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Abstract

Species distribution models (SDMs) estimate how climate change may alter habitat suit-
ability. Connectivity models quantify how landscape structure facilitates or constrains
species movement among habitat patches. However, links between the two approaches are
uncertain. This study assessed their integration and the use of SDM outputs in connectivity
analyses. Records from 2010 to 2025 were retrieved from Scopus and Web of Science. The
records were grouped into three corpora: SDM-only, connectivity-only, and integrated.
Publication trends were compared with negative-binomial models. Concept dictionaries
identified main themes, and pathway classification distinguished forms of methodological
integration. Of 5715 records, only 244 integrated both approaches (5.3% of the SDM litera-
ture; 17.9% of the connectivity literature). The integrated corpus increased by 21.7% per
year, faster than connectivity-only (13.9%; p = 0.001) but comparable to SDM-only (19.1%;
p = 0.266). Integrated records formed a larger share of the connectivity literature than of
the SDM literature in all 16 years (median difference: 11.2 percentage points; p < 0.001);
because the two shares have a common numerator and unequal denominators, this contrast
describes the relative weight of integrated work in each literature and does not by itself
establish the direction of methodological transfer. Metadata consistent with the use of
projected habitat-suitability surfaces as a connectivity input were identified in 38.1% of
integrated records. The strongest keyword link paired SDMs with landscape connectivity
(n = 61), but this pair is imposed by the search vocabulary; among pairs not required by
the query, SDM concepts linked most often to habitat fragmentation and to dispersal or
range shifts (n = 29 each). Despite the rapid expansion of the literature, methodological
integration is still limited. Stronger links require explicit and transparent transfer of SDM
outputs into corridor, resistance, and network models.

Keywords: species distribution; landscape connectivity; climate change; ecological corridors;
range shift; bibliometric analysis

1. Introduction
Climate change alters the spatiotemporal dynamics of habitat suitability and, conse-

quently, the geographic distributions of species [1–4]. These changes can cause expansion,
contraction, or redistribution of suitable habitat relative to current species ranges [5,6]. The
direction and pace of observed range shifts can differ from climatic niche projections be-
cause realized redistribution also depends on movement and landscape configuration [7,8].
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A projection of climatic suitability therefore does not establish realized occupancy [9–11].
Species-specific traits and the arrangement, isolation, and permeability of habitat patches
can limit realized range shifts [12,13]. Landscape connectivity and habitat accessibility
vary among species and landscape configurations [14,15]. Habitat fragmentation and land-
scape resistance disrupt connections among habitat patches, reduce gene flow, and isolate
populations from potential climate refugia [16–18]. In turn, they increase local extirpation
risk [19,20]. Stepping-stone habitats (non-contiguous, discrete patches that link core habitat
patches) can maintain connections between current ranges and future suitable habitats in a
landscape matrix [21,22]. A distribution projection that ignores this movement component
describes potential suitability, not realized occupancy [23–25].

Species distribution models (SDMs), also known as ecological niche models, combine
species occurrence data with environmental variables to characterize species–environment
relationships [26–31]. They utilize these relationships to estimate habitat suitability [32,33].
Climate change applications extend this framework: SDMs use climate data with projec-
tions from global climate or Earth system models under alternative emissions pathways
(e.g., RCPs or SSPs) [34,35]. Model outputs provide continuous estimates of environmen-
tal suitability for specified taxa, periods, and climate scenarios [36–38]. At regional and
continental extents, this framework enables consistent comparisons among species and
future periods [39,40]. Advances in biodiversity informatics, Earth observation, fine-grain
climate products, and ensemble methods have increased both the taxonomic coverage and
spatial resolution of SDM applications [41,42]. In terrestrial ecosystems, these SDM outputs
support climate-vulnerability assessments, protected-area evaluation, restoration priorities,
and targeted field surveys [43,44]. SDM output is commonly proposed as the spatial input
for connectivity evaluation among suitable areas [45,46]. The frequency of this integration
in the published literature has not been quantified.

Landscape connectivity analyses quantify how landscape composition and configura-
tion influence movement capacity among habitat patches [47,48]. Structural connectivity
describes the spatial arrangement of habitat patches without consideration of species
behavior [49–51]. Functional connectivity accounts for species-specific dispersal and be-
havioral responses to the landscape matrix [52,53]. Resistance surfaces assign relative
costs to landscape elements [54,55]. Least-cost methods identify paths with minimum total
resistance [54,56]. Circuit theory estimates connectivity by simulating current flow within a
resistance landscape and identifies areas of high current density, or pinch points [57,58].
Graph theory represents habitat patches as nodes and potential connections as weighted
edges [44,59–61]. Network metrics quantify cohesion, node centrality, and the relative
importance of individual patches. Connectivity metrics differ in the landscape attributes
and functional processes they represent, and their values depend on resistance values,
dispersal thresholds, spatial grain, and patch definition. Under climate change, compar-
isons between current and projected habitat-suitability maps can reveal changes in corridor
location, network cohesion, and accessibility [45,62–64]. Connectivity analyses provide the
movement information needed to complement the habitat-suitability projections generated
by SDMs [64,65].

The ecological link between habitat suitability and movement potential underpins the
integrated use of SDMs and landscape connectivity analyses [66,67]. SDM projections can
define habitat patches, identify source and destination areas, or assign resistance values to
landscape elements [68,69]. Connectivity analyses that use SDM projections reveal whether
a future suitable habitat is isolated or connected to the habitat network [70,71]. They can
also identify habitat patches whose conservation value derives from their position within a
future network [72,73]. Conservation priorities may consequently differ when assessments
consider habitat suitability and network position. However, methodological integration
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requires an analytical link between SDMs and connectivity analyses. Some studies apply
separate habitat-suitability and connectivity analyses to the same conservation problem.
The defining criterion is whether the connectivity analysis uses an SDM output. Without
this analytical link, the relationship between the approaches is conceptual rather than
methodological [74–76].

Forest ecosystems concentrate a large share of terrestrial biodiversity and provide
ecosystem services that include carbon sequestration, hydrological regulation, and soil
retention [77,78]. These ecosystems are particularly exposed to the combined pressures of
climate change and habitat fragmentation, since tree species and forest-dependent fauna
often have limited dispersal capacity relative to the pace of climatic change [79,80]. Forest
fragmentation from land-use change also reduces landscape permeability and amplifies
the dispersal limitation already caused by climate-driven range shifts. Silvicultural and
conservation planning in forest systems therefore depends on projections that combine
future habitat suitability with realistic assessments of species movement capacity. Forest
management decisions (e.g., reserve design, corridor placement, and assisted colonization)
have consequences across spatial and temporal scales, so the SDM–connectivity link is
important [81–84]. Despite this relevance, forest-specific applications of SDMs and connec-
tivity analyses have developed within largely separate research traditions, a divide that
parallels the broader disciplinary separation described above [85,86]. Forest ecosystems
have high conservation value, and their responses to climate change are well documented.
A synthesis of the forest literature can quantify the use of SDM outputs in connectivity
assessments and distinguish conceptual overlap from methodological integration. Prior
reviews of SDM performance and of landscape connectivity have rarely focused specifically
on forest systems as a unit of analysis. This gap leaves the scale and consequences of
this disciplinary divide within forest ecology largely undocumented. This study therefore
restricts its bibliometric scope to forest ecosystems. The restriction allows direct comparison
of publication trends, thematic composition, and methodological pathways within a single,
ecologically coherent literature [87–89].

This study quantifies the extent, relative weight, and form of integration between
SDMs and landscape connectivity analyses in climate change research published from 2010
to 2025. Studies were grouped by analytical focus into three categories: SDMs without
connectivity, connectivity without SDMs, and integration of the two approaches. Publica-
tion trends are compared among these three corpora. Relative measures compare the share
of the connectivity literature accounted for by integrated studies with the corresponding
share of the SDM literature. Because the two literatures differ substantially in size, these
shares describe the weight of integrated work within each field rather than the direction of
methodological transfer between them. The analysis also examines temporal changes in
thematic emphasis and the uses of SDM outputs within connectivity analyses. Keyword
relationships describe the main conceptual links between the fields. Here, two research
questions were explored: (1) To what extent have SDMs and landscape connectivity analy-
ses been integrated in climate change research? (2) To what extent have SDM outputs been
used as inputs in landscape connectivity analyses? The findings can inform forest conser-
vation planning by clarifying how future habitat-suitability projections are incorporated
into connectivity analyses.

2. Materials and Methods
2.1. Data Sources and Literature-Search Strategy

Literature searches were conducted in Scopus and Web of Science (WoS) for studies
published between 2010 and 2025 [90]. Three complementary searches were performed. The
first targeted species distribution modeling (SDM) studies conducted in forest or ecosystem
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contexts under climate change. The second identified studies on landscape connectivity
within the same thematic and temporal scope, without requiring an explicit reference to
SDMs. The third search required both SDM and connectivity terms and therefore identified
studies that explicitly combined the two research domains.

Each search consisted of three main term groups: the analytical approach, the ecologi-
cal context, and climate change. The SDM group covered species distribution model, habitat
suitability model, ecological niche model, and their common abbreviations. The connectiv-
ity group covered connectivity and landscape connectivity. Forest- and ecosystem-related
terms defined the ecological context, while climate change, global warming, and future
scenarios defined the climatic context. Scopus searches were applied to titles, abstracts,
and keywords. WoS searches were applied to the Topic field. Records indexed under
the keyword Animals were excluded. The complete database-specific search strings are
provided in Appendix A Table A1.

The SDM search returned 3732 records from Scopus and 2302 from WoS, giving
6034 records before cross-database duplicate removal. The independent connectivity search
returned 743 records from Scopus and 850 from WoS, for a total of 1593 records before
duplicate removal. The combined SDM–connectivity search returned 182 records from
Scopus and 156 from WoS, giving 338 records before cross-database duplicate removal.
After the Scopus and WoS outputs were merged, this search contained 245 candidate records.
A post-merge check detected one residual duplicate, leaving 244 unique publications in
the combined SDM–connectivity corpus. Records were matched across exports by DOI
where available and, where no DOI was present, by normalized title and publication year,
with titles lowercased, punctuation and diacritics removed, and whitespace collapsed. No
manual relevance or eligibility screening was applied beyond these query-level criteria,
and every record returned by a search entered the corresponding corpus. Eligibility was
therefore defined by the search strings, the publication window, and the exclusion of
records indexed under the keyword Animals. This follows the convention of bibliometric
mapping, in which the retrieved corpus is itself the object of study rather than a sample of
eligible evidence, and it differs from the eligibility screening applied in systematic reviews.
Identification, deduplication, and corpus assignment are summarized in Figure 1 following
the PRISMA 2020 reporting structure; because no post-retrieval eligibility screening was
applied, no records were excluded at that stage.

As mentioned above, records from Scopus and Web of Science formed three mutually
exclusive corpora: SDM-only, connectivity-only, and integrated. The analyses assessed
publication growth, the direction and extent of integration between the two fields, tem-
poral shifts in concept prevalence, and the methodological pathways within integrated
studies. Keyword relationships were also examined at both the network and concept-pair
levels to define the comparative fingerprint of SDM–connectivity integration. Figure 2
summarizes the complete analytical workflow, from the database search and record consol-
idation to the pathway classification and the comparative keyword fingerprint. To ensure
transparency and reproducibility, the completed PRISMA 2020 checklist is provided in the
Supplementary Materials.

2.2. Methods
2.2.1. Annual Publication Output and Growth-Rate Analysis

Annual publication counts were calculated for each mutually exclusive corpus from
2010 through 2025. Let Sy, Cy, and Iy denote the number of SDM-only, connectivity-only
and integrated publications in year y, respectively. Annual totals for the two broader
literatures were defined as:

SDMy = Sy + Iy
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and
Connectivityy = Cy + Iy

The combined literature in a given year was defined as:

Combinedy = Sy + Cy + Iy

Differences in temporal growth among the three mutually exclusive corpora were eval-
uated using a negative-binomial generalized linear model. Negative-binomial regression
was selected because publication counts are non-negative integers and bibliometric count
data commonly exhibit variance exceeding the mean, making a conventional Poisson model
potentially inappropriate [91]. Overdispersion was not tested formally in these series. The
negative-binomial model was specified a priori because it nests the Poisson distribution
and remains valid whether or not the variance exceeds the mean, so the specification is
conversative rather than contingent on a diagnostic. The dispersion parameter estimated
from the data (149.1, Section 3.2) implies a variance close to the mean at the observed
counts, which indicates that these series depart only slightly from equidispersion and that
the fitted model lies near its Poisson limit. The choice of error distribution in therefore
unlikely to be consequential for the growth-rate contrasts reported in Section 3.2.

Figure 1. Identification, deduplication, and corpus assignment, reported following the PRISMA 2020
flow structure. Eligibility was defined at the query level, so no records were excluded after retrieval,
and the screening stage reports no exclusions.
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Figure 2. Analytical workflow of the study. Steps 1–5 correspond to the search and corpus-
construction procedures described in Section 2.1 and summarized in Figure 1; steps 6–12 correspond
to the analyses described in Sections 2.2.1–2.2.6, in the order in which they are presented.

For corpus g and publication year y, the model was specified as:

Ng,y ∼ NB
(︁
µg,y, θ

)︁
,

with the linear predictor:

log
(︁
µg,y

)︁
= β0 + β1ty + β2,g + β3,gty

where Ng,y is the annual publication count; ty = y − 2010 is the centered publication year;
and g represents the SDM-only, connectivity-only, or integrated corpus. The corpus-by-year
interaction tested whether temporal growth rates differed among the three corpora.

An omnibus likelihood-ratio test compared the full corpus-by-year interaction model
with a reduced additive model containing only corpus and year main effects. Group-specific
annual growth rates were derived from the corresponding log-scale year coefficients as:

Gg = 100
[︁
exp

(︁
bg
)︁
− 1

]︁
where bg is the estimated annual slope for corpus g. These quantities represent model-based
annual multiplicative changes rather than simple compound growth rates calculated from
only the first and final years. Logarithmic scaling used for graphical presentation did not
affect model fitting; the negative-binomial model was fitted to the original annual counts.
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2.2.2. Measurement of SDM–Connectivity Integration Within Each Literature

Integration was evaluated relative to both of the disciplinary literatures because the
SDM and connectivity corpora differed substantially in size. The proportion of the SDM
literature that also addressed connectivity was calculated for each year as:

PSDM→ Connectivity,y = 100 ×
Iy

Sy + Iy

The arrow notation used in the two expressions below identifies which literature
supplies the denominator; it does not denote a transfer of models or data between fields.
Conversely, the proportion of the connectivity literature that also addressed SDM was
calculated as:

PConnectivity →SDM,y = 100 ×
Iy

Cy + Iy

The annual share of integrated publications in the complete combined literature was
calculated as:

PCombined,y = 100 ×
Iy

Sy + Cy + Iy

These measures address different questions. The first quantifies how frequently
SDM research incorporated connectivity, whereas the second quantifies how frequently
connectivity research incorporated SDM. The combined-literature measure describes the
overall prevalence of studies identified through the explicitly integrated query.

2.2.3. Relative Representation of Integrated Records in the Two Literatures

The annual difference between the two shares was quantified as:

∆y = PConnectivity →SDM,y − PSDM→ Connectivity,y

Positive values indicate that integrated publications formed a larger share of the
connectivity literature than of the SDM literature in that year. The two percentages share
a numerator and have unequal denominators, so the difference is bounded below by the
difference in corpus size and cannot by itself identify the direction of methodological
transfer between the two fields. It is reported here as a measure of the relative weight
of integrated work within each literature. The median annual difference was used to
summarize the magnitude of this gap across the 16-year study period.

The consistency of the sign of this difference across years was assessed using an
exact two-sided sign test. Under the null hypothesis, the probability of a positive annual
difference was assumed to be 0.5:

K ∼ Binomial(n, 0.5)

where K is the number of years with a positive difference and n is the number of non-
zero annual differences. The sign test evaluates whether the direction of the difference is
consistent across years; it does not test the magnitude of the difference or the existence of a
temporal trend [92]. Because the connectivity corpus was smaller than the SDM corpus
in every year of the series, a positive annual difference is expected on arithmetic grounds;
the test therefore establishes the consistency of that difference across years rather than a
property of methodological practice.

2.2.4. Keyword-Based Thematic Profiling and Methodological Pathway Classification

The thematic and methodological profiles of the three mutually exclusive corpora—
SDM-only (n = 4350), connectivity-only (n = 1121), and integrated (n = 244)—were
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compared using a predefined dictionary of SDM-, connectivity-, and climate-related con-
cepts. For each publication, the title, abstract, author keywords, Keywords Plus, and
available index keywords were converted to lowercase and combined into a single search-
able text field. Conceptually equivalent expressions were grouped using regular-expression
dictionaries. The evaluated concepts comprised species distribution modeling, MaxEnt,
machine learning, habitat suitability, landscape connectivity, corridor or least-cost ap-
proaches, circuit or resistance modeling, habitat fragmentation, dispersal or range shift,
and climate projection. For example, “species distribution model”, “species distribution
modeling”, “ecological niche model”, “habitat suitability model”, “SDM”, and “ENM”
were grouped under the species distribution modeling concept. Similarly, corridor variants
and least-cost terminology, circuit-theory and resistance-surface terminology, and dispersal
and range-shift terminology were consolidated into their corresponding methodological
categories. The concept categories were not mutually exclusive; a publication could contain
and therefore contribute to more than one term category.

Term prevalence was calculated separately within each corpus as:

Pg,t = 100 ×
ng,t

Ng
,

where ng,t is the number of publications in corpus g containing term category t at least once,
and Ng is the total number of publications in that corpus. Repeated occurrences of a term
within the same publication were counted only once. Percentages were calculated relative
to each corpus’s own size, allowing corpora of substantially different sizes to be compared.
For visualization, prevalence values were rounded to the nearest whole percentage, while
unrounded values were retained in the analytical output.

Temporal changes in the integrated corpus were evaluated using four consecutive
periods: 2010–2013, 2014–2017, 2018–2021, and 2022–2025. Four-year periods were used
instead of annual values because the integrated corpus was small during the early years,
making annual percentages highly sensitive to individual publications. Following redupli-
cation, the four periods contained 15, 23, 73, and 133 publications, respectively. Within each
period, term prevalence was calculated as the percentage of publications containing the
corresponding normalized concept. These temporal summaries were treated as descriptive
indicators of changes in terminology and methodological emphasis rather than as evidence
of statistically stable temporal trends.

Publications in the integrated corpus were additionally assigned to mutually exclusive
methodological pathways using a hierarchical, rule-based classification of titles, abstracts, and
keyword fields. First, evidence of an SDM-derived output was identified using expressions
such as “species distribution model”, “ecological niche model”, “habitat suitability”, “climatic
suitability”, “suitability map”, “predicted distribution”, “potential distribution”, “MaxEnt”,
“SDM”, and “ENM”. Records containing an SDM-output expression with circuit-theory,
Circuitscape, Omniscape, Linkage Mapper, resistance-surface, cost-surface, current-density,
least-cost, cost-distance, graph-theory, or network-analysis terminology were assigned to
the network/resistance-based category. Records containing an SDM-output expression
and corridor-planning, corridor-design, corridor-model, habitat-corridor, wildlife-corridor,
ecological-corridor, or related corridor terminology, but not already assigned to the net-
work/resistance category, were classified as corridor/least-cost application.

Among the remaining records, a publication was classified as a climate-projected
suitability input when SDM-output terminology occurred together with both connectivity
terminology and explicit future-climate terminology. Future-climate evidence included
expressions such as “future climate”, “climate scenario”, “climate projection”, “projected
climate”, “future scenario”, “RCP”, “SSP”, “CMIP” “general or global circulation model”,
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and “range shift”. Connectivity evidence included “landscape connectivity”, “functional
connectivity”, “structural connectivity”, “connectivity analysis”, and “connectivity model”.
Records retrieved by the combined search but lacking sufficient metadata-level evidence
for any of these methodological pathways were assigned to the co-occurrence/unclear
category. Because this classification was based on bibliographic metadata rather than
complete methodological descriptions, it was interpreted as a reproducible screening-level
assessment of integration rather than definitive full-text confirmation of model-to-model
data transfer.

2.2.5. Cross-Domain Keyword Co-Occurrence Analysis

A cross-domain co-occurrence analysis was conducted using the 244 unique publi-
cations in the integrated corpus. Unlike the broader thematic profiling, which also incor-
porated titles and abstracts, this analysis was restricted to author keywords, Keywords
Plus, and available index keywords to retain the conventional bibliometric meaning of
keyword co-occurrence. The original combined export contained 245 records; one duplicate
publication appeared twice with minor differences in title formatting and was removed
through normalized-title matching, leaving 244 unique records.

Keyword variants were consolidated using a predefined synonym dictionary. The
SDM-related family comprised species distribution modeling, MaxEnt, habitat suitability,
ecological niche, and machine learning. The connectivity-related family comprised landscape
connectivity, corridor, least-cost path, circuit theory, resistance surface, habitat fragmentation,
and dispersal or range shift. Each normalized concept was counted no more than once per
publication, regardless of whether it appeared in multiple keyword fields. Terms were eligible
for inclusion when they occurred in at least four integrated-corpus publications.

For every eligible SDM-related term i and connectivity-related term j, document-level
co-occurrence was calculated as:

Cij =
N

∑
d=1

Idi Idj,

where Idi = 1 if publication d contained term i and 0 otherwise, and Idj was defined
equivalently for connectivity term j. Only cross-domain pairs occurring together in at least
two publications were retained. To limit visual congestion, a maximum of the 28 strongest
cross-domain pairs, ranked by raw co-occurrence count, was displayed. Association
strength was also calculated as

ASij =
NCij

fi f j
,

where N is the number of integrated publications, and fi and f j are the document frequen-
cies of the corresponding terms. Association-strength values were retained in the analytical
outputs for sensitivity assessment, whereas raw co-occurrence counts were used as the
more directly interpretable ribbon weights [93].

The cross-domain relationships were visualized as an undirected chord diagram using
the circlize package in the R environment [94]. SDM-related sectors were represented in
blue and connectivity-related sectors in orange. The number reported for each sector repre-
sented the number of unique publications containing that term. Ribbon width represented
the number of unique publications in which the corresponding SDM and connectivity
terms co-occurred. Because co-occurrence does not establish directionality, ribbons were
assigned a neutral purple-gray color rather than the color of either term family. Ribbon
opacity increased moderately with co-occurrence frequency, while width remained the
primary representation of relationship strength. The two term families were separated
by enlarged angular gaps, and terms within each family were ordered by decreasing
document frequency.
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2.2.6. Concept Prevalence and Cross-Domain Term Pairs in the Keyword Fields

To characterize the thematic composition of the three mutually exclusive corpora,
keyword-based term prevalence was calculated for the SDM-only, connectivity-only, and
integrated datasets. This analysis differs from the profiling described in Section 2.2.4
in one respect: the text field was restricted to author keywords, Keywords Plus, and
index keywords, excluding titles and abstracts, so that the results retain the conventional
bibliometric meaning of keyword-based prevalence. Normalization and the ten-concept
dictionary were otherwise identical to those defined in Section 2.2.4 and are not repeated
here. Each concept was coded as present or absent once per document, irrespective of how
many times it occurred or in how many keyword fields it was identified. For each corpus
and concept, prevalence was calculated as the number of unique records containing the
concept divided by the total number of records in that corpus and expressed as a percentage.
Circle area was scaled to this within-corpus prevalence, while exact percentages were
retained as numerical labels.

Cross-domain methodological coupling was examined within the integrated corpus
using a binary document-by-term incidence matrix. All Cartesian combinations between
the five SDM-related and five connectivity-related concepts were evaluated, producing
25 possible cross-domain term pairs. For each pair, raw co-occurrence was calculated as the
number of unique integrated-corpus records in which both concepts were detected. Co-
occurrence was additionally expressed as a percentage of the integrated corpus by dividing
the pair count. The complete set of pairwise results was displayed as a matrix in which color
intensity represented the raw co-occurrence count and each cell reported both the count
and corresponding corpus percentage. The three pairs with the highest raw co-occurrence
counts, selected after requiring at least two co-occurring records, were highlighted to
facilitate interpretation. Because raw co-occurrence is influenced by the marginal prevalence
of individual terms, pairwise counts were interpreted with the corpus-level prevalence
profiles rather than as normalized effect sizes. The analysis was descriptive: co-occurrence
indicates that two concepts were used within the same bibliographic record but does not
establish a directional relationship, causal association, or confirmed analytical workflow.

3. Results
3.1. Data Sources and Literature-Search Strategy

The three exports contained 4595 SDM records, 1287 connectivity records, and
245 combined-query records. Within-file reduplication removed one record from each
export. The reduplicated source sets therefore contained 4594, 1286, and 244 records, re-
spectively. The 244 combined-query records formed the integrated corpus. These records
were removed from the two single-domain sets. The final SDM-only corpus contained
4350 records. The final connectivity-only corpus contained 1121 records. The three mutually
exclusive corpora contained 5715 records in total. The two single-domain sets did not lose
the same number of records. All 244 integrated records were present in the reduplicated
SDM export, which fell by exactly that number, whereas the reduplicated connectivity
export fell by 165, leaving 79 integrated records that the independent connectivity search
had not retrieved. This difference follows from the composition of the context term group
in the Scopus strings: the SDM and combined searches both included the term ecosystem,
whereas the connectivity search did not (Appendix A Table A1). Records whose only
context match was that term were therefore retrieved by the combined and SDM searches
but not by the connectivity search. The WoS strings used an identical context group across
the three streams and did not contribute to the difference. Because corpus assignment was
governed by the combined query, this asymmetry does not alter the composition of the

https://doi.org/10.3390/f17091024

https://doi.org/10.3390/f17091024


Forests 2026, 17, 1024 11 of 28

three mutually exclusive corpora or the annual counts reported below; its effect on the
denominators used in Section 3.3 is examined there.

3.2. Annual Publication Output and Growth

The SDM-only corpus contained the largest number of publications in every year
(Figure 3). Annual publications increased from 30 in 2010 to 188 in 2017, 379 in 2021, and
770 in 2025. The connectivity-only corpus increased from 16 publications in 2010 to 179 in
2025. The integrated corpus contained no more than six publications per year between 2010
and 2017. This number increased to 17 in 2018 and ranged from 13 to 27 between 2018 and
2024. In 2025, the integrated corpus reached its highest annual count of 63 publications.

Figure 3. Extent, temporal dynamics, and relative representation of SDM–connectivity integration,
2010–2025: (A) annual publication output across the mutually exclusive SDM-only, connectivity-only,
and integrated corpora; (B) annual integrated-corpus shares within the SDM and connectivity liter-
ature; (C) yearly difference between the two integration shares, with the dashed line denoting the
median difference; the panel labels drawn inside the figure use the word asymmetry, but this differ-
ence compares two literatures of unequal size and does not indicate the direction of methodological
transfer (Section 2.2.3); (D) overall proportion of integrated records within the SDM, connectivity,
and combined literature denominators.

The negative-binomial corpus-by-year interaction was significant. The likelihood
ratio statistic was 16.55 with two degrees of freedom (p = 0.000255). The full interaction
model had a log-likelihood of −178.08. The additive model had a log-likelihood of −186.36.
The fitted dispersion parameter was 149.1. The annual rate ratio was 1.191 for SDM-only
records. Its 95% confidence interval was 1.176–1.206. This corresponded to 19.1% annual
growth. The annual rate ratio was 1.139 for connectivity-only records. Its 95% confidence
interval was 1.120–1.159. This corresponded to 13.9% annual growth. The annual rate
ratio was 1.217 for integrated records. Its 95% confidence interval was 1.174–1.261. This
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corresponded to 21.7% annual growth. Connectivity-only growth differed from SDM-only
growth (Table 1). Integrated growth also differed from connectivity-only growth. Integrated
growth did not differ from SDM-only growth.

Table 1. Linear contrasts of annual publication rates from the negative-binomial corpus-by-year
model (delta beta is the difference between corpus-specific log-rate slopes; the ratio of rate ratios is
exp[delta beta]; and a value of 1 denotes equal annual slopes).

Annual-Rate Contrast Delta Beta SE z Ratio of Rate Ratios 95% CI p

Connectivity-only vs.
SDM-only −0.0444 0.0108 −4.124 0.957 0.937–0.977 <0.001

Integrated vs. SDM-only 0.0215 0.0193 1.112 1.022 0.984–1.061 0.266
Integrated vs.
connectivity-only 0.0659 0.0201 3.277 1.068 1.027–1.111 0.001

3.3. Relative Representation of Integrated Records in the Two Literatures

Across 2010–2025, integrated records represented 5.3% of the SDM literature. The
numerator was 244. The denominator was 4594. Integrated records represented 17.9%
of the connectivity literature. The denominator was 1365. They represented 4.3% of
the combined literature. The denominator was 5715 (Figure 4). The annual combined-
literature integration indices for 2010–2013 were 8.0%, 1.2%, 4.5%, and 2.9%. The values for
2014–2017 were 3.4%, 2.8%, 2.6%, and 2.6%. The values for 2018–2021 were 5.6%, 3.9%,
4.5%, and 4.9%. The values for 2022–2025 were 4.4%, 2.9%, 3.6%, and 6.2%. The annual
SDM-to-connectivity shares for 2010–2013 were 11.8%, 1.8%, 5.6%, and 3.8%. The values
for 2014–2017 were 4.8%, 3.8%, 3.4%, and 3.1%. The values for 2018–2021 were 6.9%, 5.2%,
5.7%, and 6.2%. The values for 2022–2025 were 5.3%, 3.4%, 4.4%, and 7.6% (Figure 3B). The
annual connectivity-to-SDM shares for 2010–2013 were 20.0%, 3.4%, 18.2%, and 10.8%. The
values for 2014–2017 were 10.9%, 10.0%, 10.0%, and 13.3%. The values for 2018–2021 were
23.3%, 14.1%, 18.0%, and 18.4%. The values for 2022–2025 were 20.2%, 16.5%, 16.9%, and
26.0%. The share of integrated records within the connectivity literature exceeded the share
within the SDM literature in all 16 years. The annual gaps for 2010–2013 were 8.2, 1.7, 12.6,
and 7.0 percentage points. The gaps for 2014–2017 were 6.1, 6.2, 6.6, and 10.2 points. The
gaps for 2018–2021 were 16.4, 9.0, 12.3, and 12.2 points. The gaps for 2022–2025 were 14.9,
13.1, 12.5, and 18.5 points (Figure 3C). The minimum annual gap was 1.7 percentage points
in 2011. The maximum gap was 18.5 points in 2025. The median gap was 11.2 points. The
mean gap was 10.5 points. The exact two-sided sign test included 16 positive differences
and no negative differences. Its p value was 0.000031. Because the two shares have a
common numerator and the connectivity corpus was smaller than the SDM corpus in every
year, this consistency is expected on arithmetic grounds and is reported as a description of
relative weight rather than of directional transfer between the fields. A sensitivity check
addressed the denominator asymmetry described in Section 3.1 by restricting the integrated
corpus to the 165 records that the independent connectivity search also retrieved. Under
this restriction, integrated records represented 3.7% of the SDM literature (165 of 4515) and
12.8% of the connectivity literature (165 of 1286). Both values are lower than in the primary
analysis, and the difference between the two shares persists.

3.4. Comparative Thematic and Methodological Profile

Species distribution model terms occurred in 82% of SDM-only records. They occurred
in 0% of connectivity-only records. They occurred in 88% of integrated records (Figure 4).
MaxEnt occurred in 42%, 1%, and 30%, respectively. Machine learning occurred in 15%,
8%, and 10%. Habitat suitability occurred in 45%, 4%, and 54%. Landscape connectivity
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occurred in 0% of SDM-only records. It occurred in 100% of connectivity-only records. It
occurred in 100% of integrated records. Corridor or least-cost terms occurred in 2%, 15%,
and 23%, respectively. Circuit or resistance terms occurred in 0%, 5%, and 10%. Habitat
fragmentation occurred in 5% of SDM-only records, 26% of connectivity-only records, and
32% of integrated records. Dispersal or range-shift terms occurred in 17%, 19%, and 38%,
respectively. Climate projection terms occurred in 51%, 10%, and 48%.

Figure 4. Comparative thematic composition and methodological pathways of SDM–connectivity
integration: (A) prevalence of normalized SDM-, connectivity-, and climate-related terms across
the mutually exclusive SDM-only, connectivity-only, and integrated corpora; left of (B) four-year
variation in term prevalence within the integrated corpus; right of (B) proportional composition
of co-occurrence/unclear, climate-projected suitability input, corridor/least-cost application, and
network/resistance-based pathways, with period-specific record totals shown above the bars.

The integrated-minus-SDM-only differences were positive for seven of the ten terms.
They were negative for MaxEnt, machine learning, and climate projection. The integrated-
minus-connectivity-only differences were positive for nine terms. The difference for land-
scape connectivity was zero (Table 2).

Table 2. Percentage-point differences in term prevalence between the integrated corpus and the
two single-domain corpora (values are percentage-point differences calculated from the whole-
number prevalence values displayed in the comparative fingerprint. The last column compares the
integrated value with the larger of the two single-domain values).

Normalized Term Integrated Minus
SDM-Only

Integrated Minus
Connectivity-Only

Integrated Minus Larger
Single-Domain Value

Species distribution model +6 +88 +6
MaxEnt −12 +29 −12
Machine learning −5 +2 −5
Habitat suitability +9 +50 +9
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Table 2. Cont.

Normalized Term Integrated Minus
SDM-Only

Integrated Minus
Connectivity-Only

Integrated Minus Larger
Single-Domain Value

Landscape connectivity +100 0 0
Corridor/least-cost +21 +8 +8
Circuit/resistance +10 +5 +5
Habitat fragmentation +27 +6 +6
Dispersal/range shift +21 +19 +19
Climate projection −3 +38 −3

3.5. Temporal Composition of the Integrated Corpus

The four publication periods contained 15, 23, 73, and 133 integrated records, re-
spectively (Figure 3B,C). The first two periods contained 38 records in total, whereas the
last two periods contained 206 records. In 2010–2013, species distribution model terms
were identified in 14 of 15 records (93.3%), with MaxEnt appearing in 6 records (40.0%).
Machine learning was reported in 1 record (6.7%), whereas habitat suitability was found
in 7 records (46.7%). Landscape connectivity was present in all 15 records. Meanwhile,
corridor or least-cost terms were recorded in 2 records (13.3%), and circuit or resistance
terms appeared in 1 record (6.7%). Habitat fragmentation was identified in 3 records
(20.0%). Dispersal or range shift was documented in 10 records (66.7%), while climate
projection was reported in 8 records (53.3%). In 2014–2017, species distribution model terms
were identified in 20 of 23 records (87.0%), with MaxEnt appearing in 4 records (17.4%).
Machine learning was reported in 2 records (8.7%), whereas habitat suitability was found
in 9 records (39.1%). Landscape connectivity was present in all 23 records. In contrast,
corridor or least-cost terms were recorded in 1 record (4.3%), whereas circuit or resistance
terms did not appear. Habitat fragmentation was identified in 2 records (8.7%). Dispersal
or range shift was documented in 10 records (43.5%), and climate projection was reported
in 8 records (34.8%). In 2018–2021, species distribution model terms were identified in 68 of
73 records (93.2%), with MaxEnt appearing in 17 records (23.3%). Machine learning was
reported in 7 records (9.6%), whereas habitat suitability was found in 29 records (39.7%).
Landscape connectivity was present in all 73 records. Meanwhile, corridor or least-cost
terms were recorded in 12 records (16.4%), and circuit or resistance terms appeared in
8 records (11.0%). Habitat fragmentation was identified in 28 records (38.4%). Dispersal or
range shift was documented in 36 records (49.3%), while climate projection was reported in
34 records (46.6%). In 2022–2025, species distribution model terms were identified in 113 of
133 records (85.0%), with MaxEnt appearing in 46 records (34.6%). Machine learning was
reported in 15 records (11.3%), whereas habitat suitability was found in 86 records (64.7%).
Landscape connectivity was present in all 133 records. Meanwhile, corridor or least-cost
terms were recorded in 41 records (30.8%), and circuit or resistance terms appeared in
15 records (11.3%). Habitat fragmentation was identified in 45 records (33.8%). Prevalence
values for dispersal or range shift and for climate projection in this period are shown in left
of Figure 4B.

3.6. Methodological Pathway Composition

The categories below record the evidence available in bibliographic metadata rather
than confirmed model-to-model data transfer (Section 2.2.4). Across the full integrated
corpus, metadata consistent with a climate-projected suitability input were identified
in 93 records (38.1%). Co-occurrence or unclear cases accounted for 79 records (32.4%).
Network or resistance-based pathways accounted for 38 records (15.6%). Corridor or
least-cost applications accounted for 34 records (13.9%). In 2010–2013, climate-projected

https://doi.org/10.3390/f17091024

https://doi.org/10.3390/f17091024


Forests 2026, 17, 1024 15 of 28

suitability input accounted for 9 of 15 records (60.0%). Co-occurrence or unclear cases
accounted for 3 records (20.0%). Network or resistance-based pathways accounted for
2 records (13.3%). Corridor or least-cost applications accounted for 1 record (6.7%). In
2014–2017, climate-projected suitability input accounted for 8 of 23 records (34.8%). Co-
occurrence or unclear cases accounted for 13 records (56.5%). Network or resistance-based
pathways accounted for 2 records (8.7%). No record was classified as a corridor or least-
cost application. In 2018–2021, climate-projected suitability input accounted for 29 of
73 records (39.7%). Co-occurrence or unclear cases accounted for 23 records (31.5%).
Network or resistance-based pathways accounted for 13 records (17.8%). Corridor or
least-cost applications accounted for 8 records (11.0%). In 2022–2025, climate-projected
suitability input accounted for 47 of 133 records (35.3%). Co-occurrence or unclear cases
accounted for 40 records (30.1%). Network or resistance-based pathways accounted for
21 records (15.8%). Corridor or least-cost applications accounted for 25 records (18.8%).

3.7. Cross-Domain Keyword Co-Occurrence

Keyword-only screening retained 11 terms at the minimum occurrence threshold
(Figure 5). Twenty-four cross-domain pairs met the minimum pairwise threshold. Species
distribution model and landscape connectivity co-occurred in 61 records. Species distri-
bution model also co-occurred with habitat fragmentation and dispersal or range shift in
29 records each. Likewise, habitat suitability and landscape connectivity co-occurred in
26 records. Ecological niche and landscape connectivity co-occurred in 22 records. Mean-
while, MaxEnt and landscape connectivity co-occurred in 16 records. Species distribution
model and corridor co-occurred in 12 records. In addition, ecological niche and habitat frag-
mentation and habitat suitability and habitat fragmentation each co-occurred in 10 records.
Ecological niche and dispersal or range shift co-occurred in 8 records. Habitat suitability
and corridor also co-occurred in 8 records. MaxEnt and habitat fragmentation likewise
co-occurred in 8 records. Next, machine learning and landscape connectivity co-occurred
in 7 records. Habitat suitability and dispersal or range shift co-occurred in 6 records. More-
over, habitat suitability and circuit theory, MaxEnt and corridor, and MaxEnt and dispersal
or range shift each co-occurred in 4 records. Machine learning and dispersal or range shift
co-occurred in 3 records. Species distribution model and circuit theory also co-occurred in
3 records. Species distribution model and least-cost path likewise co-occurred in 3 records.
Finally, four pairs co-occurred in 2 records. These were ecological niche–corridor, ecological
niche–least-cost path, machine learning–circuit theory, and MaxEnt–least-cost path. These
counts require one qualification. Every record in the integrated corpus satisfies a query that
required both an SDM term and the terms connectivity or landscape connectivity, so any
pair formed between an SDM-family term and those two terms is imposed by the search de-
sign and carries no information about methodological practice. The frequency-normalized
association strengths in Appendix A Table A2 show this directly: species distribution
model with landscape connectivity has an association strength of 1.015, and ecological
niche with landscape connectivity 1.045, both indistinguishable from chance. The pairs
that exceed chance involve terms absent from the search strings, led by machine learn-
ing with circuit theory (3.486), MaxEnt with least-cost path (2.169), ecological niche with
least-cost path (2.033), habitat suitability with circuit theory (1.914), and habitat suitability
with corridor (1.823). These association strengths rest on small counts, in two cases on a
single pair of records, and are reported as descriptive rather than as evidence of preferred
method pairings.
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Figure 5. Cross-domain keyword co-occurrence structure within the integrated corpus. Ribbons
linking an SDM-related term to landscape connectivity are imposed by the combined search query,
which required both vocabularies in every retrieved record, and are not interpreted as evidence of
methodological practice; see Section 3.7 and Appendix A Table A2.

3.8. Keyword-Only Comparative Fingerprint

The keyword-only analysis produced a second corpus comparison (Figure 6). In SDM-
only records, species distribution model occurred in 54.4%. MaxEnt occurred in 26.9%.
Machine learning occurred in 8.6%. Ecological niche occurred in 15.8%. Habitat suitability
occurred in 17.3%. In the same SDM-only records, landscape connectivity occurred in 0.0%.
Corridor or least-cost occurred in 0.4%. Circuit or resistance occurred in 0.0%. Habitat
fragmentation occurred in 2.4%. Dispersal or range shift occurred in 8.3%. In Connectivity-
only records, species distribution model occurred in 0.1%. MaxEnt occurred in 0.3%.
Machine learning occurred in 4.6%. Ecological niche occurred in 0.7%. Habitat suitability
occurred in 1.2%. In the same connectivity-only records, landscape connectivity occurred
in 42.4%. Corridor or least-cost occurred in 7.0%. Circuit or resistance occurred in 3.0%.
Habitat fragmentation occurred in 15.1%. Dispersal or range shift occurred in 10.4%. In
integrated records, species distribution model occurred in 56.1%. MaxEnt occurred in 18.4%.
Machine learning occurred in 5.7%. Ecological niche occurred in 19.7%. Habitat suitability
occurred in 20.9%. In the same integrated records, landscape connectivity occurred in
43.9%. Corridor or least-cost occurred in 9.8%. Circuit or resistance occurred in 4.9%.
Habitat fragmentation occurred in 16.4%. Dispersal or range shift occurred in 18.9%. The
grouped co-occurrence matrix contained 25 SDM–connectivity term pairs. For species
distribution model, the counts across landscape connectivity, corridor or least-cost, circuit
or resistance, habitat fragmentation, and dispersal or range shift were 61, 14, 4, 29, and 29.
The corresponding percentages were 25.0%, 5.7%, 1.6%, 11.9%, and 11.9%. For MaxEnt, the
five counts were 16, 5, 1, 8, and 4. The corresponding percentages were 6.6%, 2.0%, 0.4%,
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3.3%, and 1.6%. For machine learning, the counts were 7, 1, 2, 1, and 3. The percentages
were 2.9%, 0.4%, 0.8%, 0.4%, and 1.2%. For ecological niche, the five counts were 22, 4, 3, 10,
and 8. The corresponding percentages were 9.0%, 1.6%, 1.2%, 4.1%, and 3.3%. For habitat
suitability, the counts were 26, 8, 4, 10, and 6. The percentages were 10.7%, 3.3%, 1.6%, 4.1%,
and 2.5%.

 

Figure 6. Comparative keyword fingerprint and cross-domain co-occurrence structure: (A) record-
level prevalence of normalized SDM-related and connectivity-related terms across the mutually
exclusive SDM-only, connectivity-only, and integrated corpora, with circle size proportional to within-
corpus prevalence; (B) complete 5 × 5 matrix of SDM–connectivity term pairs within the integrated
corpus, with cells reporting raw co-occurrence counts and percentages of integrated records and gold
borders identifying the three largest pairwise counts.

4. Discussion
This study shows that habitat-suitability assessment and landscape-connectivity anal-

ysis are still rarely combined in studies of forest responses to climate change. This lack of
integration is important because climatic suitability indicates potential habitat, but disper-
sal and establishment also determine occupancy. As outlined in the Introduction, a future
habitat has limited management value if species cannot reach it or maintain gene flow with
source populations. SDMs estimate potential habitat suitability, yet their outputs require
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ecological interpretation before they can inform distributional responses [27,28]. Connectiv-
ity contributes to this context because it considers patch arrangement, matrix permeability,
and species-specific dispersal [10,51]. The low level of methodological integration found in
this study shows that much of the literature still evaluates climatic opportunity and spatial
access as separate problems. This result does not reduce the value of SDMs or connectivity
models as individual tools. Instead, it identifies a gap between ecological process and
analytical practice in forest climate studies. In response to RQ1, methodological integration
increased during the study period but still represented a small part of the literature.

Publication output for integrated studies rose rapidly during the study period. This
rise indicates that the link between suitability and connectivity now receives increased
attention. However, the low share of integrated records shows that publication growth has
not made methodological integration common practice. The much larger SDM-only corpus
provides a sound basis for this interpretation: SDMs were commonly applied without an
explicit connectivity component. At the same time, conservation studies have called for
climate-responsive connectivity for more than a decade [22,95,96]. These two lines of study
have developed with limited methodological exchange. This helps explain why integrated
output can rise rapidly yet stay uncommon. The pattern indicates expansion from a small
base, not field-wide integration. More complete integration would require connectivity
questions during SDM design, before threshold choice or map production.

Integrated work occupies a larger fraction of the connectivity literature than of the
SDM literature in every year of the series. This contrast follows in part from the difference
in corpus size, since the two shares have a common numerator, and it should not be read as
a measure of borrowing between the fields. One reading that the present data cannot test
relates it to the requirements of each method. Connectivity analyses need habitat nodes,
resistance values, or destination areas, so SDM output can enter as a ready spatial input.
An SDM may end with a suitability map without considering connectivity between habitat
patches. Climate-connectivity studies demonstrate how environmental surfaces, land cover,
and movement costs can identify links between present and future conditions [97,98]. This
account remains a hypothesis. The only direction-informative evidence in the present
study comes from the pathway classification, which identifies the suitability surface as the
upstream product in those records where a workflow could be reconstructed from metadata.
For forest applications, this dependency becomes important when long generation times
and fragmented populations delay access to new climatic habitat [52,66].

The thematic profile adds detail to the same interpretation. Integrated records gave
greater prominence to habitat suitability, fragmentation, dispersal, range shifts, corridors,
and least-cost concepts than the single-domain corpora. These themes correspond to
the ecological steps that connect potential habitat with spatial access. However, climate-
projection, MaxEnt, and machine learning terms occurred at similar frequencies in the
integrated and SDM-only corpora. This result challenges the assumption that integration
mainly follows algorithmic novelty. MaxEnt settings affect model response and transfer,
but algorithm selection cannot determine ecological connectivity [36,98]. Likewise, a more
accurate suitability surface can still yield weak corridor priorities if thresholds, dispersal
limits, or resistance rules lack ecological justification [99,100]. A defensible integrated study
must explain how suitability becomes a node, a resistance value, a corridor endpoint, or
another connectivity input [75].

The pathway classification indicates which forms of integration are detectable in
bibliographic metadata. Records reporting a climate-projected suitability input formed the
largest group, and network, resistance, corridor, and least-cost applications formed smaller
ones. The later rise of corridor and least-cost applications points to greater diversity in
the questions posed by integrated studies. Least-cost analysis identifies a minimum-cost
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connection under assigned resistance values [54]. Circuit theory evaluates multiple possible
connections and can locate zones where alternatives are scarce [58]. Graph models evaluate
patch roles and network cohesion [61,101]. Habitat-availability indices add patch area and
dispersal probability to network assessment [44]. The pathway results support question-led
method selection because future stands, climate refugia, corridor placement, and network
vulnerability require different outputs. In response to RQ2, projected suitability surfaces
were the most frequently detected point of connection in the bibliographic record; explicit
network, resistance, corridor, and least-cost pathways were detected less often. Because
the classification rests on titles, abstracts, and keywords, these proportions describe what
integrated studies report rather than what they necessarily did.

The dominance of climate-projected suitability as an input indicates that most explicit
integration followed a sequential workflow: the SDM was completed first, and its output
then entered a connectivity model. This sequence is practical, but each assumption in the
suitability model carries into the next stage. A binary threshold can alter patch boundaries,
node number, and the distance between suitable areas. A conversion from suitability
to resistance also assumes a defined relation between habitat preference and movement
cost. That relation requires ecological justification because suitability and resistance are
not interchangeable concepts [100,102]. Temporal correspondence adds another concern
when future climate surfaces are combined with current land-cover conditions. As a result,
two studies may both be classified as integrated yet differ substantially in ecological inter-
pretation and uncertainty. A stronger workflow would report the transfer rule, compare
reasonable alternatives, and retain SDM uncertainty in the connectivity estimates [75].

In the pathway classification, 32.4% of records fell into the co-occurrence or unclear
category, which points to incomplete workflow reporting. Many titles, abstracts, and key-
words did not state how an SDM output entered the connectivity analysis. This ambiguity
prevents reproduction of the analytical chain and weakens comparison among studies.
Small changes in resistance values, suitability thresholds, dispersal limits, or patch defi-
nitions can alter link locations and patch ranks [99,100]. Resistance parameterization also
requires empirical or expert justification, and no universal transformation from suitability to
resistance exists [102]. A future climate surface paired with present land cover contains an
assumption that land cover will stay constant. SDM uncertainty should enter connectivity
outputs and should not disappear at a binary threshold [33,75]. Explicit documentation of
source data, scale, time period, threshold, dispersal value, resistance rule, and uncertainty
would make integrated studies reproducible and easier to compare.

The keyword network also separates conceptual proximity from methodological
integration. SDM and landscape-connectivity terms formed the clearest cross-domain
link, followed by fragmentation and dispersal concepts. Links between algorithm names
and specific connectivity methods were rare. The established definition of connectivity
includes landscape effects on movement, but the term can refer to distinct spatial and
functional properties [10,51]. Habitat fragmentation also carries a broad meaning and does
not confirm that a study built a connectivity model [7,12]. For the same reason, a strong
normalized association based on few records should not be read as a preferred method pair.
The keyword results are useful as a map of conceptual proximity, but pathway classification
provides the stronger test of integration. Future studies should keep these two levels
separate so terminology does not substitute for workflow documentation.

The temporal meaning of connectivity also deserves attention. Present-day connec-
tivity links habitat patches that are suitable at the same time, but climate connectivity
may connect current populations with areas expected to become suitable later. These are
different planning problems. A static corridor can maintain present-day connectivity yet
fail to link a population with future climatic habitat. Connectivity with future habitat may
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also depend on stepping-stone habitats that become suitable at different times or on staged
restoration. Studies of climate connectivity have shown the value of linking present and
future climatic conditions within the same spatial analysis [97,103]. The limited number of
explicit corridor and least-cost pathways found here suggests that this temporal connec-
tion is still uncommon in the indexed literature. Future studies should distinguish current
network cohesion, access to future habitat, and the sequence of suitable areas over time [96].

The forestry implications below are derived from the cited adaptation literature and
interpreted in relation to the bibliometric patterns; they are not direct management findings
of this study. A suitability map can identify current and future climatic habitats for tree
species, forest communities, or habitat types. Connectivity analysis can then assess links
among source stands, future habitat, and refugia under land-use constraints. For trees,
seed dispersal, pollen flow, demographic lag, and local adaptation can make the accessible
area much smaller than the climatically suitable area [25,52,66]. Forest managers can apply
integrated outputs to corridor restoration, stepping-stone placement, reserve extension, and
protection of permeable matrix areas [22,43]. Silvicultural options may include retained
canopy, riparian woodland, mixed stands, and restoration of small habitat patches, but
each action needs a stated species or habitat objective. Where natural range expansion
appears too slow, connectivity results can inform assisted gene flow or assisted migration,
subject to genetic and ecological risk assessment [52,73]. In this role, integration converts
broad climate exposure into spatial priorities that can enter forest plans and adaptive
management [104].

Several design limits qualify these interpretations. Titles, abstracts, and keywords
may omit a link present in the full text, so some studies may have entered the unclear
category. Dictionary-based coding can miss synonyms and cannot judge ecological quality.
The rule-based pathway classifier was not validated against a manually coded subsample,
so its precision and recall are unknown, and the pathway proportions should be read as
screening-level evidence from bibliographic metadata rather than as confirmed analytical
workflows. The exclusive pathway hierarchy also assigns one label to studies that may
contain several linked analyses. Scopus and Web of Science differ in journal coverage,
language, and regional representation [90]. The exclusion of records indexed under Animals
sharpened the focus on forest plants, habitats, and ecosystems, but it also limits inference
about fauna. For that reason, fauna-specific movement validation falls beyond the corpus
defined by the search, and it should not appear as a central recommendation here. These
limits do not negate the observed corpus patterns, but they restrict claims to the literature
visible under the stated search and classification rules. Three further limits follow from
the search design. First, the combined query required the literal terms connectivity or
landscape connectivity, so a publication that transferred an SDM output into a resistance
surface or a least-cost corridor without using either term in its title, abstract, or keywords
would have been assigned to the SDM-only corpus; the reverse omission is also possible.
The reported prevalence of integration is therefore a lower bound, and a query built
on a broader connectivity vocabulary would be expected to return a larger integrated
corpus. Second, forest scope was defined operationally by retrieval under the forest term
group, with no manual verification of the study system and no restriction on taxon, forest
type, ecological process, or spatial grain; the corpus consequently mixes stand-level and
continental analyses of tree species, forest-dwelling plants, and forest habitat types. The
bare term ecosystem in the Scopus SDM and combined strings widened this definition
further, admitting records with no explicit forest term, as noted in Section 3.1. Third, the
directional measures compare shares computed on denominators of very different size
and are reported as relative representation rather than as evidence about the direction of
methodological transfer.
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Future studies should begin with full-text classification of the transfer from suitability
output to connectivity input. A common extraction protocol could record thresholds, patch
rules, dispersal values, resistance transformations, temporal correspondence, validation
data, and uncertainty. Comparative studies could apply least-cost, circuit, and graph
methods to the same SDM ensemble and examine changes in forest priorities. Forest
landscape models could add succession, harvest, fire, drought, and land-use change,
because static land cover can misrepresent future access [86]. Genetic data, occurrence
records, seed-dispersal observations, and recruitment surveys could test predicted links
in plant and forest systems [18,25]. Future studies should also carry climate and SDM
uncertainty into patch ranks and corridor priorities [33,75]. The main conclusion is that
rapid publication growth has not yet resolved the analytical separation identified in the
Introduction. Forest climate assessment will become more informative when habitat
suitability and landscape access are evaluated as one linked study question.

5. Conclusions
This study shows that the rapid growth of SDM and connectivity research has not

yet led to broad methodological integration. Only 244 of 5715 records combined the
two approaches, and integrated work formed a larger share of the connectivity literature
than of the SDM literature, a contrast that reflects the relative weight of integrated studies in
each field rather than the direction of methodological transfer. Projected suitability surfaces
were the point of connection most often detectable in the bibliographic record, while
explicit application in corridor, resistance, least-cost, and network models was reported less
often. The large group of co-occurrence or unclear cases also shows that many publications
did not explain how suitability estimates entered the connectivity workflow. For forest
conservation, this distinction matters because future suitable habitat has limited value if it is
isolated from current populations or cannot be reached under existing landscape conditions.
Future studies should state how SDM outputs define habitat patches, resistance values,
corridor endpoints, or network nodes and should retain model uncertainty in the final
connectivity estimates. A more transparent link between habitat suitability and landscape
access would produce results that are easier to compare and more useful for forest planning
under climate change.
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Abbreviations
The following abbreviations are used in this manuscript:

ASCII American Standard Code for Information Interchange
CI Confidence interval
CMIP Coupled Model Intercomparison Project
ENM Ecological niche model
EXACTKEYWORD Exact keyword field in Scopus
MaxEnt Maximum entropy
PUBYEAR Publication year field in Scopus
RCP Representative concentration pathway
RQ Research question
SDM Species distribution model
SE Standard error
SSP Shared socioeconomic pathway
TITLE-ABS-KEY Title, abstract, and keyword fields in Scopus
TS Topic field in Web of Science
WoS Web of Science

Appendix A

Table A1. Database-specific search strings, record yields, and consolidation outcomes for the species
distribution modeling, landscape connectivity, and combined SDM–connectivity searches in Scopus
and Web of Science.

Search Stream Database Complete Search String Records
Retrieved

Record
Consolidation

Species distribution
modeling (SDM) Scopus

TITLE-ABS-KEY (“species distribution model”
OR “habitat suitability model” OR “ecological

niche model” OR “SDM” OR “ENM” OR
“maxent”) AND TITLE-ABS-KEY (“forest
species” OR “forest” OR “ecosystem” OR

“forest ecosystem” OR “forestry” OR “forest
habitat”) AND TITLE-ABS-KEY (“climate
change” OR “global warming” OR “future
scenarios”) AND PUBYEAR > 2009 AND

PUBYEAR < 2026 AND EXCLUDE
(EXACTKEYWORD, “Animals”)

3732

Scopus and WoS
produced

6034 records before
cross-database

duplicate removal.

Species distribution
modeling (SDM) Web of Science

TS = (“species distribution model” OR “habitat
suitability model” OR “ecological niche model”

OR “SDM” OR “ENM”) AND TS = (“forest
species” OR “forest” OR “forestry” OR “forest

ecosystem” OR “forest habitat”) AND
TS = (“climate change” OR “global warming”
OR “future scenarios”) NOT TS = (“animal”)

2302

Landscape
connectivity Scopus

TITLE-ABS-KEY (“connectivity” OR
“landscape connectivity”) AND

TITLE-ABS-KEY (“forest species” OR “forest”
OR “forest ecosystem” OR “forest habitat” OR

“forestry”) AND TITLE-ABS-KEY (“climate
change” OR “global warming” OR “future
scenarios”) AND PUBYEAR > 2009 AND

PUBYEAR < 2026 AND EXCLUDE
(EXACTKEYWORD, “Animals”)

743

Scopus and WoS
produced

1593 records before
duplicate removal.
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Table A1. Cont.

Search Stream Database Complete Search String Records
Retrieved

Record
Consolidation

Landscape
connectivity Web of Science

TS = (“connectivity” OR “landscape
connectivity”) AND TS = (“forest species” OR
“forest” OR “forestry” OR “forest ecosystem”

OR “forest habitat”) AND TS = (“climate
change” OR “global warming” OR “future

scenarios”) NOT TS = (“animal”)

850

Scopus and WoS
produced

1593 records before
duplicate removal.

Combined SDM and
landscape connectivity Scopus

TITLE-ABS-KEY (“species distribution model”
OR “habitat suitability model” OR “ecological

niche model” OR “SDM” OR “ENM” OR
“maxent”) AND TITLE-ABS-KEY

(“connectivity” OR “landscape connectivity”)
AND TITLE-ABS-KEY (“forest species” OR
“forest” OR “forestry” OR “ecosystem” OR

“forest ecosystem” OR “forest habitat”) AND
TITLE-ABS-KEY (“climate change” OR “global

warming” OR “future scenarios”) AND
PUBYEAR > 2009 AND PUBYEAR < 2026 AND

EXCLUDE (EXACTKEYWORD, “Animals”)

182
Scopus and WoS

produced
338 records in total.

After
cross-database
consolidation,
245 candidate

records remained.
One residual
duplicate was

removed, leaving
244 unique records.Combined SDM and

landscape connectivity Web of Science

TS = (“species distribution model” OR “habitat
suitability model” OR “ecological niche model”

OR “SDM” OR “ENM”) AND
TS = (“connectivity” OR “landscape

connectivity”) AND TS = (“forest species” OR
“forest” OR “forestry” OR “forest ecosystem”

OR “forest habitat”) AND TS = (“climate
change” OR “global warming” OR “future

scenarios”) NOT TS = (“animal”)

156

Table A2. Frequency-normalized association strengths for all retained cross-domain keyword pairs
in the integrated corpus (association strength = N × Oij/(fi × fj), where N = 244, Oij is the observed
pair count, and fi and fj are the marginal term frequencies. The log2 column reports log2 (association
strength). Figure 5 uses raw co-occurrence for ribbon width).

Rank SDM-Related Term Connectivity-Related Term Association Strength log2 Strength

1 Machine learning Circuit theory 3.486 1.802
2 MaxEnt Least-cost path 2.169 1.117
3 Ecological niche Least-cost path 2.033 1.024
4 Habitat suitability Circuit theory 1.914 0.937
5 Habitat suitability Corridor 1.823 0.866
6 Species distribution model Habitat fragmentation 1.291 0.368
7 Ecological niche Habitat fragmentation 1.271 0.346
8 Habitat suitability Habitat fragmentation 1.196 0.258
9 Habitat suitability Landscape connectivity 1.163 0.218
10 Machine learning Landscape connectivity 1.140 0.189
11 Machine learning Dispersal/range shift 1.137 0.185
12 Species distribution model Dispersal/range shift 1.123 0.167
13 MaxEnt Habitat fragmentation 1.084 0.116
14 Species distribution model Least-cost path 1.069 0.096
15 Ecological niche Landscape connectivity 1.045 0.064
16 MaxEnt Corridor 1.033 0.047
17 Species distribution model Corridor 1.018 0.026
18 Species distribution model Landscape connectivity 1.015 0.021
19 Ecological niche Dispersal/range shift 0.884 −0.178
20 MaxEnt Landscape connectivity 0.811 −0.302
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Table A2. Cont.

Rank SDM-Related Term Connectivity-Related Term Association Strength log2 Strength

21 Habitat suitability Dispersal/range shift 0.624 −0.680
22 Species distribution model Circuit theory 0.534 −0.905
23 Ecological niche Corridor 0.484 −1.047
24 MaxEnt Dispersal/range shift 0.471 −1.086
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