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Simple Summary

Bees are essential for pollination, food production, biodiversity, and beekeeping. Because
bees, flowers, apiaries, pests, diseases, and environmental risks all have a spatial compo-
nent, Geographic Information Systems (GISs) are increasingly used to study and manage
bee-related problems. This review analyzed 228 publications that applied GIS or related
geospatial methods in bee research. The studies showed that GIS has been used for many
purposes, including selecting suitable apiary locations, mapping floral resources, analyzing
bee diseases and pests, studying bee movement, estimating pollination services, monitor-
ing bee products, and predicting the effects of climate change. Most studies focused on
beekeeping systems and Apis mellifera, while wild bees, stingless bees, and other bee groups
were less represented. The review also showed that GIS applications are expanding with
new tools such as remote sensing, species distribution models, WebGIS, machine learning,
and decision-support systems. Overall, GIS provides useful tools for researchers, beekeep-
ers, and decision-makers, but future studies should improve data quality, reproducibility,
and taxonomic coverage.

Abstract

Bees play crucial ecological, economic, and environmental roles, and research on them
increasingly includes a spatial dimension. Geographic Information Systems (GISs) enable
the acquisition, storage, analysis, management, and visualization of spatial data. However,
GIS applications in bee research have expanded while remaining dispersed across topics,
tools, taxa, and methodological approaches. This study provides a comprehensive and
updated review of GIS applications in bee research by integrating bibliometric analysis
with a structured synthesis of GIS purposes and techniques. A total of 228 publications
were analyzed to assess publication trends, co-authorship patterns, keyword themes, study
areas, taxonomic coverage, GIS application themes, and methodological tools. GIS was
used to select suitable apiary sites, map floral resources, analyze bee behavior, assess
diseases and pests, monitor bee products, evaluate urban and landscape contexts, and
predict climate change effects. The main GIS-related approaches included multicriteria
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decision analysis (MCDA), remote sensing, species distribution models (SDMs), spatial
interpolation, WebGIS platforms, and emerging machine-learning applications. The review
also identified underrepresented taxa, especially wild bees, stingless bees, and other Apis
species. Future advances should integrate MCDA with data-driven models, improve
floral-resource mapping with remote sensing, and strengthen reproducibility through
standardized spatial data and workflows.

Keywords: apiculture; beekeeping; bees; floral resource; Geographic Information Systems;
honey bee; multicriteria decision analysis; pollinators; remote sensing; spatial analysis

1. Introduction
Bees play crucial ecological and economic roles as essential pollinators of wild plants

and agricultural crops [1,2]. They are also central to beekeeping, an important agricul-
tural activity that contributes to rural economic development [3,4] through pollination
services [5] and the production of goods relevant to food and human health [6]. In addition,
bees collect and accumulate materials and particles from the environment, making them
valuable bioindicators for monitoring large areas, including agricultural zones [7] and
urban areas [8]. However, bees face critical conservation threats due to climate change,
anthropogenic land-use change, habitat loss, and other factors [9–11]. As a result, research
on bees has increased substantially worldwide [12].

Ecological studies often include a spatial dimension, such as species geolocation,
migratory routes, habitat distribution, and the monitoring of climate change impacts [13].
Consequently, Geographic Information Systems (GISs) have become essential in ecological
studies, as they allow the exploration of spatial relationships within and between datasets.
These spatial relationships enable the quantification, interpretation, and explanation of
biogeographic and ecological patterns [14]. As systems comprising hardware and software
components, GIS facilitate the acquisition, storage, manipulation, analysis, management,
and presentation of spatial or geographic data. GIS has been widely applied across various
disciplines to analyze spatial patterns and distributions and to understand interactions
between geographic and non-geographic entities in space and time [15].

In bee research, GIS has been applied to diverse purposes, including selecting suitable
apiary locations [16], mapping plants of interest to bees [17], studying bee behavior [18],
analyzing honey bee diseases and pests [19], and predicting the effects of climate change on
bees [10]. Although a previous narrative review noted that GIS had been used in relatively
few studies related to honey bees and beekeeping [20], the current literature shows a
growing but dispersed body of applications across topics, tools, taxa, and methodological
approaches. Therefore, an updated and structured synthesis of GIS applications in bee
research is warranted.

Previous reviews have addressed related aspects of GIS use in apiculture and bee
research. Rogers et al. [21,22] provided a methodological and tutorial-oriented contribution
introducing basic GIS principles, data types, and spatial analysis procedures for honey
bee research. Abou-Shaara [20] conducted a narrative review exploring GIS applications
in honey bees, beekeeping, and bee products. Kotovs and Zacepins [23] reviewed seven
selected studies on GIS applications in beekeeping, focusing on the practical problems these
tools were used to address. In addition, Alleri et al. [24] conducted a systematic review
on precision beekeeping, including a brief dedicated subsection on GIS applications in
apiculture. However, these studies do not provide an integrated and updated assessment
that combines bibliometric patterns with a structured synthesis of the main purposes and
tools of GIS use in bee research. In this context, the present study addresses this gap by
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examining publication trends and collaboration patterns, while systematically summarizing
GIS applications for bees across diverse purposes and tools.

The objectives of this study are twofold: (i) to carry out a bibliometric analysis to
explore co-authorship among countries, authors, and institutions, and to identify trends
in publications and keyword themes; and (ii) to examine and summarize the purposes
and GIS tools used in the published literature on bees, providing insights to guide future
studies and highlight emerging initiatives.

2. Materials and Methods
2.1. Publication Search and Selection

A systematic literature search approach was used, following the identification, screen-
ing, and eligibility procedures described in the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) [25]. In stage 1 (Figure 1), identification was per-
formed on 27 April 2026, in the Scopus and Web of Science databases, considering titles,
abstracts, and keywords. These databases were chosen because they include a wide variety
of scientific literature in different fields of knowledge and their indexed publications un-
dergo a formal and rigorous peer-review process [26,27]. A search was performed using
Boolean operators (AND and OR), bee-related words, and GIS-related terms. The syntax
was (“*bee” OR “honey*” OR “hive” OR “apicultur*” OR “beekeep*” OR “apiari*” OR
“apiary*”) AND (“gis” OR “geograph* information system*” OR “geomatic*” OR “geoinfor-
mat*” OR “geospat*”), with truncations to expand the results. The results of each database
were exported in CSV format, combined, and duplicate documents were eliminated
(n = 169). The remaining 591 documents were examined by reading their titles and ab-
stracts for screening. This screening was performed by two members of the research team.
When disagreements arose regarding whether to include or exclude a document, a third
member was consulted to reach the final decision. A total of 403 studies were excluded,
mainly because the terms “bee”, “honey”, or “hive” were used in contexts outside the ob-
jectives of this study, such as Zigbee, artificial bee colony algorithms, and honeycomb-like
engineering structures.

The 188 previously selected articles were assessed for eligibility by reading the full
texts. Inclusion criteria were: (i) the publication was an original study and not a review;
(ii) the full text of the article was available; and (iii) the article deals with a spatial analy-
sis related to bees, either directly or indirectly through spatial-context variables used to
interpret bee- and apiary-related patterns, and shows a map as a result or explicitly reports
the use of GIS, spatial modeling, or spatial processing in the methodological approach.
Six reports were excluded at this stage, resulting in 182 selected studies. The excluded stud-
ies include five previous reviews related to the objective of this study [20–24]. Therefore,
the identification, screening, and eligibility procedures were applied to the bibliographic
references of these previous reviews. In stage 2 (Figure 1), 299 references were examined;
after removing duplicates and cross-citations, 244 records were screened using the same
criteria as in stage 1. Of these, 70 reports were assessed for eligibility, and 46 additional
studies were selected. Thus, 228 publications were included for analysis in this study, and
the complete list is provided as Supplementary Materials.
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Figure 1. Flow of steps for the systematic literature review. The previous related reviews used in
Stage 2 were Abou-Shaara [20], Rogers and Staub [21], Rogers et al. [22], Kotovs and Zacepins [23],
and Alleri et al. [24].

2.2. Bibliometric Analysis

Publication growth was described using annual publication counts and the compound
annual growth rate (CAGR), calculated as [(Nfinal/Ninitial)1/t − 1] × 100, where Ninitial is the
number of publications in the initial year, Nfinal is the number of publications in the final
year, and t is the number of years between both observations [27]. CAGR was calculated
for 2000–2025 to summarize the main growth period, excluding the incomplete 2026 record.
Bibliometric analyses were performed using VOSviewer v1.6.20 [28] and the Bibliometrix
package v5.4.0 [29].

VOSviewer was used to generate co-authorship networks for countries (≥2 pub-
lications), institutions (≥3 publications), and authors (≥2 publications), as well as co-
occurrence maps of author keywords (≥3 occurrences). All VOSviewer analyses were per-
formed using the full counting method. Network maps and clusters were generated using
VOSviewer’s default normalization and clustering procedures. Before network construc-
tion, separate thesaurus files were prepared for keywords, institutions, and authors [30].
For keyword harmonization, hyphens and slashes were replaced with spaces, plural forms
were singularized, and equivalent terms were merged; for example, “geographic infor-
mation system”, “geographical information systems”, and “gis” were standardized as
“GIS”. For authors, alternative spellings, initials, and name variants were merged under a
single standardized form. For institutions, affiliation variants, institutional subunits, and
alternative names were standardized. This procedure reduced artificial inflation of counts
and improved the consistency of rankings and co-occurrence networks.

The Bibliometrix package, through the Biblioshiny interface, was used to evaluate
author productivity, identify core sources, and construct the thematic map. Author produc-
tivity was assessed using Lotka’s Law [31] by comparing the empirical distribution with
both the theoretical inverse-square model (β = 2) and the fitted model, using Kolmogorov–
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Smirnov goodness-of-fit tests. Core sources were identified using Bradford’s Law [32] by
ranking sources by decreasing productivity, fitting the Bradford distribution to the cumu-
lative number of articles, and dividing sources into Bradford zones with approximately
one-third of the articles per zone. The thematic map was constructed from author key-
words using the same harmonized keyword set applied in the VOSviewer analysis. For this
analysis, 600 terms were considered, with a minimum cluster frequency of 5 per thousand
documents, an alpha parameter of 0.5, and the Louvain clustering algorithm. Callon’s cen-
trality and density were used to characterize the strategic position of thematic clusters [33].
Centrality was interpreted as an indicator of the importance of a topic within the overall
field, whereas density was interpreted as an indicator of the internal development of the
topic [34].

2.3. Thematic Analysis

The 228 selected studies were classified through a structured full-text review according
to the main topic addressed, understood as the primary purpose of GIS use, and the main
GIS tool or methodological approach applied. The methodological details of the main
topics and tools were then summarized, including a methodological flow summary. This is
intended to guide future studies and to highlight recent and novel initiatives. In addition,
the country of study and the geographic scale of analysis were recorded to characterize the
spatial scope of the reviewed literature. The bee taxa or taxonomic groups addressed in
each study were also extracted to incorporate the biological scope of GIS applications in
bee research.

3. Results
3.1. General Characteristics of the Reviewed Studies
3.1.1. Publication Trends and Study Scope

The annual trend of publications showed that 2025 (n = 29) and 2021 (n = 22) recorded
the highest productivity, while the first publication dated to 1977 [35] (Figure 2a). From 2000
to 2025, the field showed a CAGR of 14.42%, indicating a marked expansion of GIS-related
applications in bee research. Regarding study areas, the United States (US) was the country
where the largest number of studies was conducted (n = 60), followed by Turkey (n = 21),
Egypt (n = 20), and Italy, Canada, and Brazil (n = 19 each) (Figure 2b). Most studies were
classified as non-urban (n = 183), although urban contexts were also analyzed as the main
study focus, for example, in studies on urban bee communities, green roofs, and urban bee-
keeping [36–39], as urban–rural gradients [40–42], or as explanatory covariates in landscape
analyses [43] (Figure 2c). GIS allowed studies at different geographic scales; most stud-
ies were conducted at subnational/regional scales (n = 109) [44,45], followed by national
(n = 48) [2,46,47] and local/site-level studies (n = 48), including areas surrounding one or
more apiaries [48–50]. Global [51,52], multicountry [53,54], and continental/macroregional
studies [55,56] were less frequent (Figure 2d).

3.1.2. Taxonomic Groups Studied

The reviewed studies were dominated by two categories: beekeeping systems without
explicit taxonomic specification (n = 85) and studies explicitly focused on Apis mellifera
(n = 79) (Figure 2e). The first group mainly included studies on apiary location [57],
beekeeping suitability [58], spatial honey production potential [16], and hive management
or planning [59], where the target bee taxon was not specified. The second group included
studies centered on A. mellifera, including colony health [60], foraging behavior [61], honey
yield and colony productivity [62], and landscape interactions [43]. Beyond managed
honey bee systems, 46 studies focused on other wild bee taxa, excluding Bombus spp.
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and Meliponini, and addressed diversity patterns [63], habitat suitability [64], land-use
effects [65], and conservation planning [66]. Bee-associated organisms were also analyzed in
28 studies, including pests, pathogens, parasites, and predators such as Varroa destructor [67],
Aethina tumida [56], Paenibacillus larvae [68], Vespa velutina [69], and Palarus latifrons [19].
Studies on Bombus spp. (n = 24), stingless bees/Meliponini (n = 11), and other Apis spp.
(n = 4) were less frequent but showed the use of GIS in bumblebee habitat and community
studies [40,45,70], meliponiculture and stingless bee conservation [71,72], and other Apis
species distribution or habitat studies [73,74], respectively.

Figure 2. Publication trends and scope of GIS applications in bee research, including annual publica-
tion trends and cumulative publications (a), countries used as study areas (b), urban focus (c), spatial
scale (d), and taxonomic groups studied (e).

3.2. Bibliometrics of Publications
3.2.1. Countries and Institutions Co-Authorship

A total of 63 countries contributed to bee publications using GIS tools, of which
20 countries had five or more publications (Figure 3a). The US (n = 58) was the leading
author country, with more than three times the publications of Germany (n = 18), the second
most productive country, followed by Egypt and Turkey (n = 14 each). The collaboration
network included 48 countries (≥2 publications) organized into 13 clusters, of which
seven were interconnected and six remained isolated, notably Indonesia (n = 6) as the
most productive isolated country. The cooperation networks emerged mainly between
neighboring countries, and the largest cluster (C1, 11 countries) grouped predominantly
European countries, while C2 (8 countries) reflected research ties between Egypt, Saudi
Arabia, and Asia-Pacific countries. C3 (7 countries) connected Germany with African
and North American countries, and C4 (5 countries) linked the US with Latin American
nations and Spain. Regarding temporal patterns, Germany, Brazil, and the United Kingdom
(UK) showed earlier average publication years (2014–2016), followed by the US and Italy
(2017), whereas Canada, Egypt, and Turkey showed more recent average publication years
(2020–2021).
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Figure 3. Bibliometric network of co-authorship among countries (a) and institutions (b), showing
the number of publications (number and size of circles), the average publication year (circle color),
and collaborative clusters (label color and spatial grouping).

A total of 398 institutions contributed to the 228 reviewed publications, of which 38 had
three or more publications (Figure 3b). The leading institution by number of publications
was Damanhour University, Egypt (n = 14), followed by Pennsylvania State University and
USDA—ARS (Agricultural Research Service), both in the US (n = 12 each), the University of
California, US (n = 7), and Selçuk University, Turkey (n = 6). The institutional network was
fragmented into 15 clusters, of which only four were interconnected, while 11 remained
isolated. The clearest same-country grouping was observed among US institutions, whereas
smaller groupings appeared among institutions from Germany, Australia, and Portugal.
Cross-country links were also observed, such as Egypt–Saudi Arabia and Malaysia–Iran.
Earlier average publication years were observed for the University of Texas, Universiti
Putra Malaysia, the University of Göttingen, and the University of California (2010–2012),
whereas more recent average years were observed for Damanhour University, Pennsylvania
State University, Latvia University of Life Sciences and Technologies, Nectar Technologies
Inc., and the University of Montreal (2020–2025).

3.2.2. Authors and Their Keywords

A total of 888 authors contributed to publications using GIS tools in bee research,
of which 112 authors had two or more publications (Figure 4). Abou-Shaara HF was
the leading author by number of publications (n = 15), followed by Grozinger Christina
M (n = 9) and Sari Fatih (n = 7). Six authors contributed four publications, 21 authors
contributed three, and 82 authors contributed two, while 776 authors published only one
paper. This highly skewed productivity pattern was consistent with Lotka’s Law, both
for the theoretical model (β = 2; p = 0.203) and the fitted model (β = 2.73; p = 0.938).
The collaborative network of authors with at least two publications was organized into
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29 clusters, mostly small and weakly connected (Figure 4). This pattern indicated that
recurrent collaboration was concentrated in specialized groups rather than forming a single
cohesive author community. More recent average publication years were observed in
clusters led by Abou-Shaara HF and Sari Fatih (average publication year = 2020), mainly
associated with beekeeping suitability and apiary-location modeling [75–78]; Grozinger
Christina M (average publication year = 2022), associated with spatial risk assessment and
decision-support tools for pollinator health [79,80]; Zacepins Aleksejs (average publication
year = 2022), associated with precision beekeeping and apiary scheduling [59,81–83]; and
Pérez Liliana (average publication year = 2025), associated with machine-learning and
remote-sensing approaches for beekeeping suitability, crop mapping, and hive survival
analysis [54,84,85].

Figure 4. Temporal co-authorship clusters and number of publications per author.

A total of 589 author keywords were identified, of which 75 had three or more occur-
rences and were included in the co-occurrence network (Figure 5a). The most frequent
keywords were ‘GIS’ (n = 86), ‘beekeeping’ (n = 45), ‘Apis mellifera’ (n = 45), ‘pollina-
tors’ (n = 21), ‘suitability analysis’ (n = 16), and ‘multicriteria decision analysis’ (MCDA,
n = 15). The co-occurrence network was organized into six clusters. C5, the cluster with the
highest cumulative number of occurrences, linked ‘GIS’, ‘beekeeping’, ‘suitability analy-
sis’, ‘multicriteria decision analysis’ (MCDA), ‘Analytical Hierarchy Process’ (AHP), and
‘apiary site suitability’, reflecting the strong concentration on suitability-based apicultural
applications. C1 grouped broader ecological and biogeographic terms, including ‘bees’,
‘landscape ecology’, ‘climate change’, ‘species distribution modeling’ (SDM), ‘MaxEnt’,
and ‘conservation’. C2 connected ‘pollinators’, ‘wild bees’, ‘bumble bees’, ‘land use’, ‘land-
scape structure’, and ‘urbanization’, indicating a landscape-ecology focus on pollinator
communities. C4 was centered on ‘Apis mellifera’ and included ‘colony losses’, ‘mortal-
ity’, ‘overwintering’, and ‘pesticides’. C3 combined ‘remote sensing’, ‘satellite imagery’,
‘spatial analysis’, ‘land cover’, and ‘bee forage’, whereas C6 grouped terms related to
decision-support and precision beekeeping, including ‘decision support systems’, ‘preci-
sion beekeeping’, ‘smart apiary’, ‘interactive maps’, and ‘hiveopolis’. Temporally, recent
keywords in the co-occurrence network included ‘machine learning’ (2025), ‘smart apiary’
and ‘interactive maps’ (2024), ‘climate change’ and ‘precision beekeeping’ (2023), and
‘MaxEnt’ (2022).
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Figure 5. Author keyword structure in GIS-related bee research, showing temporal co-occurrence
patterns among keywords with at least three occurrences (a) and thematic clusters based on Callon’s
centrality and density for keywords with at least two occurrences (b).

The thematic map of the 134 author keywords with two or more occurrences identified
15 clusters and classified them according to Callon’s density and centrality as motor themes
(high density and centrality), niche themes (low centrality and high density), emerging
or declining themes (low density and centrality), and basic or transversal themes (high
centrality and low density) (Figure 5b). The basic and transversal structure of the field
was dominated by the cluster centered on ‘GIS’, ‘beekeeping’, ‘suitability analysis’, MCDA,
and AHP, confirming the central role of GIS-based suitability analysis in apicultural stud-
ies. Motor themes were mainly associated with pollinator ecology, floral resources, land
use, biodiversity, landscape ecology, ecosystem services, and pollination, showing the
consolidation of landscape-oriented ecological applications. Niche themes included more
specialized topics such as ecological niche modeling, invasive species, nectar resources,
decision-support systems, and precision beekeeping. Emerging or declining themes were
represented by clusters related to conservation, climate change, species distribution model-
ing, extinction risk, remote sensing, bee forage, and land cover.

3.2.3. Core Sources

The 228 publications were distributed across 157 sources, showing a dispersed publi-
cation pattern. Bradford’s law identified 21 core sources that concentrated 77 publications,
corresponding to approximately one-third of the reviewed corpus (Figure 6). The most
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productive source was Scientific Reports (n = 7), followed by Ecological Informatics and En-
vironmental Entomology (n = 6 each), and PeerJ (n = 5). However, 121 sources contributed
only one publication, indicating that GIS-related bee research was distributed across a
broad set of publication outlets. The Kolmogorov–Smirnov test indicated a significant
deviation from the theoretical Bradford distribution (D = 0.191, p = 0.006), supporting this
dispersed publication pattern.

Figure 6. Core sources and Bradford zones for publications on GIS applications in bee research.

3.3. GIS Analysis Themes and Tools

GIS was mainly used to assess land suitability for beekeeping and apiary siting
(n = 47, 21%) and to analyze bee health, mortality, diseases, and pests (n = 41, 18%)
(Figure 7). Other frequent themes included bee distribution/habitat suitability and bee
diversity/community–landscape relationships (n = 23 each, 10%), followed by geospatial
decision-support or monitoring systems (n = 18, 8%), floral resources/melliferous potential
(n = 17, 8%), and bee products/provenance/biomonitoring (n = 16, 7%). Regarding tools,
basic GIS/spatial overlay was the most used approach (n = 52, 23%), followed by landscape
metrics/spatial context analysis (n = 39, 17%), other modeling or hybrid GIS approaches
(n = 35, 15%), MCDA (n = 33, 15%), and species distribution modeling/ecological niche
modeling (n = 22, 10%). These themes and tools are addressed in the following subsections.

Figure 7. Relationship between GIS application themes and main GIS tools used in bee research.
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3.3.1. Land Suitability for Beekeeping and Apiary Location

Of the 47 studies on land suitability for beekeeping and apiary siting, 32 used MCDA-
GIS as the main tool. Malczewski and Rinner [86] provide a comprehensive description of
the theories, methods, and technologies for integrating MCDA into GIS. For beekeeping,
in summary, (i) the criteria that determine beekeeping activity are identified and selected,
such as floral resources, proximity to water sources, land use, topography, and climatic
conditions; (ii) these criteria are mapped using remote sensing and GIS to create spatial
layers that represent each criterion and are weighted by experts using MCDA techniques
according to their relative importance for beekeeping; (iii) the criteria maps, reclassified
into categories according to suitability thresholds, are combined using weighted overlay to
produce a composite suitability map (Figure 8—point a); and (iv) the final suitability map is
validated against maps of existing apiaries and fieldwork, allowing the spatial agreement
between predicted suitability and real apiary locations to be assessed (Figure 8—point b).
This process highlights the strength of MCDA in integrating diverse datasets and expert
judgment into a spatial framework, allowing for nuanced and data-driven decision-making.

Figure 8. Conceptual model of MCDA in GIS with a beekeeping approach.

A total of 30 criteria were used in the MCDA for the apicultural suitability of the terri-
tory, which were grouped into five categories (Table 1). The justification for each criterion
is explained in Sari et al. [3,75] and beekeeping manuals. It is also common to mask the
final suitability map with a constraint map, such as rivers, roads, and urban areas [87],
to avoid overestimating suitable areas. Among the MCDA techniques, the Analytical
Hierarchy Process (AHP) was the most widely used to weight the criteria (24/32 studies,
75%). The remaining studies either did not weight the criteria or used other approaches,
including Technique for Order Preference and Similarity to Ideal Solution (TOPSIS), Prefer-
ence Ranking Organization Method for Enrichment Evaluations (PROMETHEE), Fuzzy
AHP, and Fuzzy logic/overlay. The conceptual model of these and other MCDA techniques
is described in detail in Thakkar [88]. MCDA techniques have also been compared to
assess the suitability of the territory for beekeeping; for example, AHP, TOPSIS and VIKOR
(Vise Kriterijumska Optimizacija I Kompromisno Resenje) were compared in [3], AHP and
PROMETHEE in [75], AHP and Full Consistency Method (FUCOM) in [44], and Fuzzy
AHP and Fuzzy overlay in [89].
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Table 1. Criteria used in the literature on MCDA-GIS for beekeeping.

Categories Mapped Criteria Selected References

Floral/water
resources

Land cover, ecosystems, density and distance to
agricultural and/or forestry plants, summer crops,
NDVI (Normalized Difference Vegetation Index),

quality level, density and distance to water bodies

[17,76,78,89–91]

Topography Elevation, slope, aspect [16,92,93]

Climatology and air Precipitation, temperature, relative humidity, solar
radiation, wind speed, level of air pollution [72,76,94–96]

Socio-economics
Land use, distance to roads, railways, markets,

buildings (urban areas) and settlements, tourism,
protected natural areas

[75,97–99]

Safety and risks
Distance to power lines, natural disasters/hazards

(landslides, forest fires, floods), mobile towers
locations, genetically modified crops

[97,100,101]

In the 24 AHP studies identified, the floral resources stood out as the most frequently
used and highest-weighted criterion (Figure 9). Floral resources were mainly represented
by land cover/land use (LULC) or ecosystem maps, where natural vegetation cover or
specific crops were valued as more suitable for beekeeping. The LULC maps used in MCDA
were mainly obtained from secondary sources, such as global or national maps, and only in
some cases were generated by satellite image classification at local scales (see Section 3.3.2).
Criteria related to the distance to plant polygons of beekeeping interest within the LULC
map were also used [102]. One approach to improve MCDA was to consider the flowering
seasonality of plants of beekeeping interest within the LULC map [103,104]. The suitability
of the territory for plants of beekeeping interest was also evaluated by MCDA [105].
MCDA was also used to evaluate future apicultural suitability, either by predicting the
LULC variable with a CA-Markov model [101] or by using predicted temperature and
precipitation variables [58,77].

Figure 9. Boxplot of importance weights of criteria reported in at least three AHP studies, where red
lines indicate medians, black whiskers indicate variability, and dots indicate outliers.

MCDA studies at national or subnational geographic scales mainly focused on territo-
rial suitability for A. mellifera, although some studies focused on meliponiculture [71,72].
At the local scale, particularly in areas influenced by civil projects, a method was re-
cently proposed to assess the suitability for Bombus affinis [106]. In addition, some studies
sought to integrate beekeeping with other economic activities, such as tourism through
apitourism [97] (Figure 8—point c). Combining a beekeeping suitability map with the
suitability map of another activity could support sustainable complementary activities.
After obtaining an apicultural suitability map through MCDA, it is also possible to calculate
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the melliferous potential of the most suitable areas [16], for which a map of melliferous
vegetation is required (see Section 3.3.2).

3.3.2. Remote Mapping of Floral Resources and Productivity Potential

Of the 228 reviewed studies, 17 (8%) focused on mapping areas with floral resources
of interest to bees. For this purpose, MCDA (see Section 3.3.1), SDM (see Section 3.3.4), and
remote sensing were used, with remote sensing being the main approach. Chuvieco [107]
provides a complete description of the fundamentals of satellite remote sensing and Google
Earth Engine (GEE) serves as a platform for accessing multitemporal satellite imagery
while also providing tools for processing such data, which has gained significant reach and
application in recent years [108]. In summary, (i) specific land cover or plant mosaics of
interest (points, lines, or polygons) are georeferenced using GNSS (Global Navigation Satel-
lite System) technology to create reference datasets; (ii) landscape data are collected using
different remote sensing platforms (satellites, airplanes, or drones) and sensors (passive
and active), and multiband images are constructed to capture spectral information across
various wavelengths; (iii) using the spectral signatures and/or unique spectral shapes of the
georeferenced mosaics, together with image classification techniques such as object-based
or pixel-based methods, thematic landscape maps are generated to categorize land cover
types; and (iv) these maps are validated by comparison with additional georeferenced
mosaics to assess accuracy (Figure 10—point a).

Figure 10. Conceptual model of remote sensing of floral resources for pollinators.
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The resulting thematic landscape maps assign each pixel of the remote sensing images
to a LULC type (Figure 10—point a), from which the floral resource of interest, or mellif-
erous vegetation, is commonly extracted as a criterion for analyzing territorial suitability
for beekeeping [17,109]. Floral resources can be mapped as general mosaics of forested or
agricultural areas, or as specific plant species of interest [73,110]. A recent review addressed
in greater detail the remote sensing of floral resources for pollinators, including satellite
data and new opportunities provided by Remotely Piloted Aircraft Systems (RPAS or
drones) [111]. Another review addressed trends in tree classification and segmentation
using RPAS data, with emphasis on agroforestry systems [112].

Honey production potential can be calculated from floral resource maps (Figure 10—
point b), based on the theoretical amount of nectar and pollen that can be generated by
each mapped plant within each analysis pixel. The most rigorous approach was based on
estimating nectar production per flower and per plant for each species and then summing
these amounts at the plant community and land-cover type levels [113]. A given pixel can
then be considered as a hive location, and the potential supply of nectar or pollen from
nearby pixels within the bee foraging range can be calculated. In Italy, a 3 km bee foraging
area around each pixel of honey vegetation was considered, and honey production maps
(kg/year) were obtained [16]. Because theoretical values of plant nectar and pollen are
not always available, an expert-based hedge prioritization score can be assigned, as was
done in New Zealand [114]. In addition, the relationship between potential production and
theoretical hive demand can be used to infer a potential carrying capacity of the landscape
to sustain hives monthly throughout a full year [115] (Figure 10—point c).

Based on LULC data derived from remote sensing, an indicator of the pollination
potential of wild solitary bees was also developed throughout Germany [46]. In Latvia,
remote sensing images of agricultural fields were used to develop a model for selecting
suitable apiary locations [81]. In the first step, fields in the aerial image of the region
were annotated as polygons, and an estimated resource value was assigned to each field,
resulting in a semantically annotated map. In the second step, the method calculated a
value function by assigning to each location on the map an estimated amount of resources
available for collection. This model was later improved by proposing a system capable
of identifying the ideal number of bee colonies needed for optimal foraging [82]. The
improved model considered multiple factors, such as the number of fields in the area, field
productivity, potential contamination level, and the presence of infrastructure.

3.3.3. Extraction and Visualization of Information

Of the 228 reviewed studies, landscape/context data extraction (n = 13, 6%) and
inventory/distribution mapping (n = 8, 4%) were identified as specific GIS application
themes, commonly supported by basic GIS tools. In summary, (i) parameters of a local
environment, such as an apiary or sampling plot, were analyzed; (ii) parameters of the
surrounding landscape were extracted using GIS; and (iii) both groups of parameters were
statistically compared for different purposes outside GIS, such as assessing correlations,
predicting outcomes (e.g., honey production potential), or evaluating the effects of land-
scape features on bee diversity, morphology, and performance (Figure 11). When the local
environment was an apiary (Figure 11—point a), studies analyzed physicochemical pa-
rameters of honey [116], pollen granules through palynological analysis [117], or pesticide
residues in pollen, honey, beebread, beeswax, and bees [7,118,119]. These parameters
were interpreted using landscape variables extracted around the apiary and within the
bee activity area. From global or national LULC maps, the most frequently extracted
landscape variable was the percentage of area of each LULC class within the bee activity
area. A method for predicting the potential honey production of an apiary as a function
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of landscape LULC was also proposed [120]. In addition, the effect of spring–summer
seasonal changes in floral resources (LULC) on colony performance was evaluated [121].

Figure 11. Conceptual model of information extraction in GIS with a bee analysis approach.

When the local environment was a sampling plot (Figure 11—point b), studies assessed
how landscape characteristics, mainly human disturbance, influenced bee diversity [42]
or morphology [122]. Urban-focused studies examined the percentage of impervious
surfaces, such as roads, buildings, parking areas, or similar structures [11], as well as the
amount, density, length, or distance to anthropogenic elements, including roads, houses,
and others. In addition to extracting data from LULC maps, other studies extracted
additional variables, such as the heterogeneity index and the ecosystem integrity index [50],
or climatic variables [123,124]. For information extraction studies, the analysis radii varied
between 0.4 km [125] and 4.8 km [126], depending on the bee species of interest or the
purpose of the study, with 1, 2 or 3 km radii being the most common.

Maps played a fundamental role in the spatial representation of information. Tabular
information represented on maps acquired a greater geographic context. The reviewed
studies mapped different variables related to bees, including apiary count or density by
administrative units [127], spatial and temporal trends in the economic value of pollination
services [1], national survey reports of winter colony losses [128,129], and total honey
production [130]. The first two studies identified in this review visually represented the
migration processes of Africanized honey bees in the Americas [35,131].

3.3.4. Bee Diversity, Landscape Relationships, and Pollination Services

GIS was also used to relate bee diversity, community structure, and pollination ser-
vices to landscape composition and configuration. In community-level studies, landscape
metrics and spatial-context variables were used to evaluate how forest cover, agricultural
land, urbanization, habitat loss, edge effects, and conservation interventions influenced bee
richness, abundance, or assemblage composition [63,65,132–134]. These approaches were
applied to different ecological contexts, including forested ecosystems, tropical deforesta-
tion gradients, remnant prairies, agricultural landscapes, and conservation-intervention
areas. Other studies focused on pollination services and functional connectivity, using GIS
to estimate crop pollination value, identify areas important for maintaining pollination
services, or evaluate habitat connectivity for pollinators [1,126,135–137]. In these cases, the
spatial analysis was not centered on bee movement itself, but on how landscape structure
supported pollination functions, crop production, or conservation planning.

3.3.5. Distribution Models of Bee Species, Pests, and Plants

Of the 228 studies, 22 (10%) used species distribution models (SDMs) or ecological
niche modeling (ENM) in GIS. SDMs and ENMs, based on statistical and cartographic
protocols, combine observed species presence or presence/absence data with environmental
variables to estimate the potential distribution of a given species [138]. Franklin [139]
provides a comprehensive description of the theories and methods for mapping species
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distributions. In summary, (i) a database of georeferenced occurrence records of the species
of interest is constructed and spatially filtered to reduce sampling bias and ensure even
representation; (ii) the environmental variables that limit the distribution of that species are
mapped and selected to reduce collinearity; (iii) SDM or ENM algorithms are applied to
predict maps of current and future environmentally suitable habitats, often under multiple
climate scenarios, to assess potential shifts in species distribution; and (iv) the resulting
distribution maps are validated using independent occurrence records or partitioned
datasets to evaluate their predictive accuracy and reliability (Figure 12—point a). This
iterative process ensures that the models capture the ecological requirements of the species
while accounting for spatial and temporal variability.

Figure 12. Species distribution models (SDMs) conceptual model in GIS for bee surveys.

As input, SDMs require georeferenced observations of the species of interest and
geographic layers of environmental information, which are now widely available in digi-
tal format. Online repositories that provide species observation data include the Global
Biodiversity Information Facility (GBIF, https://www.gbif.org/, accessed on 27 April
2026), iNaturalist (https://www.inaturalist.org/, accessed on 27 April 2026), Tropicos
(https://www.tropicos.org/home, accessed on 27 April 2026), and various digital herbaria.
Climate data can be obtained from sources such as WorldClim [140], CHELSA (Climatolo-
gies at high resolution for the earth’s land surface areas) [141], and ENVIREM (ENVIron-
mental Rasters for Ecological Modeling) [142]. For topography, commonly used datasets
include SRTM (Shuttle Radar Topography Mission), ALOS/PALSAR (Advanced Land
Observation Satellite/Phase Array type L-band Synthetic Aperture Radar), and ASTER
(Advanced Spaceborne Thermal Emission and Reflection Radiometer) [143]. Soil properties,
particularly useful for plant-related SDM, are available through SoilGrids [144]. Land
cover and other remote sensing products are accessible via the GEE platform [108]. Species
observations at specific sites are analyzed alongside prevailing environmental conditions
using statistical and machine-learning algorithms, enabling the generation of potential
species distribution maps across space and time.

The maps predicted with SDMs were generated for bee species [2], bee pests or preda-
tors [145,146], and plants of interest to bees [147] (Figure 12—point a). Multi-species SDMs
can be stacked to identify areas of bee species richness or endemism [2] (Figure 12—point
b). An innovative tool developed for this purpose is SSDM, an R package for stacked
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species distribution modeling [148]. SDMs were assessed under current climate conditions
or projected to future scenarios, mainly using future climate variables, to determine the
risk of habitat loss under climate change [10,47,135] (Figure 12—point c). Potential bee
distribution maps were also overlaid with pest maps or floral resource maps to determine
areas of current and future co-occurrence (Figure 12—point d). Recent applications also
combined habitat suitability modeling with remote sensing and structural equation mod-
eling to assess how land-use/land-cover change, NDVI, and greenhouse gas emissions
affected bumblebee habitat suitability [135]. The most commonly used SDM algorithm in
the reviewed studies was the Maximum Entropy approach [149]; however, one study rec-
ommended considering other algorithms, such as Classification and Regression Tree [150].
SSDM offers a range of algorithms, methodological approaches, and parameterization
options for each step of the SDM construction process [148].

3.3.6. Bee Behaviors, Foraging, and Movement

Some bee behaviors were analyzed and tracked using GIS. The spatial distribution of
migratory A. mellifera swarms and beekeeping accidents was mapped [151,152]. GIS and
remote sensing were used to help locate drone congregation areas [48], while MCDA was
applied in GIS to identify suitable areas for controlled honey bee mating in Italy [153]. The
honey bee waggle dance was also analyzed to produce a spatial probability distribution
of the resource location communicated by the dance [18]. In addition, a visual analytics
system developed in Australia allowed users to analyze bee drift data using HoloLens as a
head-mounted augmented reality interface [154].

3.3.7. Bee Health, Diseases, Pests, and Mortality

Density analysis allowed the identification of areas at risk of demographic decline [9],
while landscape-based approaches examined relationships between spatially distributed
winter mortality rates, environmental and biological conditions, and apiary manage-
ment [155]. At national and regional scales, several studies mapped honey bee colony losses
or winter mortality and related them to climatic, biological, management, or landscape
variables [128,129,155,156]. Disease-related applications included the spatial monitoring
of Varroa destructor infestation in apiaries [67], American foulbrood infection pressure us-
ing Google Maps [68], the distribution of apiary density and bacterial brood diseases in
Switzerland [127], and the geographic distribution of Paenibacillus larvae isolates in New
Zealand [157]. Other studies focused on pests, predators, or invasive species that threaten
bees, such as Aethina tumida [56], Vespa velutina [158], Palarus latifrons [19], and Megaselia
scalaris [145], mostly using species distribution modeling or spread-risk approaches. GIS
was also applied to pesticide-related mortality and risk assessment, including bumble bee
mass mortality caused by neonicotinoids [159] and county-level insecticide hazard to honey
bees [80]. More recent studies combined landscape, management, weather, and health
variables to explain viral loads or predict hive survival using statistical or machine-learning
approaches [54,60,84,160].

3.3.8. Bee Products, Biomonitoring, and Traceability

Spatial interpolation was used to monitor the distribution of different parameters
in bee products and bee matrices. Jin and Heap [161] provide a complete description of
spatial interpolation methods in GIS. In summary, (i) point values of a parameter of interest
are collected; (ii) exploratory data analysis is performed, including normality, trends,
autocorrelation, and semivariogram analysis, and a spatial interpolation method is applied
to predict a continuous map of the parameter of interest; (iii) depending on the method,
explanatory variables with low collinearity can be incorporated; and (iv) the continuous
maps are validated with additional point values. GIS was also used to map honey value-
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chain routes and final market destinations, as shown for honey commercialization from the
Amazonas region of Peru [162].

Honey and bee matrices were analyzed to model continuous maps of the spatial
distribution of heavy metals and metalloids in Manchester (UK) [8], and trace element
concentrations and lead isotopic compositions in Vancouver (Canada) [163]. At the re-
gional scale, studies in Serbia [164,165] and India [166] used spatial interpolation in GIS
for geographic-origin recognition and for mapping distribution patterns of chemical and
palynological traits of multifloral honey. In Nigeria, spatial interpolation mapping showed
variations in physicochemical and bioactive compounds in honey and identified geograph-
ical locations suitable for the production of alkaloid-rich anti-enteric honey, a marker
associated with activity against resistant enteric bacilli [167].

3.3.9. Geospatial Decision-Support and WebGIS Platforms

WebGIS platforms were also designed for precise tracking and traceability services
using GNSS technology, including beehive locations and bee-product quality, with applica-
tions reported in Greece [168], Italy [169], Spain [170], and China [171,172]. Health-related
decision-support tools were also developed, such as a Google Maps-based AppGIS in
the Czech Republic for spatial problems associated with American foulbrood disease [68].
More recent WebGIS and interactive platforms expanded toward beekeeping planning and
monitoring, including Google My Maps for healthy apiary location in the Philippines [173],
a WebGIS-based interactive map in Latvia for scheduling beekeeping activities through
flowering calendars, weather information, plant information, and links to remote hive
monitoring data [59], and OpenStreetMap-based environmental assessment for precision
beekeeping [83]. Other applications included WebGIS for member distribution and honey
sales management in Indonesia [174], Beescape/Beescape NexGen as spatial decision-
support systems for pollinator health and beekeeping decisions [79,175,176], a system for
recommending native stingless bee species for meliponiculture [177], and a web-based
geospatial atlas of honey bee forage plants [52]. A recent review addressed remote beehive
monitoring in greater detail under the concept of precision beekeeping [24], emphasiz-
ing the importance of integrating GIS and GNSS technologies for accurate monitoring of
beekeeping variables.

3.3.10. Bees in Urban Environments

Urban contexts were included in 45 studies (20%), including studies with an explicit
urban focus, urban–rural gradients, or urban variables used as explanatory covariates
(Figure 2c). In addition to the urban studies mentioned above, Samuelson and Lead-
beater [178] proposed a method to generate urban LULC maps at multiple biologically
relevant foraging ranges around study sites to identify land-cover types relevant to pol-
linators. In Belgium, the connectivity of green roofs and their role in strengthening bee
biodiversity and urban ecological networks were analyzed [39], while bee communities
on Australian green roofs were recently assessed using local attributes and GIS-derived
landscape variables [38]. A method combining Google Street View and geospatial video
mapping was proposed in the USA to virtually inventory vegetation composition over
time in residential yards and assess habitat for native pollinator conservation [49]. More
recent urban analyses modeled green-space connectivity and pollinator habitat in New
York City [66], pollen movement across urban landscape features in Raleigh [179], and
urban beekeeping suitability and hive survival in Montreal [37].

3.3.11. Other Spatial Analyses

In Japan, a geographic profiling approach was applied to predict the location of Bombus
terrestris nests, assuming that feeding and nesting sites were analogous to crime sites and

https://doi.org/10.3390/insects17060566



Insects 2026, 17, 566 19 of 31

offenders’ residences, respectively [70]. In the UK, a process-based pollinator model was
used to explore how solar park configuration and surrounding landscape management
could improve ground-nesting bumblebee density and nest productivity [180]. In Ghana,
the spatial incongruity between mining concessions, forest cover, and beekeeping activities
was analyzed [181]. In Australia, the risk of extinction of more than 500 bee species caused
by the impacts of catastrophic bushfires was modeled [182].

4. Discussion
4.1. General Interpretation of GIS Applications in Bee Research

Overall, the reviewed literature showed that GIS applications in bee research were
structured around three complementary functions: spatial description, spatial explanation,
and spatial decision support. First, GIS was used to organize and visualize spatially ex-
plicit information, such as occurrences, apiaries, bee products, diseases, and study sites.
Second, GIS was used analytically to relate bee-related variables to landscape, environmen-
tal, climatic, or management conditions. Third, GIS supported applied decision-making
through suitability maps, risk maps, monitoring platforms, and interactive tools. This
distinction is important because the reviewed studies differed not only in the GIS tools
applied, but also in the role that spatial analysis played in each study. In this sense, the
classification proposed here separates the purpose of GIS use from the methodological
tool, providing a clearer framework for interpreting GIS applications across apiculture, bee
ecology, pollination services, health risk, and conservation studies.

The taxonomic structure of the reviewed studies also showed that GIS applications
have been more strongly developed for managed beekeeping systems and A. mellifera
than for other bee groups. This pattern reflects the economic and operational relevance of
managed honey bees, especially for apiary siting, honey production, colony health, and
beekeeping management. However, it also indicates that GIS-based research on other wild
bees [63,65], Bombus spp. [40,70], stingless bees/Meliponini [71,72,182], and other Apis
species [73,74] remains comparatively less developed. This imbalance is important because
different bee groups differ in nesting habits, foraging ranges, habitat requirements, social
organization, and sensitivity to landscape change. Therefore, GIS workflows designed for
managed honey bees should not be directly generalized to wild bee communities without
considering taxon-specific ecological traits. Expanding GIS applications to underrepre-
sented bee groups would improve the ecological scope of the field and support more
biologically explicit conservation and management strategies.

4.2. Methodological Limitations and Improvement of MCDA Workflows

Beekeepers usually choose apiary locations based on previous experience, and these
locations are not always optimal for bee colonies [81]. MCDA techniques integrated
into GIS stood out as the most widely used tools for evaluating territorial suitability for
beekeeping and selecting apiary sites (Figure 8). In the reviewed studies, criteria were often
weighted in a single comparison matrix, where all criteria were compared against each other.
However, some studies first weighted groups of criteria by category and then weighted
the categories themselves [92], which can improve expert consistency. A larger number
of criteria compared simultaneously increases the risk of inconsistency [183]. Therefore,
future studies should consider grouping criteria into categories and generating suitability
submodels before producing the final suitability model.

In MCDA techniques, expert opinion strongly influences the results because criterion
weights may be biased [86]. This limitation can be addressed by combining MCDA with
data-driven approaches. SDMs, for example, provide information on the relative contri-
bution of environmental variables used to model the potential distribution of a species of
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interest (Figure 12). These relative contributions could be used as data-driven importance
weights in MCDA. Similar approaches have been applied to other economic activities, such
as identifying suitable sites for aquaculture [184] and cocoa cultivation [185]. In beekeep-
ing, future studies could use locations of highly productive apiaries as occurrence-like
records in SDMs to identify the most influential environmental variables. Recent studies
that compared weighting approaches, such as AHP with PROMETHEE [75] or AHP with
FUCOM [44], also show the need to evaluate how different weighting methods affect
suitability outputs.

The resulting MCDA maps usually subdivide the territory into suitability classes
for beekeeping (Figure 8—point a), but they do not necessarily identify specific sites for
planning an apiary network. For this purpose, a Near Analysis or other proximity-based GIS
tools could be applied to the resulting MCDA map, as has been done in studies designing
meteorological station networks [186]. Future research could therefore: (i) overlay the
MCDA suitability map with existing apiaries to assess whether current apiary locations
fall within suitable areas and, if necessary, relocate them to the nearest suitable polygons;
(ii) identify new suitable apiary sites while respecting the foraging area of existing apiaries;
and (iii) incorporate temporal or future suitability scenarios, such as land-use change or
climate projections, to support long-term apiary planning.

4.3. Floral Resource Representation and Temporal Suitability in Beekeeping Models

The MCDA studies reviewed generally presented limitations when incorporating
floral resources as a criterion of land suitability for beekeeping, since they often used
general LULC maps as proxies for floral resources, considering vegetation cover as suitable
and anthropogenic land uses as unsuitable. However, both the spatial distribution and
temporal flowering phenology of key wild and agricultural species for beekeeping should
be considered [103,104]. One promising approach is to stack SDMs of melliferous flora
based on flowering phenology [187]. In this approach, distribution grids are stacked
according to the monthly flowering period of each species to generate grids representing
flowering species richness by cell and month of the year. This method was designed
to model flowering forage availability and support migratory beekeeping systems. The
approach can also be extended by projecting the same species under future climate scenarios
to identify potential risk zones for floral resource availability [188].

4.4. Remote Sensing Opportunities for Mapping Floral Resources

Remote sensing offers strong potential for studying floral resources critical to polli-
nators, yet its application in pollination research remains limited. Most studies relied on
coarse-grain satellite imagery (Figure 10), which may fail to capture fine-scale variations in
floral abundance, diversity, and volumetric characteristics, particularly in complex natural
and urban habitats. Although drones can capture high-resolution imagery of individual
flowers and floral patches, their use in pollination research remains underutilized, espe-
cially for studying interactions between pollinators and floral resources at fine spatial and
temporal scales [111]. Hyperspectral remote sensing, which can detect subtle spectral
variation associated with floral diversity and vegetation condition, also holds promise but
remains underexplored. Addressing these gaps through drones, hyperspectral sensors,
and improved classification methods could strengthen the mapping of floral resources, the
analysis of pollinator behaviors, and the modeling of habitat requirements with greater
spatial and temporal precision.

4.5. Reproducibility, FAIR Data, and Standardization Needs

The increasing use of GIS in bee research requires greater attention to data trans-
parency, standardization, and reproducibility. The FAIR principles (Findable, Accessible,
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Interoperable, and Reusable) provide a useful framework for improving the management
and reuse of scientific data [189]. In GIS-based bee studies, this implies reporting spatial
data sources, coordinate reference systems, spatial resolution, buffer distances, classifi-
cation rules, MCDA weights, validation datasets, and model settings. This is especially
relevant for studies that generate reusable spatial datasets, occurrence databases, registries,
or continental-scale mapping products. Examples from the reviewed corpus included
occurrence datasets for Anthidium and Bombus species [190,191], national apiary registries
used for spatial analysis [153], pesticide exposure datasets for pollinator research [80],
and the geospatial atlas of honey bee forage plants [52]. Future studies should make
spatial layers, scripts, criteria tables, occurrence records, and metadata available whenever
possible, and should adopt standardized terminology for bee taxa, GIS tools, landscape
variables, and cartographic products to improve comparability among regions, species, and
beekeeping systems.

4.6. Emerging Technologies and Future Research Agenda

Recent studies showed a transition from static GIS mapping toward predictive, in-
teractive, and data-driven spatial systems. Machine-learning approaches were used to
classify pollination-relevant crops from Sentinel-2 time series [85], predict beehive survival
and beekeeping suitability [37,54], and assess foraging landscape quality in commercial
beekeeping using remote sensing and survival analysis [84]. Other recent applications
incorporated artificial intelligence (AI), the Internet of Things (IoT), edge computing, and
multimodal data for autonomous bee-health monitoring and hive-site optimization [60]
or used OpenStreetMap and WebGIS environments for macro-level environmental assess-
ment in precision beekeeping [83]. Interactive GIS tools also expanded toward operational
scheduling, including flowering calendars and remote hive-monitoring links [59]. Future
research should strengthen the integration of cloud-based GIS, machine learning, remote
sensing, GNSS hive locations, smart-hive sensor data, and field floral inventories to model
forage availability, colony stress, and apiary relocation needs at finer spatial and tempo-
ral scales. Emerging terms such as ‘deep learning’ and ‘geospatial artificial intelligence’
appeared only once, both in the Sentinel-2 crop-mapping study for beekeeping and pollina-
tion services [85], indicating that GeoAI-based approaches remain incipient in GIS-related
bee research.

4.7. Limitations of This Review

This review identified publications that included the terms ‘bee’ and ‘GIS’ or their
variants in the title, abstract, and keywords. Therefore, some bee-related studies that
performed spatial analyses but did not explicitly mention GIS or equivalent geospatial
terms in these fields may have been excluded. Despite this limitation, the strategy allowed
us to focus on studies in which GIS or related spatial approaches were central or explicitly
emphasized. Another limitation was the heterogeneity in how studies reported spatial
methods, input data, criteria, weights, validation procedures, and cartographic outputs,
which sometimes limited direct comparison among applications. In addition, some studies
combined several purposes and tools, so the classification of a primary theme and main
GIS tool necessarily simplified multifunctional studies. Future reviews could expand the
search strategy by incorporating the most frequent GIS-related tools identified here, such
as ‘MCDA’, ‘remote sensing’, ‘SDM’, ‘MaxEnt’, ‘WebGIS’, ‘machine learning’, and ‘spatial
interpolation’, in combination with bee-related terms, to identify additional studies that
used spatial analysis without explicitly referring to GIS.
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5. Conclusions
Between 1977 and April 2026, this review identified 228 publications applying GIS

and related geospatial approaches to bee research. Publication activity expanded markedly
from 2000 to 2025, with a CAGR of 14.42%, showing the growing relevance of spatial
analysis in this field. The reviewed literature was organized into 11 GIS application
themes and 10 methodological tool families, highlighting that GIS has moved beyond
simple mapping toward suitability modeling, landscape analysis, disease and pest risk
assessment, floral resource mapping, biomonitoring, and decision-support systems. The
most recurrent applications were beekeeping suitability and apiary siting, bee health and
pest-related analyses, bee distribution and habitat suitability, and bee diversity–landscape
relationships. The main methodological approaches included basic GIS/spatial overlay,
landscape metrics, MCDA-GIS, remote sensing, species distribution modeling, WebGIS
platforms, and emerging machine-learning geospatial models.

The synthesis also revealed important gaps. GIS-based bee research remains strongly
oriented toward managed beekeeping systems and Apis mellifera, whereas wild bees, Bombus
spp., stingless bees/Meliponini, and other Apis species are less represented. Future research
should improve the temporal and taxonomic resolution of floral resource maps, integrate
MCDA with data-driven models such as species distribution modeling, expand the use
of remote sensing, GeoAI, and smart-hive data, and strengthen reproducibility through
better reporting of spatial data, model settings, criteria weights, and validation procedures.
Overall, GIS provides a flexible framework for linking bee ecology, apicultural management,
environmental risks, and spatial decision-making, but its future value will depend on more
standardized, reproducible, and biologically explicit applications.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/insects17060566/s1, Table S1: List of publications included in
the review.

Author Contributions: Conceptualization, N.B.R.-B. and L.G.; methodology, N.B.R.-B. and B.K.G.;
software, N.B.R.-B. and J.O.S.-L.; validation, J.V., L.G., M.A.I.-B. and M.O.-C.; formal analysis, N.B.R.-
B., J.O.S.-L., J.L.R.-T. and B.K.G.; investigation, N.B.R.-B. and L.G.; resources, J.V., L.G. and M.O.-
C.; data curation, N.B.R.-B. and B.K.G.; writing—original draft preparation, N.B.R.-B.; writing—
review and editing, J.O.S.-L., B.K.G., J.L.R.-T., J.V., L.G., M.A.I.-B. and M.O.-C.; visualization, N.B.R.-
B.; supervision, J.V., L.G., M.A.I.-B. and M.O.-C.; project administration, J.V. and L.G.; funding
acquisition, J.V. and L.G. All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by Project APIGEN with Contract No. PE501083491-2023-
PROCIENCIA. The APC was funded by Vicerrectorado de Investigación of the Universidad Nacional
Toribio Rodríguez de Mendoza de Amazonas.

Data Availability Statement: The data presented in this study are available on request from
the author.

Acknowledgments: To the Instituto de Investigación para el Desarrollo Sustentable de Ceja de Selva
of the Universidad Nacional Toribio Rodríguez de Mendoza de Amazonas.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

AHP Analytical hierarchy process
AI Artificial intelligence

ALOS/PALSAR
Advanced land observation satellite/Phase array type l-band synthetic
aperture radar

https://doi.org/10.3390/insects17060566



Insects 2026, 17, 566 23 of 31

ASTER Advanced spaceborne thermal emission and reflection radiometer
ARS Agricultural Research Service
CHELSA Climatologies at high resolution for the earth’s land surface areas
DEM Digital elevation model
DSM Digital surface model
ENVIREM Environmental rasters for ecological modeling
FUCOM Full Consistency Method
GEE Google Earth Engine
GBIF Global Biodiversity Information Facility
GIS Geographic information system
GNSS Global navigation satellite system
IoT Internet of things
LULC Land use/land cover
LiDAR Light detection and ranging
MCDA Multicriteria decision analysis
NDVI Normalized Difference Vegetation Index
PROMETHEE Preference ranking organization method for enrichment evaluations
RPAS Remotely piloted aircraft system
SAR Synthetic aperture radar
SDM Species distribution models
SSDM Stacked species distribution models
SRTM Shuttle Radar Topography Mission
TOPSIS Technique for order preference and similarity to ideal solution
UK United Kingdom
US United States
USDA United States Department of Agriculture
VIKOR Vise kriterijumska optimizacija i kompromisno resenje
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[CrossRef]

131. Winston, M.L. The Biology and Management of Africanized Honey Bees. Annu. Rev. Entomol. 1992, 37, 173–193. [CrossRef]
132. Brown, J.C.; de Oliveira, M.L. The Impact of Agricultural Colonization and Deforestation on Stingless Bee (Apidae: Meliponini)

Composition and Richness in Rondônia, Brazil. Apidologie 2014, 45, 172–188. [CrossRef]
133. Tetlie, J.; Dana, C.; Thomas, J.; Heads, S.W.; Harmon-Threatt, A. Exploring the Impact of Local Floral Quality and Land Use on

Bumble Bee Communities: Insights into Common and at-Risk Species. Biol. Conserv. 2026, 314, 111648. [CrossRef]
134. Kulow, J.; Thiele, J.; Westphal, C.; Dauber, J. Landscape-Level Effects of Local Conservation Interventions on the Abundance and

Diversity of Wild Bees in Agricultural Landscapes of Germany. Biodivers. Conserv. 2025, 34, 4853–4880. [CrossRef]

https://doi.org/10.3390/insects17060566



Insects 2026, 17, 566 29 of 31

135. Giannini, T.C.; Acosta, A.L.; daSilva, C.I.; de Oliveira, P.E.A.M.; Imperatriz-Fonseca, V.L.; Saraiva, A.M. Identifying the Areas to
Preserve Passion Fruit Pollination Service in Brazilian Tropical Savannas under Climate Change. Agric. Ecosyst. Environ. 2013,
171, 39–46. [CrossRef]

136. Jordan, A.; Patch, H.M.; Grozinger, C.M.; Khanna, V. Economic Dependence and Vulnerability of United States Agricultural
Sector on Insect-Mediated Pollination Service. Environ. Sci. Technol. 2021, 55, 2243–2253. [CrossRef] [PubMed]

137. Barfield, A.S.; Bergstrom, J.C.; Ferreira, S.; Covich, A.P.; Delaplane, K.S. An Economic Valuation of Biotic Pollination Services in
Georgia. J. Econ. Entomol. 2015, 108, 388–398. [CrossRef]

138. Rojas-Briceño, N.; Cotrina, S.; Barboza, C.E.; Barrena, G.M.; Sarmiento, F.; Sotomayor, D.; Oliva, M.; Salas, L.R. Current and
Future Distribution of Five Timber Forest Species in Amazonas, Northeast Peru: Contributions towards a Restoration Strategy.
Diversity 2020, 12, 305. [CrossRef]

139. Franklin, J. Mapping Species Distributions; Cambridge University Press: Cambridge, UK, 2010; ISBN 9780521876353.
140. Fick, S.E.; Hijmans, R.J. WorldClim 2: New 1-km Spatial Resolution Climate Surfaces for Global Land Areas. Int. J. Climatol. 2017,

37, 4302–4315. [CrossRef]
141. Karger, D.N.; Lange, S.; Hari, C.; Reyer, C.P.O.; Conrad, O.; Zimmermann, N.E.; Frieler, K. CHELSA-W5E5: Daily 1gkm

Meteorological Forcing Data for Climate Impact Studies. Earth Syst. Sci. Data 2023, 15, 2445–2464. [CrossRef]
142. Title, P.O.; Bemmels, J.B. ENVIREM: An Expanded Set of Bioclimatic and Topographic Variables Increases Flexibility and Improves

Performance of Ecological Niche Modeling. Ecography 2018, 41, 291–307. [CrossRef]
143. Uuemaa, E.; Ahi, S.; Montibeller, B.; Muru, M.; Kmoch, A. Vertical Accuracy of Freely Available Global Digital Elevation Models

(ASTER, AW3D30, MERIT, TanDEM-X, SRTM, and NASADEM). Remote Sens. 2020, 12, 3482. [CrossRef]
144. Poggio, L.; De Sousa, L.M.; Batjes, N.H.; Heuvelink, G.B.M.; Kempen, B.; Ribeiro, E.; Rossiter, D. SoilGrids 2.0: Producing Soil

Information for the Globe with Quantified Spatial Uncertainty. SOIL 2021, 7, 217–240. [CrossRef]
145. Alkhalaf, A.A. Utilizing Ecological Modeling to Follow the Potential Spread of Honey Bee Pest (Megaselia scalaris) from Nearby

Countries towards Saudi Arabia under Climate Change Conditions. Diversity 2022, 14, 261. [CrossRef]
146. Barbet-Massin, M.; Rome, Q.; Muller, F.; Perrard, A.; Villemant, C.; Jiguet, F. Climate Change Increases the Risk of Invasion by the

Yellow-Legged Hornet. Biol. Conserv. 2013, 157, 4–10. [CrossRef]
147. Espíndola, A.; Pliscoff, P. The Relationship between Pollinator Visits and Climatic Suitabilities in Specialized Pollination

Interactions. Ann. Entomol. Soc. Am. 2019, 112, 150–157. [CrossRef]
148. Schmitt, S.; Pouteau, R.; Justeau, D.; de Boissieu, F.; Birnbaum, P. Ssdm: An r Package to Predict Distribution of Species Richness

and Composition Based on Stacked Species Distribution Models. Methods Ecol. Evol. 2017, 8, 1795–1803. [CrossRef]
149. Phillips, S.J.; Anderson, R.P.; Schapire, R.E. Maximum Entropy Modeling of Species Geographic Distributions. Ecol. Modell. 2006,

190, 231–259. [CrossRef]
150. Stohlgren, T.J.; Jarnevich, C.S.; Esaias, W.E.; Morisette, J.T. Bounding Species Distribution Models. Curr. Zool. 2011, 57, 642–647.

[CrossRef]
151. Sandes, R.L., Jr.; Oliveira, C.L.; Ferreira, E.S.; Cruiff, E.; Tavares, C.; Santos, A.C.B.; Franke, C.R.; Bavia, M.E. Spatial Analysis of

Migrating Apis mellifera Colonies in Salvador, Bahia, Brazil. Geospat. Health 2009, 4, 129. [CrossRef]
152. Choi, M.B.; Kim, J.K.; Lee, J.W. Increase Trend of Social Hymenoptera (Wasps and Honeybees) in Urban Areas, Inferred from

Moving-out Case by 119 Rescue Services in Seoul of South Korea. Entomol. Res. 2012, 42, 308–319. [CrossRef]
153. Mutinelli, F.; Mazzucato, M.; Barbujani, M.; Carpana, E.; Di Salvo, V.; Gardi, T.; Greco, D.; Bonizzoni, L.; Benvenuti, M.; Casarotto,

C.; et al. The Italian National Beekeeping Registry (BDNA) as a Tool to Identify Areas Suitable for Controlled Mating of Honey
Bees in Italy. Appl. Sci. 2021, 11, 5279. [CrossRef]

154. Nguyen, H.; Ketchell, S.; Engelke, U.; Thomas, B.; De Souza, P. HoloBee: Augmented Reality Based Bee Drift Analysis. In
Proceedings of the 2017 IEEE International Symposium on Mixed and Augmented Reality (ISMAR-Adjunct), Nantes, France,
9–13 October 2017; pp. 87–92. [CrossRef]

155. vanEsch, L.; De Kok, J.L.; Janssen, L.; Buelens, B.; De Smet, L.; de Graaf, D.C.; Engelen, G. Multivariate Landscape Analysis of
Honey Bee Winter Mortality in Wallonia, Belgium. Environ. Model. Assess 2020, 25, 441–452. [CrossRef]

156. Overturf, K.A.; Steinhauer, N.; Molinari, R.; Wilson, M.E.; Watt, A.C.; Cross, R.M.; vanEngelsdorp, D.; Williams, G.R.; Rogers, S.R.
Winter Weather Predicts Honey Bee Colony Loss at the National Scale. Ecol. Indic. 2022, 145, 109709. [CrossRef]

157. Binney, B.M.; Pragert, H.; Foxwell, J.; Gias, E.; Birrell, M.L.; Phiri, B.J.; Quinn, O.; Taylor, M.; Ha, H.J.; Hall, R.J. Genomic Analysis
of the Population Structure of Paenibacillus Larvae in New Zealand. Front. Microbiol. 2023, 14, 1161926. [CrossRef]

158. Villemant, C.; Barbet-Massin, M.; Perrard, A.; Muller, F.; Gargominy, O.; Jiguet, F.; Rome, Q. Predicting the Invasion Risk by the
Alien Bee-Hawking Yellow-Legged Hornet Vespa Velutina Nigrithorax across Europe and Other Continents with Niche Models.
Biol. Conserv. 2011, 144, 2142–2150. [CrossRef]

159. Hatfield, R.G.; Strange, J.P.; Koch, J.B.; Jepsen, S.; Stapleton, I. Neonicotinoid Pesticides Cause Mass Fatalities of Native Bumble
Bees: A Case Study from Wilsonville, Oregon, United States. Environ. Entomol. 2021, 50, 1095–1104. [CrossRef]

https://doi.org/10.3390/insects17060566



Insects 2026, 17, 566 30 of 31

160. Malay, A.; Weavers, R.; Fedorka, K.M. Interactions of Husbandry, Landscape, and Immunity in Regulating Viral Loads for
Managed Honey Bees. Biol. Open 2025, 14, bio062201. [CrossRef]

161. Jin, L.; Heap, A.D. A Review of Spatial Interpolation Methods for Environmental Scientists; Geoscience: Canberra, Australia, 2008;
ISBN 9781921498305.

162. García, L.; Oliva, M.; Silva-López, J.O.; Rojas-Briceño, N.B.; Veneros, J.; Chavez, S.; Arellanos, E. Mapeando La Cadena de Valor
Para La Comercialización de Miel de Abejas Melíferas Desde La Región Amazonas Del Perú. Econ. Agrar. Recur. Nat. 2025,
25, 35–54. [CrossRef]

163. Smith, K.E.; Weis, D. Evaluating Spatiotemporal Resolution of Trace Element Concentrations and Pb Isotopic Compositions of
Honeybees and Hive Products as Biomonitors for Urban Metal Distribution. Geohealth 2020, 4, e2020GH000264. [CrossRef]
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