of
species occurrence locations as villagers delineated polygons around
sites where R. bieti occurred.

2.2.2. Patrol records
In the study area, one forest ranger was employed and trained by

the Administration of Yunling Provincial Nature Reserve to conduct
regular patrols 5 days per month on a series of main routes and sec-
ondary routes covering the whole area. Wildlife encounters during the
patrols were recorded in patrol forms. A hand-held GPS receiver was
used to read the latitude and longitude of the location at which he
sighted wildlife. The patrol date, geographic coordinates, species name,
number of wildlife encountered, behaviors of the wildlife, and habitat
type were recorded in the form. More details regarding the patrol
program can be found in Zhang et al. (2018b).

The patrol records were obtained from the Administration of
Yunling Provincial Nature Reserve and recorded sightings of R. bieti

during summer months of 2008 and 2009 were extracted and used in
this study (18 records in total) (Fig. 1).

2.3. Environmental data

Based on existing knowledge of the ecology of the species (Huang
et al., 2017, 2012; Huang, 2009), elevation, tangent of slope, aspect
category (0–360° discretized into 8 equal 45° categories), least-cost
distance to rivers (tangent of slope as cost), least-cost distance to vil-
lages (tangent of slope as cost), and plant type (10 types) were used as
environmental covariates for modeling and mapping habitat suitability
for R. bieti in this study. These covariates represent the environmental
factors influencing the habitat use of R. bieti in the study area (e.g.,
terrain condition, water source, shelter or food, and human-posed dis-
turbance) and have been used in previous studies (Zhang et al.,
2018a,b; Zhu et al., 2015). The covariates were at 30-m spatial re-
solution.

2.4. Habitat suitability mapping

Two habitat mapping methods based on species presence-only data
were adopted for habitat suitability mapping in this study: the rule-
based mapping method (Zhang et al., 2018c) which allows knowledge-
level data integration and the most widely used Maxent (Phillips et al.,
2006). Both methods model species distribution or habitat suitability as
a function of environmental variables considering probability dis-
tributions.

2.4.1. Rule-based mapping
In essence, the rule-based mapping method (Zhang et al., 2018c)

models species habitat suitability – environment relationship based on
the probability distribution of species occurrences over environmental
gradients. This method consists of two major steps, as described below.
Interested readers are referred to Zhang et al. (2018c) for full details.

In the first step, probability distribution of species occurrences over
a covariate is estimated based on the covariate values at the occurrence
locations using kernel density estimation (KDE), a non-parametric
method for estimating continuous probability distribution from

Fig. 1. R. bieti sighting polygons elicited from local villagers and sightings obtained from patrol records (summer months of 2008 and 2009).
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discreate sample data values (Silverman, 1986):
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in which foccurrence (x) is the estimated probability distribution of species
occurrence with respect to environmental factor x, xi is the value of x at
occurrence location i, n is the total number of occurrence locations. K is
a kernel function for which the Gaussian kernel was adopted
(Silverman, 1986). hx is the bandwidth for x, which was determined
following the maximum likelihood principle based on cross-validation
(Brunsdon, 1995). This presence distribution f x( )presence reflects species
habitat use regarding covariate x.

Similarly, the probability distribution of the covariate is also esti-
mated based on the covariate values in the whole mapping area using
KDE. This background distribution f x( )background reflects resource avail-
ability with respect to x. The ratio of the presence distribution and the
background distribution thus indicates species habitat preferences and
therefore habitat suitability regarding covariate x is modeled using Eqs.
(2) and (3) below:
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Species habitat suitability regarding each of the covariates is mod-
eled in this way (For continuous covariates KDE is used to estimate
probability distributions, whereas for categorical covariates relative
frequency distributions are used). For any location (e.g., raster cell) in
the mapping area, a vector of suitability values regarding individual
covariates can be computed based on values of the covariates at that
location.

At the second step, suitability values regarding individual covariates
are synthesized to compute the overall suitability considering all cov-
ariates. Here a simple arithmetic mean is adopted (Eq. (4)) as previous
studies has shown it results in better model performance compared to
other alternatives (Zhang et al., 2018c):
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where S(x1, x2, xj, … , xm) is the overall suitability, xj is the jth en-
vironmental factor, m is the total number of covariates involved, and S
(xj) is the habitat suitability with respect to xj.

2.4.2. Maxent
Maxent is the most widely used SDM method that requires species

presence-only data (Elith et al., 2011; Phillips et al., 2006). It estimates
species distribution over geographic space as the probability distribu-
tion that has the maximum entropy (i.e., closest to a uniform dis-
tribution) while respecting constraints implied in the environmental
conditions at species occurrence localities (Phillips et al., 2006). The
most recent Maxent software (version 3.4.0) (Phillips et al., 2020) was
downloaded and used in this study. Its default model parameter set-
tings, which were fine-tuned based on a large dataset and thus are
supposed to be generally applicable (Phillips and Dudík 2008), were
used in this study (e.g., auto features, cloglog output format, add
samples to background, remove duplicate presence records, etc.). The
Cloglog output from Maxent can be interpreted as a species habitat
suitability map.

2.5. Integrating multi-source data for habitat mapping

The integration of R. bieti sightings from local ecological knowledge
and patrol records for habitat mapping was explored at three levels:
data-, knowledge- and model-level (Fig. 2). These three levels of

integration correspond to the three stages of habitat suitability map-
ping, namely, input, model, and output, respectively. Data-level in-
tegration creates a new set of integrated species occurrence data as
input to habitat suitability modeling and mapping methods. For data-
level integration, occurrences from the two sources were simply pooled
together for modeling and mapping habitat suitability using the rule-
based method and Maxent.

Knowledge-level integration creates a new model encoding the in-
tegrated knowledge regarding species habitat suitability – environment
relationships synthesized from the knowledge embedded in individual
data sources. Knowledge-level integration was examined using only the
rule-based method, as the Maxent software provides no such flexibility.
Occurrences from individual sources were used to estimate presence
distribution and derive the relationship between habitat suitability and
environmental covariates (knowledge) (Eq. (2)). The suitability – en-
vironment relationships derived from the two data sources regarding
the same covariate were then synthesized using the ‘minimum’, ‘mean’
or ‘maximum’ operator (Fig. 3). The ‘minimum’ operator implies a
conservative view in data integration as the synthesized relationship is
very stringent. The suitability value under a given environmental con-
dition is determined by the lowest among the suitability values under
that environmental condition derived from individual data sources. On
the other end, the ‘maximum’ operator represents an optimistic view as
the synthesized relationship tends to be overly tolerant. The suitability
value under the environmental condition is determined by the highest
among the individual suitability values. The ‘mean’ operator stands for
a middle ground by assigning the suitability value as the average of the
individual suitability values.

Model-level integration creates a new output habitat suitability map
by integrating suitability maps predicted from models built based on
individual data sources. Model-level integration was tested using the
rule-based mapping method and Maxent. Occurrences from each source
were used to build a model and predict a suitability map. The two
suitability maps were then integrated through a pixel-wise ‘minimum’,
‘mean’ or ‘maximum’ operator to produce a final suitability map. The
implication of the three operators are the similar to those discussed
above in knowledge-level integration.

2.6. Accuracy assessment

R. bieti occurrence locations recorded during field tracking were
used as independent validation data to evaluate the accuracy of the
predicted habitat suitability maps. Tracking was conducted by one field
biologist and two assistants primarily for behavioral study purposes in
2008 and 2009 (Huang et al., 2012). Location of the monkeys was re-
corded on a topographic map every 30 min from 7 am to 8 pm. These
field tracking locations were the most accurate data available reflecting
the distribution of R. bieti in the study area during the study period
(2008 to 2009). Recorded monkey occurrence locations in summer
months of 2008 and 2009 (Fig. 4) along with 1000 background loca-
tions (i.e., pseudo-absences) randomly chosen from the study area were
used as validation data.

The area under the curve (AUC) was adopted as an accuracy mea-
sure of the predicted suitability maps. AUC can be computed based on
the occurrence locations and background locations (Phillips and Dudík,
2008). AUC ranges from 0.5 to 1.0, with 0.5 indicating that the pre-
dictions are no better than random predictions and 1.0 indicating
perfect predictions. Models with AUC values greater than 0.75 are
considered potentially useful (Elith et al., 2002; Phillips and Dudík,
2008). AUC provides a single accuracy measure that is independent of
any choice of suitability threshold. It has been widely used for evalu-
ating performance of species distribution models and habitat suitability
models (Elith et al., 2011; Phillips et al., 2006; Phillips and Dudík,
2008; Zhang, 2019; Zhang et al., 2018c, 2018b; Zhang and Zhu, 2019).
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2.7. Experiment design

Accuracies of suitability maps predicted based on data integration
were compared to accuracies of suitability maps predicted based on
individual data sources. This allows examining whether multi-source
data integration can improve mapping (prediction) accuracy.
Moreover, accuracies of suitability maps based on data integration at
different levels (data-, knowledge or model-level) were compared to
identify the integration level achieving the highest mapping accuracy.
Finally, accuracies of suitability maps based on knowledge- or model-
level integration using different operators (‘minimum’, ‘mean’ or
‘maximum’) were compared to examine the effects of the operators.

3. Results

3.1. Mapping based on individual data sources

The accuracies of habitat suitability maps predicted based on in-
dividual data sources (Fig. 5) were shown in Table 1. The spatial pat-
terns of the suitability maps predicted from different methods based on
the same data source were similar. Overall, high suitability areas pre-
dicted from local ecological knowledge (LEK) were more geo-
graphically constrained than those predicted from patrol records (PAT).
Suitability maps predicted from PAT were generally of higher accuracy
than those predicted from LEK, which indicates data from PAT were of
better quality than data from LEK. Nevertheless, all AUC values were

below 0.75. The unsatisfactory mapping accuracies may be attributed
to the limitations of individual data sources, i.e., spatial bias in LEK
sightings (Zhu et al., 2015) and positional errors in PAT records (Zhang
et al., 2018b).

3.2. Data-level integration

Data-level integration (i.e., pooling occurrences from LEK and PAT)
resulted in habitat suitability maps (Fig. 6) that were more accurate
than those predicted based on individual data sources (Table 2). Suit-
ability maps predicted using the two mapping methods had similar
spatial patterns, although Maxent (AUC = 0.778) achieved a slightly
higher mapping accuracy than the rule-based mapping method
(AUC = 0.761). The AUC values were all above 0.75, suggesting that
simply pooling occurrences from the two data sources can overcome the
limitations of individual data sources and thus result in potentially
useful predictions.

3.3. Knowledge-level integration

Knowledge-level integration of LEK and PAT using the ‘minimum’ or
‘mean’ operator improved mapping accuracy (Fig. 7; Table 3) compared
to mapping based on individual data sources (Table 1). Integrating
knowledge from the two sources with the ‘minimum’ operator achieved
the highest accuracy (AUC = 0.751), followed by the ‘mean’ operator
(AUC = 0.747). Using the ‘maximum’ operator at knowledge-level

Fig. 2. Integration of multi-source species data for habitat mapping at three different levels.

Fig. 3. A schematic example of knowledge-level data integration for habitat suitability mapping.
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integration (AUC = 0.711) did not improve mapping accuracy com-
pared to mapping using knowledge only from PAT.

3.4. Model-level integration

Model-level integration of LEK and PAT using the ‘minimum’ or
‘mean’ operator increased mapping accuracy (Fig. 8; Table 4) compared
to mapping based on individual data sources (Table 1). Integrating
models (i.e., suitability maps) built from the two sources with the
‘minimum’ operator achieved higher accuracy (AUC = 0.760 and
AUC = 0.771 for rule-based mapping and Maxent, respectively) than

using the ‘mean’ operator (AUC = 0.748 and AUC = 0.755 for the two
mapping methods, respectively). Using the ‘maximum’ operator at
model-level integration (AUC = 0.699 and AUC = 0.713 for the two

Fig. 4. R. bieti occurrence locations recorded during field-tracking of the monkeys (summer months of 2008 and 2009).

Fig. 5. Suitability maps predicted based on individual data sources (LEK: local ecological knowledge; PAT: patrol records).

Table 1
Accuracy (AUC) of the habitat suitability maps predicted based on individual
data sources.

LEK PAT

Rule-based mapping 0.702 0.711
Maxent 0.677 0.730
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mapping methods, respectively) did not achieve clear accuracy im-
provement over mapping based on individual data sources.

4. Discussion

4.1. Effectiveness of data integration

Compared to habitat suitability mapping based on individual data
sources, integrating data from LEK and PAT at all three levels could
effectively improve mapping accuracy. Notably, the highest AUC values
of suitability maps predicted based on data integration (using the
‘minimum’ operator) were all above the 0.75 threshold. That is, map-
ping by integrating multi-source data can result in potentially useful
habitat suitability maps (AUC > 0.75) (Elith et al., 2002; Phillips and
Dudík, 2008) even when mapping based on individual data falls short.
The improved mapping accuracy indicates that integrating multi-source
data can overcome the limitations of individual data sources.

4.2. Impact of integration level

In this study, data-level and model-level integration generally pro-
duced more accurate suitability maps compared to knowledge-level
integration. R. bieti sightings from LEK overall were in slightly steeper
areas compared to sightings from PAT (Fig. 9). Data-level integration
(i.e., pooling occurrences from LEK and PAT to estimate occurrence
probability distribution) can effectively expand the spatial coverage of
the occurrence data, increases sample size for modeling and mapping
and therefore improves mapping accuracy. Model-level integration
produced a more accurate suitability map by combining the two

suitability maps predicted from individual data sources. It is a simple
form of model averaging (Dormann et al., 2018). Knowledge-level in-
tegration synthesizes knowledge on the relationship between R. bieti
habitat suitability and environment covariates derived from individual
data sources to form an integrated model (Fig. 10).

4.3. Impact of integration operator

The integration operators imply three different philosophies in data
integration (Fig. 10). The ‘minimum’ operator is very conservative and
stringent. For example, a high suitability is assigned for a given en-
vironmental condition only if this assignment is supported by both data
sources. The ‘maximum’ operator, however, tends to be liberal and
tolerant. A high suitability is assigned for the given environmental
condition even if this assignment is supported by only one data source.
The ‘mean’ operator is moderate and assigns the given environmental
condition a suitability value that is the average of the suitability as-
signments from the two sources. In this study, integrating data using the
‘minimum’ operator (at the knowledge- or model-level) produced more
accurate suitability maps than using the ‘mean’ or ‘maximum’ operator,
suggesting the conservative standpoint is preferred for multi-source
data integration for habitat mapping.

4.4. Applicability of the integration framework

Integrating multi-source data for wildlife habitat suitability map-
ping at the data- and model-level level is easy to implement. Occurrence
data pooling and model averaging can be done without tweaking the
modeling method in use (i.e., the modeling method can be treated as a

Fig. 6. Suitability maps predicted based on data-level integration.

Table 2
Accuracy (AUC) of the habitat suitability maps predicted based on data-level
integration.

Rule-based mapping Maxent

AUC 0.761 0.778

Fig. 7. Suitability maps predicted based on knowledge-level integration (rule-based mapping method).

Table 3
Accuracy (AUC) of the habitat suitability maps predicted based on knowledge-
level integration with the three operators (rule-based mapping method).

‘Minimum’ operator ‘Mean’ operator ‘Maximum’ operator

AUC 0.751 0.747 0.711
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‘black box’). For data-level integration, multi-source occurrence data
can be simply pooled and provided as input to the modeling method to
produce an output suitability map. For model-level integration, inter-
mediate suitability maps produced based on individual data sources
using the modeling method can be synthesized following certain in-
tegration principles (e.g., pixel-wise minimum, mean, or maximum) to
produce a final suitability map. All these procedures are straightfor-
ward and easy to implement.

Knowledge-level integration, on the other end, requires under-
standing of the mechanism of the modeling method such that proper
procedures can be designed to implement knowledge-level integration.
In this study, with the rule-based mapping method, knowledge re-
garding species habitat suitability – environment relationships derived
from different sources were integrated by synthesizing the suitability –
covariate response curves (Fig. 10). The Maxent software as is does not
provide such flexibility. Fletcher et al. (2019) pointed out that one
source of data can be used to provide a prior distribution for model
parameters when modeling the second data. This can be taken as a form
of knowledge-level integration (knowledge regarding model para-
meters). Implementing this idea is model-specific and requires detailed

knowledge of the models.
Results of the R. bieti case study suggest that data integration pro-

duced more accuracy suitability maps than mapping based on in-
dividual data sources. It is supporting evidence that the proposed data
integration framework is generally applicable for integrating multi-
source data for improving habitat mapping accuracy and its applica-
tions for mapping habitats of other species are encouraged. More
broadly, multi-source data integration for habitat mapping and species
distribution modeling offers more opportunities for unveiling the dy-
namics of biodiversity, ecosystem states and multiple future trajectories
under environmental variability, human impact and positive controls
(Convertino et al., 2011). Species distribution modeling and predictions
can also unveil the complexity and simplicity of the structure and
function of biodiversity and thus guide optimal monitoring and multi-
scale ecological engineering interventions that aim to protect multiple
co-dependent species at the same time (Convertino et al., 2015).

5. Analysis of covariate contributions

The environmental covariates representing diverse drivers of spe-
cies distribution used for mapping R. bieti habitat suitability may be of
varied importance in suitability modeling. The Maxent software pro-
vides an analysis of covariate contributions (Phillips et al., 2006). Ac-
cording to estimates of relative contributions of the environmental
variables to the Maxent model (Table 5), distance to village or road and
elevation seem to be the most important covariates to the model trained
using occurrence locations pooled from LEK and PAT whilst slope and
distance to river seem to be the least important. Based on the results of

Fig. 8. Suitability maps predicted based on model-level integration.

Table 4
Accuracy (AUC) of the habitat suitability maps predicted based on model-level
integration with the three operators.

‘Minimum’ operator ‘Mean’ operator ‘Maximum’ operator

Rule-based 0.760 0.748 0.699
Maxent 0.771 0.755 0.713

Fig. 9. Data-level integration in the rule-
based mapping method illustrated with the
slope covariate. Left figure shows the
background distribution and occurrence
probability distributions estimated from
LEK occurrences, PAT occurrences, and the
pooled LEK and PAT occurrences (data-
level integration). Right figure shows the
relationship between habitat suitability and
slope derived from occurrences from in-
dividual data sources and the pooled oc-
currences.
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the jackknife test of variable importance (Fig. 11), the covariate with
highest regularized training gain when used in isolation is plant type,
which therefore appears to have the most useful information by itself.
The covariate that decreases the gain the most when it is omitted is
distance to village or road, which therefore appears to have the most
information that is not present in the other covariates.

The covariates were chosen primarily based on existing knowledge
of the ecology of the species (Huang et al., 2017, 2012; Huang, 2009);
Data-driven covariate selection was not appropriate for this study given
the relatively small amount of species occurrence data. It was not
pursued neither in this study how different combinations of the cov-
ariates would affect the results of data integration for habitat mapping.
Instead, the same set of covariates were used in habitat mapping ex-
periments throughout in this study; This control allows comparing the
effects of the input species occurrence data. Admittedly, the analysis of
covariate contributions and importance is only one aspect of the more
general global sensitivity and uncertainty analysis (Convertino et al.,
2014), which itself is an interesting topic but is out of the scope of this
study.

6. Conclusion

This study presents a framework for integrating multi-source wild-
life data for habitat mapping at three levels: data-, knowledge- and
model-level. To evaluate the effectiveness of the framework, a case
study of mapping habitat suitability of the black-and-white snub-nosed
monkey (Rhinopithecus bieti) by integrating sightings elicited from local

villagers and obtained from official patrol records was conducted in
Yunnan, China. Results suggest that data integration can effectively
improve mapping accuracy over mapping based on individual data
sources. Data- and model-level integration generally achieved higher
accuracy. Knowledge- and model-level integration using the ‘minimum’
operator (a conservative principle) resulted in higher mapping accu-
racy, compared to using the ‘maximum’ or ‘mean’ operator. This data
integration framework is generally applicable for integrating data from
two or more sources for habitat mapping. It is also easy to implement
and thus can be conveniently adopted by practitioners. Habitat suit-
ability maps generated based on integrated species data from multiple
sources could better support decision making in biodiversity mon-
itoring and conservation.

One limitation of this study is the integration framework was tested
for mapping habitat suitability of one species in a smaller study area as
a proof of concept. The authors invite interested parties to apply the
integration framework for habitat mapping of other species in other
geographic areas and to more comprehensively evaluate its general
applicability and effectiveness for integrating multi-source data for
wildlife habitat mapping or species distribution modeling.
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Fig. 10. Knowledge-level integration in the rule-based mapping method illustrated with the slope covariate. Figures show the relationship between habitat suitability
and slope synthesized using the ‘minimum’, ‘mean’ or ‘maximum’ operator.

Table 5
Estimates of relative contributions of the environmental variables to the Maxent
model trained using occurrence locations pooled from LEK and PAT.

Covariate Percent contribution Permutation importance

dist2vilroad 34.3 30.5
elevation 30.6 32.8
planttype 19.3 15.9
aspect 10.3 8.6
slope 3.8 6. 9
dist2river 1.7 5.2

Fig. 11. Contributions of environmental covariates to regularized training gain in Maxent modeling training.
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