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Abstract. Urban growth is making it harder to plan for land use that is beneficial for the
environment. This study looks at how land use changes from 2020 to 2040 by using a combined
modeling approach that uses both agent-based simulation and machine learning. We model
changes in three main types of land: residential, forest, and agricultural. We also include important
elements that affect decisions, like how close the land is to roadways, its productivity index, how
it was used before, and how it is changing next door. A feature importance analysis shows that the
most important factor in land use decisions is how close it is to highways, followed by how
productive the area is. The random forest classifier was the best of the machine learning models
tested. It had an accuracy of 89.3%, a precision of 0.91, and a recall of 0.88, which was better
than decision tree and neural network models. The results show that residential land usage is likely
to rise at the expense of forest area, whereas agricultural land is likely to grow only a little. These
results show how useful hybrid modeling approaches are for predicting how things will change in
space and for making policy decisions that strike a balance between urban growth and
environmental protection. Combining geographical data and historical trends into predictive
modeling gives land management and urban planning strategies a strong framework.

Keywords: agent-based modeling, machine learning, policy assessment, agricultural
decision-making, sustainability

Introduction.

The global food system is essential for keeping the Earth's natural balance and making it
last. Food production and consumption are two of the biggest causes of environmental damage.
They release greenhouse gases, cause biodiversity loss, degrade land, and take up freshwater [1].
These effects are especially strong in farming, as decisions on how to use land are affected by
many different things, like the environment, the economy, government policies, and how people
act. Understanding and forecasting the results of these constantly changing and interconnected
decisions remains a significant scientific and policy challenge.

In this situation, agent-based modeling (ABM) has become a useful way to model changes
in land use. ABM lets you model different types of agents (like farmers and policymakers) with
different goals and behaviors that change depending on the social and spatial context [2]. It is
especially useful for investigating complex socio-ecological systems since it can include feedback
loops and new things that happen [3]. At the same time, the growing availability of large-scale
socio-economic and environmental data has increased the relevance of such modeling approaches
for supporting data-driven governance and policy-making [4]. Even though this is a good idea,
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classic ABMs generally use decision rules that are based on experts or are just guesses, which
makes them less useful for real-world situations and less accurate at predicting what will happen
[5].

Recent research looks into data-driven and hybrid ABMs that use machine learning (ML) to
learn behavioral rules directly from data that has been observed [6-8]. This is done to get around
these problems. These kinds of models can show how people really make decisions and make
simulations more reliable. For example, word embeddings and neural networks have been used
successfully to find patterns in how people behave in text and to model how people make decisions
in everyday language [7]. More broadly, recent studies highlight the growing potential of machine
learning methods for addressing complex sustainability and climate-related challenges, further
motivating their integration with agent-based modeling approaches [9].

Also, combining machine learning methods that can be understood opens up new ways to
make models clearer and more reliable. Recent work [10] has stressed how important it is to
combine predictive strength with interpretability so that policy recommendations can be useful
and models can be validated. However, achieving the proper balance between complexity,
accuracy, and ease of understanding in hybrid modeling remains very challenging [11].

A significant opportunity exists at the intersection of these developments: to utilize
empirically based, machine learning-enhanced agent-based models (ABMs) for modeling land use
decisions in a manner that is more realistic and relevant to policy. Several recent studies have
shown that this method could work in certain areas, like managing biodiversity, designing cities,
and managing urban growth [12-14]. However, using machine learning in ABMs to model how
new farming technologies spread and how farmers react to climatic and policy changes is still not
well understood.

This study fills in the gaps by creating a hybrid ABM framework that uses supervised
machine learning to model how farmers change their behavior when they use agricultural land.
The main ideas are:

- That machine learning models based on survey or behavioral data can make ABM decision
rules better at predicting what will happen;

-That this mixed method makes it easier to analyze policy incentives (such as subsidies for
eco-friendly actions) and how they spread over time and space;

-When combined with explainable Al methods, the enhanced model provides policymakers
and planners with more valuable insights.

This research intends to help create a new generation of evidence-based tools for sustainable
land management by merging the best parts of data-driven learning and agent-based simulations.

Materials and research methods.

This study creates a hybrid agent-based model (ABM) that uses supervised machine learning
(ML) to model land-use decision-making in a way that makes it clear where things are. The method
1s modular and includes four key steps: (1) designing the agent and environment, (2) collecting
and preparing data, (3) applying ML algorithms to learn behavior rules, and (4) running the
simulation and checking its accuracy.

We created the ABM framework to depict each landowner as a unique agent residing in the
same landscape. Each agent makes judgments about changing how land is used every so often
based on things that are going on inside the agent (like their economic aims and preferences) and
things that are going on outside the agent (like the market, their neighbors, and environmental
rules). We represent the environment as a two-dimensional grid, each land parcel exhibiting unique
biophysical and economic characteristics.

The model uses well-known methods for designing ABMs, such as modular architecture,
rule-based behavior, and feedback loops between agents and their environment [2, 5]. The
simulation works in discrete time steps, which are yearly. In each step, agents look around, figure
out how useful anything is, and decide whether to keep or change the way they use land.
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We incorporated real-world data from land use maps, socio-economic statistics, and
behavioral surveys to make the model more realistic. We got the geographical data via remote
sensing images and official land records. The socioeconomic information (such as land prices and
crop yields) came from regional statistical offices.

Structured interviews with 150 landowners were used to gather survey data on how people
make decisions. We coded these answers and utilized them as input features to train the ML
models. Word embeddings were used to change text-based replies, which made it possible to find
hidden behavioral patterns in qualitative data [7].

Normalizing numerical characteristics, encoding categorical variables, and spatially
aggregating grid-level information were all part of data preprocessing. We used significance
analysis from early random forest models to support feature selection [6].

We used supervised ML models, such as decision trees, random forests, and neural networks,
to learn how to make decisions from the real-world data set (figure 2). We chose these models
because they can handle non-linear connections and give results that are easy to understand
(particularly decision trees and RFs) [10].

The trained models were put inside agent behavior modules. The ML model predicts the
most likely land use decision for each agent at each time step based on the current condition. This
method lets agents act in a way that is flexible and based on data that varies with changes in the
environment and policy [6, 8].

We used grid search and cross-validation to adjust the hyperparameters for the ML models.
We used accuracy, precision-recall, and ROC-AUC measures on held-out validation sets to
measure performance. The models that worked best were added to the loop for the simulation.

The Mesa ABM library was used to create the complete model in Python, and scikit-learn
and TensorFlow were utilized for the machine learning parts. GeoPandas and rasterio took care of
spatial operations, including neighborhood analysis and parcel transitions.

- Agents work on their own, but they are affected by;

Global factors (such as commodity prices and policy incentives);
Interactions with others in the area (such as copying a neighbor or fighting back);
Environmental feedback includes issues such as soil degradation and loss of biodiversity.

During the decision-making process, dynamic calls to trained ML models allow each agent
to weigh its possibilities based on real-world logic [12, 15].

We calibrated the model using data on how land use changed from 2010 to 2020. We
compared the results of the simulation to the actual changes in land cover using:

- Kappa number;

- Matrix of confusion

- We analyzed landscape metrics, including fragmentation and patch size dispersion.

We also did sensitivity analysis on agent qualities, including risk aversion and profit
threshold, as well as scenario analysis for three policy regimes: (1) no intervention, (2)
conservation subsidies, and (3) zoning limitations.

These tests check how strong, realistic, and useful the hybrid model is for policy [13-15].

Results and Discussion.

The integration of machine learning into the agent-based model significantly enhanced its
predictive performance. Among the ML models tested, the random forest classifier demonstrated
the highest overall accuracy in predicting agent decisions, achieving 89.3% accuracy, 0.91
precision, and 0.88 recall across all validation folds (Tables 1, 2).

Decision trees were slightly less accurate but offered improved interpretability, whereas
neural networks exhibited strong generalization but required more computational resources for
training.
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Table 1 —Performance Comparison of Machine Learning Models
index Model Accuracy | Precision Recall Training Time (s)
0 Random Forest | 0.893 0.91 0.88 12.5
1 Decision Tree 0.854 0.86 0.84 3.1
2 Neural Network | 0.869 0.88 0.87 48.7

Feature importance analysis revealed that the top predictors of land use decisions included
(figure 1):

- Proximity to roads and market;

- Land productivity index;

- Previous land use;

- Neighboring land transitions.

Table 2 — Feature Importance Table Interpretation
index Feature Importance Score
0 | Proximity to Roads 0.29
1 | Land Productivity Index | 0.25
2 | Previous Land Use 0.23
3 | Neighboring Transitions | 0.19

Table 2 presents the importance scores of the main features influencing land use decision-
making. "Proximity to Roads" ranks the highest with a score of 0.29, indicating that accessibility
significantly affects development patterns. "Land Productivity Index" follows with 0.25, reflecting
the role of agricultural or economic potential in land decisions. "Previous Land Use" (0.23) shows
that historical land use plays a considerable role, while "Neighboring Transitions" has the least
impact (0.19), suggesting that spatial adjacency is less critical than other factors.

Feature Importance in Land Use Decision

Proximity to Roads

Land Productivity Index

Feature

Previous Land Use

Neighboring Transitions

0.15 0.20 0.25 0.30

Importance Score

Figure 1 — Feature Importance in Land Use Decision Modeling
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These findings confirm previous assumptions about the multidimensional nature of decision-
making in spatial planning [12, 13].

Simulation results over a 20-year period showed that the hybrid ABM reproduced realistic
spatial patterns of land use change (figure 2). Compared to a baseline rule-based model, the ML-
enhanced version more accurately captured:
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- Urban sprawl near transport hubs;

- Agricultural intensification in high-yield areas;
- Forest loss in marginal zones without policy protection.

Simulated Land Use Change (2020-2040)
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Figure 2 — Simulated Land Use Change Trends from 2020 to 2040

203‘2.5 203’5.0 203‘7.5 204‘0.0

Under a "business-as-usual”" scenario, the model predicted a 13.5% increase in residential
land and a 9.8% decrease in forest area over 20 years. In contrast, introducing conservation
subsidies led to a 34% reduction in deforestation, confirming the role of policy incentives in
behavior modification [14].
Model outputs were compared with historical land use maps (2010-2020) for validation. The
Kappa coefficient between observed and simulated land use was 0.79, indicating substantial
agreement. The confusion matrix showed the highest classification accuracy for stable classes like
residential and agricultural land, while transitional zones (e.g., forest-to-agriculture) had slightly
lower precision.
Landscape metrics such as patch density, edge density, and contagion index further
confirmed that the hybrid model produced realistic spatial structures. Figure 3 illustrates the
simulated landscape evolution under the baseline and policy scenarios.
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Figure 3 — Validation of Model Predictions and Landscape Metrics under Policy Scenario
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The modeling results' visualization shows two important parts of validation: how accurate
the classifications are and how effective the spatial patterns are. The confusion matrix shows that
the simulated and real land use classes-residential, agricultural, and forest zones-are very similar.
The model predicts correctly for more than 85% of the classes, which shows that it is very accurate.
Also, comparing landscape metrics like patch density, edge density, and contagion index across
the baseline and policy scenarios shows that the policy scenario has less fragmentation and more
spatial connection. This evidence shows that the suggested model not only reproduces quantitative
indicators, but it also accurately reflects spatial patterns that are typical of how land is used in the
real world.

Embedding ML into agent logic allowed the emergence of complex and adaptive behaviors.
Agents displayed (figure 4):

- Learning-like adaptation to changing economic signals;

- Imitative behavior based on neighbors' success (especially under uncertainty);

- Resistance to change in regions with strong cultural land attachment.

These emergent patterns align with established findings and theoretical insights from
behavioral geography and land economics, supporting the model’s realism and theoretical
robustness [7, 12, 13].

Distribution of Emergent Agent Behaviors
Resistance to change

Imitative behavior

Learning-like adaptation

Figure 4 — Distribution of Emergent Agent Behaviors in the Hybrid Model

The pie chart above illustrates the distribution of emergent agent behaviors in the model.
The most prominent behavior observed was imitative behavior (45%), where agents followed the
successful strategies of their neighbors. This was followed by learning-like adaptation (35%),
showing agents' responsiveness to economic signals. The remaining 20% of agents exhibited
resistance to change, particularly in culturally sensitive regions. These behavioral dynamics
validate the realism and theoretical grounding of the model, consistent with findings in behavioral
geography and land economics.

Sensitivity analysis showed that land use outcomes were particularly sensitive to (figure 5):

- Agents’ risk aversion levels;

- Thresholds for profitability in decision-making;

- ML model confidence (i.e., probability cut-off for switching land use).

205



Ne1(40) AAA XKAPLLbICHI

Lo Sensitivity to Key Parameters
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Figure 5 — Sensitivity to Key Parameters in Land Use Decision Modeling

Sensitivity Analysis: Among the key parameters, agent risk aversion had the highest
influence on land use outcomes (0.75), followed by profitability thresholds (0.60) and machine
learning confidence levels (0.55). This indicates the system's responsiveness to behavioral and
algorithmic parameters.

Baseline (no intervention) — highest deforestation and urban expansion (figure 6).

Conservation subsidy — most effective in reducing environmental degradation.

Zoning restrictions — reduced urban sprawl but pushed agriculture into marginal lands.

These results confirm that hybrid models can serve as decision support tools for evaluating
land management strategies and policy interventions under complexity and uncertainty [8, 14].

Scenario-Based Land Use Impacts
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Figure 6 — Scenario-Based Land Use Impacts by Policy Intervention

Scenario Analysis (right): The baseline scenario resulted in the highest levels of
deforestation (90%) and urban expansion (85%). In contrast, the conservation subsidy scenario
significantly reduced both environmental impacts. Zoning restrictions controlled urban sprawl but
caused agricultural activity to shift into marginal lands (60%), revealing unintended trade-offs.
These findings demonstrate how hybrid agent-based models can support policy evaluation under
conditions of uncertainty.
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Conclusion.

The integration of machine learning techniques into the ABM framework improved the
simulation of land use decision-making under complex socio-ecological conditions. The hybrid
model showed solid predictive performance and reproduced observed land use patterns, with
classification accuracy above 85% for most categories. This indicates that the proposed approach
can connect empirical data with differences in agent behavior in a consistent way.

One of the main results of the scenario analysis is the contrast between the baseline and
policy intervention scenarios. The baseline scenario, based only on market-driven decisions, led
to intensive deforestation and uncontrolled urban growth. In comparison, the conservation subsidy
scenario reduced environmental degradation and showed that economic incentives can redirect
agent behavior toward more sustainable land use outcomes.

At the same time, the zoning restriction scenario revealed an important trade-off. Although
it limited urban expansion, it also displaced agricultural activity into marginal and ecologically
sensitive areas. This result shows that policy measures can produce indirect spatial effects if they
are not designed with enough attention to behavioral adaptation and landscape interactions. For
this reason, policy design should take into account spatial feedbacks and the possibility of
unintended land use shifts.

The behavioral patterns that emerged in the model also support the assumption that agents
do not always make fully optimal decisions. Imitative and adaptive behaviors were the most
common, which suggests that land use choices are often influenced by local experience,
uncertainty, and the actions of neighboring agents. This makes behavioral realism an important
part of spatial planning models.

The model also has limitations. Its performance depends on the quality of the empirical data,
and the machine learning component can make decision processes less transparent for policy users.
Further work should therefore focus on improving model interpretability, including stakeholder
feedback in the calibration process, and expanding the set of socio-environmental variables.

In summary, this study developed and applied a hybrid agent-based model with machine
learning to simulate land use change under different policy scenarios. The results show that
combining observed data with flexible behavioral rules provides a more accurate and realistic
representation of spatial decision-making. The model identified risk aversion, profit thresholds,
and algorithmic confidence as key drivers of land use transitions. It also showed that market-based
dynamics can intensify environmental pressure, while targeted interventions such as conservation
subsidies can reduce it. At the same time, restrictive policies such as zoning may shift pressure to
more vulnerable areas. These findings show that hybrid models can be used as practical decision-
support tools for evaluating land management strategies under uncertainty.
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JAEPEKTEPI'E HET'I3AEJI'EH ATEHTTIK MOAEJIBJAEY ’KOHE RANDOM
FOREST 91ICI APKbLIIbI )KEPJII MAHJAJAHY AYBICYJIAPBIH BAFAJIAY MEH
KIKTEY

Anoamna. Kananapoviy ecyi skonoz2usga nauoanvl Hcep NAuOAIaHYblH HCOCNAPIAYObl
Kuvinoamaowl. byn zepmmeyoe 2020-2040 sicvindap apanvieblnOazvl dcep natloanany eseepicmepi
azeHmmix Mooenboey MeH MAWUHALLIK OKbIMYObL OIPIKMIipeen macill apKblivl KApaCcmulpblidobl.
bi3 oicepoiny yw necizei mypiniy o32epicin M0OenbO0ediK.: mYpeblH yiee apHAleaH, OPMAH HCIHe
ayoln wapyawvlivizbl dcepiepi. ConviMern Kamap uwewin Kaovlioayea acep ememin Manbl30bl
Gaxmopnap eckepindi: AHcONOAPEA  AHCAKBIHOBIZLL, OHIMOLLIK UHOEKCI, JHcepoiy OYpPuIHEbl
nAaudanamHblIybl JHCcaHe Koepulinec yuackenepoiy o3zeepicmepi. @axmopiapoviy Manbl30blLiblebIH
manoay KepcemkeHoell, Jicep NAUOAIAHY wlewimoepinoe2i ey Mauvli30bl Gakmop —
ABMOMALUCIPATILOAPRA HCAKbIH OPHANLACYbL, 00aH KeliH dHcepoiy onimoiniei myp. CuiHakmau
OMKeH MAUUHANBIK OKbIMY MoOenbOepiniy iuinoe Random Forest knaccugpuxamopwl ey Hcaxcol
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Hamudce kepcemmi: danoiei — 89,3%, precision — 0,91, recall — 0,88, 6yn wewin azawvt meH
HEeUPOHOBIK Jiceli MOOelbOepineH dHco2apbl 6010bl. Homudicenep mypavin yiice apHanean Jicepoiy
opMaH ecebinen KoOellemiHil, al aybll WAPYAUBLILIZbL JHCEPIHIK 6Ccyl uwamansl OO0NAMbIHbIH
kepcemmi. Byn nmaomuoicenep Kewicmixmik e3eepicmepOi 0o0ndicayoa dicoHe ypoOanuzayus MeH
KOpWagan Opmansbl  KOpaay  apacblHOAebl — mene-meHOIiKmi — CaKkmaumuliH — Cascammol
KAIblnmacmuipyoa 2ubpuomi mooenvboey maciioepiniy muimoinicin 0anendeudi. I eoepaghusnviy
Odepexmep MeH mapuxu ypoicmepoi 60.12icay moodenvoepine Oipikmipy sxcepoi backapy MeH KalaHbl
AHCOCNApAY cmpameusAnapvl Yulin Oepix neaiz Kaablnmacmulpaobi.

Tyiiin ce30ep: acenmmik Mooenvoey, MAWUHANBIK OKbIMYy, cascammbl 06aganay, aybvil
Wapy aubLIbI2bIHOARbL WeliM Kabblioay, Mypakmol 0dMmy.

OIEHKA IIEPEXOA0OB 3EMJIEITIOJIB30BAHUS C IPUMEHEHUEM
OCHOBAHHOI'O HA JAHHBIX ATEHTHOI'O MOJAEJINPOBAHUA U
KIIACCUPUKALINUU METOJAOM RANDOM FOREST

Annomayun. Pocm  20po0oe  ycnodcHsem — NIAHUPOBAHUE — 3eMIENOIb308AHUS,
Onazonpusimnozo 015 OKpyoJicarowel cpedvl. B smom ucciedosanuu paccmampueaomcs
usmenenus 3emnenonvzosanus ¢ 2020 no 2040 200v1 ¢ ucnonvzogamuem KOMOUHUPOBAHHO2O
no0Xo0a, BKIOYAIWEe20 A2eHMHOe MOOeIUpPosaHue U Memoobl MAWUHHO20 00yueHus. Mol
MoOenupyem — UMEHeHUss  MmMpEX  OCHOBHbIX  MUNO8  3eMelb:  JCUNLIX,  JECHbIX U
CeNbCKOXO03AUCMEEHHbIX. B ananuz makoice 6KIOYEHbl BAJCHbIE (DAKMOPLL, GIUsIOWUe HA
NpUHAmMuUe peuwleHull: OIU30CMb K  00po2aM, UHOEKC HNpPOOYKMUBHOCMU, Hpedbloyujee
UCNONb308AHUE 3eMeNb U USMEHEHUSI 8 COCEOHUX YYACMKAX. AHANU3 3HAYUMOCMU NPUSHAKOS
NOKA3AJ, 4O 2NAGHbIM (PAKMOPOM 6 PeUuleHUsAX No 3eMIeNnoab308AHUI0 AGNAEMCa OIU30CMb K
asmomazucmpanim, 3a  KOmopvlm — ciedyem  npooykmugHocms — yuacmka.  Cpeou
NPOMeCcmMupOBanHbIX MOOeiel MAWUHHO20 00VUeHUs HaAuLyduue pe3yibmamol NOKA3al Memoo
cayyaiinoeo neca, obecneyuswuti mounocms 89,3%, precision 0,91 u recall 0,88, npeg3otios
MoOenu Ha OCHO8e 0epesa peuieHull U HeupoHHbiX cemeu. Pezynomamul nokaswieaiom, umo
UCNONBL308AHUE 3eMellb NOO JHCULYIO 3ACMPOUKY Oydem pacmu 3a cuém JecHbIX meppumopull,
mo2oa KaxK pocm ceibCKOXO3AUCMBEHHbIX 3eMelb Oy0em He3HA4YUmenbHblM. Dmu pe3yibmamol
noouéprusarom 3¢pexmusHocms 2UOPUOHBIX NOOXO008 MOOETUPOBAHUS OISl NPOCHO3UPOBAHUSL
NPOCMPAHCMBEHHBIX UMEHEHUNl U NOO0EPAHCKU NOIUMUYECKUX pelleHUull, 00ecnequsarouux
bananc medxncdy ypbanuzayueti u 3auumou okpyxcaroweti cpeosvl. Mnmezpayus ceocpaguieckux
OAHHBIX U UCTOPUYECKUX MEHOCHYUL 8 NPOSHO3HbIE MOOEIU CO30Aém HAOENCHYIO OCHOBY OJisl
cmpamezutl YRpasieHusi 3eMISMU U 20pOOCKO20 NAAHUPOBAHUSL.

Knwoueevie cnosa: acenmnoe mooenuposanue, MawluHHoe oOyuYeHue, OYyeHKa NOAUMUKU,
CeNbCKOXO03AUCMBEHHbIE PeUuleHUsl, YCMOUYUBoe passumiue.
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