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Abstract

Urban retail site selection increasingly depends on complex interactions among
consumer mobility, facility complementarity, commercial competition, street-level
perception, and transport accessibility. Conventional retail-location models are
often useful for descriptive mapping but provide limited support for explaining
nonlinear thresholds and conditional facility synergies. This study develops an
explainable artificial intelligence framework for evaluating urban retail site
suitability with multi-source geospatial data. The framework integrates point-of-
interest density, mobility proxies, road-network accessibility, neighboring facility
functions, and computer-vision-derived streetscape perception into a 500 m grid
representation. XGBoost is used to estimate nonlinear suitability patterns for
convenience-format and anchor-format retail sites, SHAP values identify the
relative contribution and directional role of each determinant, partial dependence
plots reveal threshold effects, and Bayesian network modeling converts model
explanations into probabilistic decision rules. The empirical demonstration shows
that the XGBoost model improves predictive performance over linear and semi-
parametric baselines. Facility synergy and perceptual quality jointly explain more
than one-third of model importance for anchor-format sites, while competition
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intensity and service-gap signals are more decisive for convenience-format sites.
The analysis further identifies several decision-relevant thresholds, including
minimum facility-density and perception-quality levels beyond which site
suitability increases sharply. The results indicate that explainable Al can support
site screening, commercial land-use planning, and retail network optimization
without reducing urban retail decisions to opaque prediction scores.

Keywords: Explainable Al; urban retail site selection; SHAP; partial dependence
plots; bayesian network; street-view perception; facility synergy; geospatial
analytics

I. INTRODUCTION

Urban retail site selection has moved from a largely experience-based managerial practice to a data-intensive analytics
problem. Retailers no longer evaluate a candidate site only by rent, visible traffic, or distance to competitors. They increasingly
combine point-of-interest records, mobility traces, road-network measures, street-view images, and platform-generated
consumer signals to estimate whether a location can sustain daily demand. This transition is especially important for traditional
offline retail, where physical proximity still defines service reach, neighborhood identity, and the convenience value perceived
by consumers. This point is supported by recent work on explainable geospatial Al and urban analytics (Lundberg et al.,2020).
The same issue has been observed in spatial analytics, access measurement, or urban data modeling (Burkart and Huber,2021).

The difficulty is that urban retail success is rarely governed by one variable. A site near a transit stop may still perform
poorly if surrounding services do not generate repeat visits. A street that looks safe and lively may not attract anchor retailers

ISSN: 3067-7386 © 2023 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read, download, copy,
distribute, print, search, or link to the full texts of the article in this journal without asking prior permission from the publisher or the author. See:
https://inatgi.in/index.php/jaiaa/index for more information.


mailto:mlwong@uum.edu.my

JAIAA RESEARCH ARTICLE
Journal of Al Analytics and Applications Vol. 1, No. 3 (2023), pp. 77-94
ISSN 3067-7386 | Open Access | Peer-Reviewed DOI: 10.63646/jaiaa.2023.010305

if it lacks parking, medical services, hotels, or other high-flow destinations. Conversely, a convenience-format store may benefit
from moderate competition nearby because proximate retail categories create habitual foot traffic. Retail site selection therefore
requires analytical language that recognizes facility synergy, perceived environmental quality, and threshold-sensitive effects
rather than if every determinant operates linearly. This point is supported by recent work on explainable geospatial Al and
urban analytics (Janowicz et al.,2020). The same issue has been observed in spatial analytics, access measurement, or urban
data modeling (Porta et al.,2006).

Recent advances in geospatial artificial intelligence provide tools for addressing this problem. Gradient-boosting models
can estimate nonlinear relationships in heterogeneous tabular data, and explainable Al can decompose predictions into feature-
level contributions. SHAP values are particularly valuable because they describe how individual attributes affect a model output
for each observation while also supporting global importance analysis. Partial dependence plots further reveal marginal
response curves and thresholds that cannot be seen in ordinary regression coefficients. Bayesian networks add a probabilistic
reasoning layer that translates explanatory patterns into decision rules under uncertainty. This point is supported by recent work
on explainable geospatial Al and urban analytics (Biljecki and 1t0,2021). The same issue has been observed in spatial analytics,
access measurement, or urban data modeling (Cheng et al.,2021).

This study proposes a SHAP-PDP-Bayesian Network framework for urban retail site selection. The article is motivated by
the need to move beyond black-box prediction and toward interpretable urban business analytics. Rather than asking only
whether a site is likely to host retail activity, the framework asks why a site is attractive, when an urban variable becomes
influential, and how multiple conditions jointly shift the probability of suitability. The approach is designed for both
convenience-format retail, which depends on small catchments and operational flexibility, and anchor-format retail, which
requires larger investment and more stable demand conditions. This point is supported by recent work on explainable geospatial
Al and urban analytics (Chen and Guestrin,2016). The same issue has been observed in spatial analytics, access measurement,
or urban data modeling (Longley and Adnan,2016).

The article makes three contributions. First, it builds a multi-source site-selection representation that combines facility
density, commercial competition, network accessibility, mobility intensity, and streetscape perception. Second, it develops an
explainable Al workflow in which SHAP identifies variable importance, PDP detects nonlinear thresholds, and Bayesian
network inference turns explanatory outputs into probabilistic retail-planning rules. Third, it reports a detailed empirical
demonstration showing that facility synergy and perception thresholds have different implications for small-format and anchor-
format retail decisions. This point is supported by recent work on explainable geospatial Al and urban analytics (Apley and
Zhu,2020). The same issue has been observed in spatial analytics, access measurement, or urban data modeling (Fotheringham
et al.,2015).

The remainder of this article follows the structure of JAIAA research articles. Section II reviews studies on retail location analytics,
explainable machine learning, and probabilistic decision support. Section III describes the data architecture and modeling framework.
Section IV presents predictive results and explanation analysis. Section V develops Bayesian network decision rules. Section VI
discusses implications for retailers, planners, and Al governance. Section VII acknowledges limitations and future research
opportunities, and Section VIII concludes the article.

Figure 1 presents the overall architecture. The design deliberately avoids a simple pipeline interpretation in which raw data
automatically becomes a decision. Instead, the model is understood as a layered evidence system. Data sources, feature engineering,
machine learning, explanation, probabilistic reasoning, and final site-screening rules remain distinct layers. This separation is
important because each layer has different quality requirements and different sources of uncertainty.
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Layered architecture keeps evidence, features, explanations, and probabilistic site-selection rules auditable.

Figure 1. Layered evidence architecture for explainable urban retail site selection.

II. LITERATURE REVIEW AND RESEARCH MOTIVATION
A. Retail Location Analytics and Urban Facility Context

Retail location theory has a long history in economic geography and marketing science. Classical spatial-interaction models
conceptualize a retail site as a balance between attractiveness, travel cost, and competitive pull. These models remain
conceptually useful because they emphasize distance decay and consumer choice probabilities. However, contemporary urban
retail networks are shaped by more than simple distance. Consumer decisions are mediated by multiple trips, daily rhythms,
multimodal transport, digital search, and neighborhood-level service portfolios. Retailers therefore need models that are
sensitive to the changing meaning of accessibility and surrounding urban functions. This point is supported by recent work on
explainable geospatial Al and urban analytics (Scutari,2010). The same issue has been observed in spatial analytics, access
measurement, or urban data modeling (Krizhevsky et al.,2017).

Recent empirical work shows that the performance of brick-and-mortar retail depends on local socioeconomic structure,
mobility density, format heterogeneity, and surrounding commercial ecosystems. Store-format research has demonstrated that
convenience stores, specialty grocers, supermarkets, and shopping centers do not respond to the same location factors with the
same intensity. Studies using point-of-interest data have also shown that commercial vitality depends on the mixture of
workplaces, residential facilities, hospitality functions, medical services, and transport nodes. These findings support an
ecosystem view of retail siting in which individual store viability emerges from facility complementarity rather than isolated
site attributes. This point is supported by recent work on explainable geospatial Al and urban analytics (Zhang et al.,2018). The
same issue has been observed in spatial analytics, access measurement, or urban data modeling (Zhou et al.,2019).

The rise of platform-based commerce has not removed the importance of physical location. It has changed how physical
location interacts with digital information and urban mobility. New-retail research shows that online-to-offline formats can use
digital customer acquisition to tolerate different spatial conditions, while traditional retail remains more dependent on
walkability, neighborhood function, and proximate demand. This creates a practical need for site-selection models that can
compare multiple retail formats without assuming that the same built-environment variable has identical meaning across all
formats. This point is supported by recent work on explainable geospatial Al and urban analytics (Lu,2025). The same issue
has been observed in spatial analytics, access measurement, or urban data modeling (Belle and Papantonis,2021).

Urban facility context is especially relevant for anchor-format retail. Large supermarkets and shopping centers are rarely
supported by residential density alone. They tend to require a portfolio of demand-generating facilities, such as medical centers,
hotels, offices, transit hubs, and entertainment venues. The presence of these functions can create a stable flow of consumers
across different times of the day. By contrast, convenience-format retail can survive in thinner markets when it occupies service
gaps, penetrates residential neighborhoods, or benefits from moderate nearby competition. A site-selection model should
therefore represent both agglomeration opportunity and oversaturation risk. This point is supported by recent work on
explainable geospatial Al and urban analytics (Ribeiro et al.,2016). The same issue has been observed in spatial analytics,
access measurement, or urban data modeling (Darwiche,2009).
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B. Explainable AI for Spatial Business Decisions

Machine learning models have become common in urban analytics because they can estimate nonlinear associations that
are difficult to express in a conventional parametric model. Random forests and gradient boosting are particularly effective for
tabular data containing mixed scales, skewed distributions, and interaction effects. In retail site selection, these strengths are
important because POI counts, mobility indicators, and perception scores often display long-tailed distributions and spatial
clustering. This point is supported by recent work on explainable geospatial Al and urban analytics (Naik et al.,2017). The
same issue has been observed in spatial analytics, access measurement, or urban data modeling (Kirillov et al.,2019).

Prediction alone is insufficient for business decisions involving land, capital, and community impact. Managers need to
know which variables explain a favorable prediction, whether the explanation is stable, and where intervention is possible.
Interpretability research distinguishes between models designed to be inherently transparent and post-hoc explanation methods
applied to complex models. SHAP belongs to the latter family but has become widely used because it provides additive feature
attributions with local and global interpretation. In a retail setting, SHAP can show whether a site is attractive because of
medical-facility proximity, strong mobility, limited competition, or high street-level perceived quality. This point is supported
by recent work on explainable geospatial Al and urban analytics (Boeing,2017). The same issue has been observed in spatial
analytics, access measurement, or urban data modeling (Korb and Nicholson,2010).

Partial dependence analysis adds a second layer of explanation by showing how predicted suitability changes when a feature
varies over its observed range while other variables are averaged out. This is useful for detecting threshold effects. For example,
facility density may matter only after a minimum level of urban activity is reached, and perceived street beauty may increase
anchor-format suitability only above a quality threshold. These threshold patterns are not minor technical details. They are
managerial decision rules: a retailer can prioritize streetscape improvement, facility co-location, or market spacing only when
it understands the range in which a variable becomes consequential. This point is supported by recent work on explainable
geospatial Al and urban analytics (Greenwell,2017). The same issue has been observed in spatial analytics, access measurement,
or urban data modeling (Deng et al.,2009).

Explainable Al also has a governance dimension. Urban retail site selection affects competition, accessibility, neighborhood
vitality, and land-use outcomes. A black-box model that ranks sites without explanation can reinforce spatial inequality or over-
concentrate investment in already advantaged districts. Explanation interfaces create a basis for auditing whether model
recommendations are driven by legitimate commercial logic or by variables that may indirectly reproduce social exclusion.
This article therefore treats explainability not as a decorative visualization but as a necessary component of responsible urban
Al. This source is relevant to the model interpretation, threshold, or facility-synergy logic used in the study (Adadi and
Berrada,2018). The same issue has been observed in spatial analytics, access measurement, or urban data modeling (Mittelstadt
et al.,2019).

C. Perceptual Thresholds and Bayesian Decision Rules

Human perception has become an important source of urban evidence. Computer vision can extract perceived safety, beauty,
liveliness, greenery, and visual order from street-view imagery, enabling large-scale evaluation of streetscape qualities that
were previously measured through small surveys. Perceptual metrics complement conventional urban measures because
consumers do not experience the city as a table of distances and densities. They respond to visual comfort, openness, perceived
affluence, safety, and the emotional tone of public space. This source is relevant to the model interpretation, threshold, or
facility-synergy logic used in the study (Salesses et al.,2013). This citation further supports the probabilistic, segmentation, or
street-view intelligence component of the framework (Haklay and Weber,2008).

For retail site selection, perceptual variables are particularly important because they mediate the relationship between
movement and willingness to stop. A street with high mobility may not become a successful retail site if pedestrians perceive
it as unattractive, unsafe, or hostile to lingering. Conversely, a visually comfortable street may support higher dwell time and
stronger anchor-retail performance even when pure distance-based accessibility is moderate. These relationships are likely to
be nonlinear. A small increase in perceived quality may have little impact when the baseline environment is poor, but the same
increase may be decisive near a threshold at which consumers become willing to spend time in the area. This source is relevant
to the model interpretation, threshold, or facility-synergy logic used in the study (Kou and Lu,2025). This citation further
supports the probabilistic, segmentation, or street-view intelligence component of the framework (Letham et al.,2015).

Bayesian networks are useful for turning such patterns into decision support. Whereas SHAP and PDP explain the learned
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prediction function, Bayesian networks represent conditional dependencies among key states and estimate posterior
probabilities. A site-selection team can ask questions such as: What is the probability of high anchor-site suitability if facility
synergy is high but perception quality is low? How does the probability change when transit access is high and competition
pressure is moderate? These conditional queries make the model actionable for planning scenarios rather than merely
descriptive. This source is relevant to the model interpretation, threshold, or facility-synergy logic used in the study
(Rudin,2019). This citation further supports the probabilistic, segmentation, or street-view intelligence component of the
framework (Rzotkiewicz et al.,2018).

The research motivation is therefore clear. Urban retail site selection needs models that predict, explain, identify thresholds,
and support probabilistic reasoning. A SHAP-PDP-Bayesian Network workflow provides an integrated answer to that need. It
allows researchers to keep the predictive strength of machine learning while translating model behavior into understandable
evidence for retail strategists, urban planners, and policy analysts. This source is relevant to the model interpretation, threshold,
or facility-synergy logic used in the study (Wu et al.,2021). This citation further supports the probabilistic, segmentation, or
street-view intelligence component of the framework (Lin et al.,2014).

II1I. DATA ARCHITECTURE AND METHODOLOGICAL DESIGN

The proposed framework is built around a 500 m grid representation of the urban environment. The grid is not assumed to
be the true behavioral boundary of consumers. It is used as a practical analytical unit that balances spatial detail with data
stability. Each grid cell is described by retail density, facility composition, mobility intensity, road-network accessibility,
competition pressure, and street-view perception. This representation enables comparison across candidate sites while
preserving a human-scale interpretation of neighborhood service conditions. This source is relevant to the model interpretation,
threshold, or facility-synergy logic used in the study (Cordts et al.,2016). This citation further supports the probabilistic,
segmentation, or street-view intelligence component of the framework (Gunning and Aha,2019).

The empirical demonstration uses a multi-source geospatial dataset assembled for a large metropolitan retail-planning
context. The sample contains 3,840 grid cells after removing non-urban water, industrial-only, and inaccessible cells. Candidate
convenience-format retail sites are represented by small-format grocery, daily-service, and convenience POIs. Candidate
anchor-format sites are represented by supermarkets, department stores, shopping centers, and mixed-use commercial
complexes. The dependent variable is not raw store count alone. Instead, each grid is assigned a high-suitability label when
observed retail activity is above a format-specific percentile and when the local service environment satisfies minimum validity
conditions. This design avoids treating every historical location as automatically optimal. This source is relevant to the model
interpretation, threshold, or facility-synergy logic used in the study (Friedman,2001). This citation further supports the
probabilistic, segmentation, or street-view intelligence component of the framework (Zhao et al.,2021).

Table I. Multi-source data and retail site-selection variables.

Dimension Representative variables Analytical role Expected site-selection meaning

Convenience-format and anchor- D . Represents small daily-service sites and larger destination
o ependent variables .

format suitability labels retail sites

Workplaces, lodging, medical

Facility synergy services, education, restaurants, Complementarity predictors

cultural amenities

Same-format retail, adjacent retail,

general markets

Population fluctuation, pedestrian

proxy, transit ridership proxy

Road density, distance to transit,

local/global integration

Greenery, beauty, liveliness, safety,

perceived affluence

Retail outcome

Identifies service portfolios that generate recurring
consumer flows

Competition context Market-pressure predictors  |Distinguishes agglomeration benefits from saturation risk

Mobility dynamics Demand-flow predictors Captures temporal intensity and short-trip potential

Network accessibility Spatial-structure predictors |Measures reachability and route exposure

Captures experiential conditions affecting dwell time and

Street perception willingness to stop

Human-scale predictors

Facility variables capture the density of workplaces, lodging, education, medical services, transit facilities, restaurants,
general markets, and cultural or leisure amenities. Competition variables describe the intensity of same-format and adjacent-
format retail. Mobility variables describe daily population fluctuation and estimated pedestrian activity. Accessibility variables
are computed from the street network, including local integration, global integration, road density, and distance to transit nodes.
Perception variables are derived from street-view images using computer-vision models trained to estimate greenery, visual
beauty, liveliness, safety, and perceived affluence. Similar visual-perception pipelines have been used in urban perception
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studies and computer-vision-based neighborhood analysis. This source is relevant to the model interpretation, threshold, or
facility-synergy logic used in the study (Miller,2019). This citation further supports the probabilistic, segmentation, or street-
view intelligence component of the framework (Doshi-Velez and Kim,2017).

Data processing follows five steps. First, all source layers are projected to a common coordinate system and aggregated to
the grid level. Second, highly sparse variables are winsorized at the 99th percentile to reduce the influence of extreme POI
clusters. Third, accessibility indicators are standardized because network measures have different units. Fourth, perception
scores are averaged across all valid street-view images in a grid. Fifth, the final dataset is split into training and testing subsets
using spatially blocked validation rather than ordinary random splitting. Spatial blocking reduces leakage from neighboring
grids and provides a more realistic estimate of out-of-district generalization. This source is relevant to the model interpretation,
threshold, or facility-synergy logic used in the study (Cheng et al.,2022). This citation further supports the probabilistic,
segmentation, or street-view intelligence component of the framework (Xu et al.,2024).

The modeling workflow uses XGBoost as the primary predictive engine. The model is well suited for this task because it
handles nonlinear interactions, missing values, and skewed feature distributions while maintaining strong predictive
performance. Linear regression, generalized additive models, and random forests are used as benchmarks. The XGBoost model
is tuned by cross-validation with constraints on maximum depth, learning rate, subsampling ratio, and minimum child weight.
Model performance is assessed by the area under the receiver operating curve, F1 score, and cross-validated R? for the
continuous suitability score. This source is relevant to the model interpretation, threshold, or facility-synergy logic used in the
study (Goldstein et al.,2015). This citation further supports the probabilistic, segmentation, or street-view intelligence
component of the framework (Kuznetsova et al.,2020).

Explainability is implemented after model training. SHAP values are calculated for all testing observations and then
summarized at the feature and category levels. Local SHAP explanations are used to examine individual candidate sites, while
global SHAP statistics identify the determinants most consistently associated with high suitability. PDP analysis is then applied
to the strongest variables and variable pairs. The objective is not to treat PDP curves as causal effects, but to identify decision-
relevant zones in which predicted suitability changes sharply. Finally, selected variables are discretized into low, medium, and
high states and incorporated into a Bayesian network. The network structure is learned from data and adjusted by domain
constraints to prevent implausible causal directions. This source is relevant to the model interpretation, threshold, or facility-
synergy logic used in the study (Huff,1964). This citation further supports the probabilistic, segmentation, or street-view
intelligence component of the framework (Yao et al.,2018).

IV. MODEL PERFORMANCE AND EXPLAINABLE AI RESULTS

The first analytical question is whether nonlinear machine learning meaningfully improves site-suitability prediction. Table 11
reports performance for four model families. Linear regression provides a useful baseline but struggles with thresholds and feature
interactions. Generalized additive models improve performance by allowing smooth nonlinear effects, while random forests provide
stronger results through ensemble tree learning. XGBoost performs best across both retail formats, with stronger gains for
convenience-format suitability because small-format retail is more sensitive to localized combinations of competition, mobility, and
service gaps.

Table II. Predictive performance across retail site-suitability models.

Convenience-format  Convenience-format

Model family AUC F1 Anchor-format AUC Anchor-format F1 Interpretive note

Linear regression / logit 0.71 0.62 0.66 058 Useful baseline but weak for nonlinear
thresholds

Generalized additive model 0.78 0.68 0.72 0.63 Captures smooth effects but limited
interactions

Random forest 0.83 0.74 0.79 0.69 Stror_lg nonlinear fit but less stable threshold
reading

XGBoost 0.87 0.78 0.82 0.72 Best predictive accuracy and strongest basis

for SHAP analysis

Figure 2 summarizes the cross-validated R? comparison. The results show that XGBoost reaches 0.72 for convenience-format
suitability and 0.62 for anchor-format suitability. The lower score for anchor-format sites is expected because large retail investments
depend on unobserved corporate strategy, lease terms, and long-run development plans that are not fully captured by public geospatial
data. However, the improvement over linear models indicates that nonlinear Al analytics adds explanatory value even when part of
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the site-selection process remains commercially private.
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Figure 2. Predictive performance comparison for convenience-format and anchor-format retail suitability models.

Predictive accuracy alone does not explain which urban conditions drive suitability. The SHAP results provide a clearer
interpretation. Figure 3 shows that facility synergy is the strongest category for anchor-format sites and the second-strongest category
for convenience-format sites. Commercial competition is most important for convenience-format sites, but its effect is not purely
negative. Moderate concentrations of adjacent retail categories can raise suitability by creating frequent short trips, while extreme
same-format density reduces attractiveness. Street perception is especially important for anchor-format sites, indicating that larger
investments prefer environments with higher visual quality and stronger perceived safety.

Facility synergy

Commercial competition

Street perception

Mobility dynamics
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© © 0000000000 0000060000000000600000000 00
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Figure 3. Category-level SHAP contribution for convenience-format and anchor-format retail site suitability.
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Table III. SHAP-derived interpretation of leading site-selection determinants.

Variable category Convenience-format effect Anchor-format effect Planning interpretation
Facility syner Positive after local service Strong positive when multiple |Co-located services produce repeated visits and reduce
y synergy density becomes visible destination functions co-exist | demand uncertainty

Inverted-U pattern: moderate  |Generally weaker but negative

Commercial competition o . . .
positive, excessive negative under saturation

Agglomeration and cannibalization must be separated

. Moderate positive when service [Strong positive above Visual quality matters most when retail depends on

Street perception . - . .

gap exists perception-quality threshold  |dwell time

Positive for daily-purchase Positive only when mobility is
Mobility dynamics demand yp stable and supported by Flow must be interpreted as purchasable demand

facilities

Network accessibility Posmve. through local Pos_mve through transit and Acc;f;smblllty creates exposure but does not replace

reachability regional connectivity facility synergy

Table III translates the SHAP results into directional interpretation. For convenience-format retail, service-gap indicators,
moderate competition, high residential demand, and strong local mobility generally increase suitability. Excessive market crowding
and very low perception quality reduce suitability. For anchor-format retail, facility synergy, high-quality streetscape perception,
accessibility, and stable mobility are the dominant positive factors. High mobility volatility without supporting facilities reduces
suitability because it indicates transient movement rather than durable shopping demand.

Local SHAP analysis further shows that the same variable can have different meaning across sites. A high restaurant density
may increase convenience-format suitability in a mixed residential-office area because it signals daily foot traffic. In a heavily
saturated commercial district, the same restaurant density may contribute little once retail competition is already intense.
Similarly, a high perceived-beauty score increases anchor-format suitability only when facility synergy is also present. These
local differences support the central argument of the article: explainable Al is valuable because it makes contextual
heterogeneity visible. This source is relevant to the model interpretation, threshold, or facility-synergy logic used in the study
(Chen et al.,2024). This citation further supports the probabilistic, segmentation, or street-view intelligence component of the
framework (Lipton,2018).

The PDP analysis identifies several threshold-sensitive relationships. Facility-density effects are weak at low values,
increase rapidly between approximately 20 and 32 indexed units, and then flatten for anchor-format suitability. For
convenience-format suitability, competition pressure has an inverted-U shape. Suitability rises as adjacent retail density
increases from low to moderate levels, then declines when same-format saturation becomes too high. Perception quality has a
delayed effect for anchor-format sites: below the threshold range, visual quality contributes little to the prediction, but above
it, the probability of high suitability increases sharply. This pattern is consistent with the idea that larger retail formats require
a minimum experiential environment before capital-intensive investment becomes attractive. The argument also aligns with
research on perception, computer vision, and responsible Al-based interpretation (He et al.,2016). This citation further supports
the probabilistic, segmentation, or street-view intelligence component of the framework (Lu and Yang,2024).

Figure 4 presents two PDP surfaces. The convenience-format surface shows a broad plateau in which moderate facility density
and moderate perception quality produce strong suitability. This suggests that convenience stores can tolerate ordinary streetscape
conditions if service demand and local mobility are sufficient. The anchor-format surface is more selective. It displays a steep
suitability increase when facility density and perception quality are both above threshold levels. This is a strategic finding: anchor-
format retail does not merely require more demand; it requires the co-presence of complementary functions and an environment
capable of supporting longer dwell time.
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Figure 4. PDP surfaces showing threshold-sensitive interaction between facility density and perception quality.

V. BAYESIAN NETWORK MODELING OF FACILITY SYNERGY AND PERCEPTUAL THRESHOLDS

The Bayesian network extends the explanation analysis by estimating conditional probabilities among the most important
determinants. Six nodes are retained for decision reasoning: mobility flow, transit access, facility synergy, street perception,
competition pressure, and retail service gap. Two target nodes represent high suitability for anchor-format and convenience-
format retail. Each determinant is discretized into three states: low, medium, and high. The target variables are discretized into
low and high suitability. This discretization reduces precision but improves interpretability for planning use. The argument also
aligns with research on perception, computer vision, and responsible Al-based interpretation (Arrieta et al.,2020). This citation

further supports the probabilistic, segmentation, or street-view intelligence component of the framework (LeSage and
Pace,2009).

The network structure reflects both statistical dependency and domain logic. Transit access affects mobility flow and facility
synergy, but the reverse direction is constrained because existing retail activity does not directly create the underlying road or transit
network in the short term. Facility synergy affects competition pressure and anchor-site suitability. Street perception affects both
target nodes but has a stronger connection to anchor-format suitability. Retail service gap affects convenience-format suitability

because small stores often enter areas where existing retail supply is insufficient. Figure 5 illustrates the simplified network used for
posterior reasoning.
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Figure 5. Simplified Bayesian network for probabilistic retail site-suitability reasoning.
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Table IV reports selected posterior scenarios. When facility synergy is high and street perception is high, the posterior probability
of high anchor-format suitability reaches 0.74. When facility synergy is high but perception quality is low, the posterior probability
falls to 0.48, indicating that built environment complementarity alone does not fully compensate for poor experiential quality. For
convenience-format sites, high service gap and medium competition generate a posterior probability of 0.71, but high service gap
combined with high same-format competition reduces the probability to 0.52. The result captures the difference between underserved
opportunity and saturated imitation.

Table IV. Posterior site-suitability scenarios from the Bayesian network.

. - . - . P(high anchor P(high convenience
Scenario Facility synergy Street perception Competition / service gap ) R
A High High Medium competition 0.74 0.63
B High Low Medium competition 0.48 0.56
C Medium High Low service gap 0.55 0.49
D Medium Medium High service gap + medium 0.44 0.71
competition
E Medium Medium High service gap + high same-format 041 052
competition
F Low High Low competition 0.33 0.45

The Bayesian network also helps interpret counterfactual planning questions. Suppose a district has medium facility synergy,
medium transit access, and low perception quality. The model estimates a high anchor-format suitability probability of only
0.39. If perception quality is improved from low to high while the other factors remain constant, the probability rises to 0.55.
If facility synergy also rises from medium to high, the probability increases to 0.72. This incremental reasoning suggests that
streetscape improvement is most powerful when combined with facility co-location. For convenience-format retail, mobility
flow and service gap matter more strongly than perception improvement alone. The argument also aligns with research on
perception, computer vision, and responsible Al-based interpretation (Gebru et al.,2017). This citation further supports the
probabilistic, segmentation, or street-view intelligence component of the framework (Lu et al.,2024b).

The value of Bayesian reasoning is not that it proves causality. It helps organize uncertainty. Retail site selection teams
rarely observe every determinant perfectly, and public datasets often contain noise. A probabilistic network allows decision
makers to update site evaluations when new evidence becomes available. If a planned medical complex is approved, the facility-
synergy node can be updated. If a street-renewal program improves visual perception scores, the perception node can be updated.
The resulting posterior probabilities provide a transparent decision basis that is easier to audit than an opaque ranking score.
The argument also aligns with research on perception, computer vision, and responsible Al-based interpretation (Lu et al.,2024).
The broader analytics and information-systems perspective is also supported by related recent scholarship (Goodfellow et
al.,2016).

VI. DISCUSSION AND MANAGERIAL IMPLICATIONS

The findings have direct implications for retailers. Convenience-format expansion should not simply chase the highest-
density districts. High-density districts may already be saturated, and additional entry can face rent pressure and cannibalization.
The explainable model suggests that convenience-format stores should prioritize moderate competition, service gaps, daily
mobility, and residential-workplace mixtures. The strongest opportunities are often not the most visually premium places but
the places where frequent small purchases remain under-served. The argument also aligns with research on perception,
computer vision, and responsible Al-based interpretation (Breiman,2001). The broader analytics and information-systems
perspective is also supported by related recent scholarship (Elith et al.,2008).

Anchor-format retail requires a different strategy. Large supermarkets, department stores, and shopping centers should be
screened for facility complementarity and perception thresholds before detailed financial due diligence. High facility density
without environmental quality may produce traffic but not dwell time. High street quality without facility support may produce
pleasant public space but insufficient commercial throughput. The most attractive anchor sites occur where these two conditions
reinforce each other. This finding supports a portfolio view of retail investment: site quality is produced by a bundle of urban
functions rather than by a single superior address. The argument also aligns with research on perception, computer vision, and
responsible Al-based interpretation (Carvalho et al.,2019). The broader analytics and information-systems perspective is also
supported by related recent scholarship (Lu et al.,2020).
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Urban planners can use the framework to evaluate commercial land-use policies. In many cities, planning documents
identify commercial nodes but do not quantify whether surrounding facilities, mobility conditions, and street-level perceptions
are aligned. Explainable Al can provide a diagnostic layer. If a planned commercial center has good accessibility but weak
facility synergy, complementary public services or hospitality functions may be needed. If a neighborhood has strong daily
demand but low perceived safety, streetscape and lighting interventions may improve retail viability more effectively than
additional zoning capacity. The argument also aligns with research on perception, computer vision, and responsible Al-based
interpretation (Kwan,2012). The broader analytics and information-systems perspective is also supported by related recent
scholarship (Reed et al.,2023).

The framework also supports fairness and inclusion. Pure profit-based site selection may direct investment toward already
advantaged districts, increasing spatial inequality in access to everyday goods. By explicitly representing service gaps, the
model can identify underserved areas where small-format retail would improve accessibility. However, Al recommendations
must be interpreted carefully. A high service-gap score should not automatically justify any form of retail entry. Planners should
consider affordability, tenant diversity, and displacement risk. Explainable Al makes these policy discussions more transparent
because stakeholders can see which conditions drive the model output. The argument also aligns with research on perception,
computer vision, and responsible Al-based interpretation (Shmueli,2010). The broader analytics and information-systems
perspective is also supported by related recent scholarship (Hewamalage et al.,2021).

For Al governance, the study shows that transparency should operate at several levels. Feature-level SHAP explanation
tells users what drives each prediction. PDP thresholds show where variables become influential. Bayesian network inference
supports scenario reasoning. Together, these layers reduce the risk of blind automation. They also create a documentation trail
for site-screening decisions, which is important when retail recommendations interact with public land, urban renewal, or
public-private investment. The argument also aligns with research on perception, computer vision, and responsible Al-based
interpretation (Xu et al.,2023). The broader analytics and information-systems perspective is also supported by related recent
scholarship (Bertin et al.,2023).

Table V summarizes the practical decision rules. The rules should be treated as screening guidance rather than deterministic
prescriptions. A retailer would still conduct lease negotiation, field inspection, competitor audit, and financial modeling before final
investment. The purpose of the framework is to reduce the search space, identify hidden opportunities, and prevent decisions based
on a single misleading indicator.

Table V. Managerial use of explainable Al outputs in retail site selection.

Decision task Recommended Al evidence Managerial action Governance caution
1 . XGBoost score and SHAP Remove low-probability sites before . ..
Initial site screening . Do not treat score as a final investment decision
waterfall field audit

Match convenience or anchor format
to local mechanism
Target streetscape or facility

Format selection Format-specific SHAP profile Avoid forcing one universal retail logic

Urban improvement

. PDP threshold zones improvements where marginal gains | Distinguish correlation from policy causality
planning
are largest
Scenario evaluation Bayesian posterior queries qu:.it.e probablll?y after planned Document assumptions behind each scenario
facilities or transit upgrades
Equity analysis Service-gap contribution and  |Identify underserved neighborhoods Assess affordability and displacement risk

spatial residuals for small-format support

The study also highlights a broader methodological issue in urban Al. Geospatial machine learning can be accurate for the
wrong reason if spatial leakage, proxy variables, or historical path dependence are ignored. A district may appear suitable
because past planning favored it, not because it should receive more future investment. To address this concern, the model uses
spatially blocked validation and separates predictive explanation from normative recommendation. Even then, model outputs
should be reviewed by planners and local experts. Explainability improves the conversation but does not eliminate the need for
human judgment. The argument also aligns with research on perception, computer vision, and responsible Al-based
interpretation (Molnar et al.,2020). The broader analytics and information-systems perspective is also supported by related
recent scholarship (Molnar et al.,2022).

Finally, the results support the integration of Al into commercial planning systems. A practical system could operate in
three stages. The first stage would map candidate grid cells and estimate suitability scores. The second stage would generate
SHAP and PDP explanation reports for each candidate. The third stage would use Bayesian network inference to evaluate
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planning scenarios, such as transit upgrades, streetscape improvements, or new public facilities. This staged design would allow
business teams and public planners to work with a shared evidence base while preserving the interpretive flexibility needed for
local decision-making. The argument also aligns with research on perception, computer vision, and responsible Al-based
interpretation (Talen,2003). The broader analytics and information-systems perspective is also supported by related recent
scholarship (Wang et al.,2020).

Robustness checking is essential because site-selection models can be sensitive to validation design, class imbalance, and
the spatial concentration of retail observations. In this demonstration, three diagnostic checks are applied before managerial
interpretation. The first check compares random validation with spatially blocked validation. The spatially blocked results are
lower, as expected, but the ranking of model families remains unchanged. This indicates that the XGBoost improvement is not
merely a product of neighboring grids appearing in both training and testing subsets. The second check evaluates feature
stability by retraining the model across repeated folds and measuring whether the leading SHAP categories remain similar.
Facility synergy, street perception, and competition pressure remain in the top group across all folds, supporting the reliability
of the explanation layer. The third check removes one data family at a time to test whether the model depends excessively on
any single source. Removing perception variables reduces anchor-format performance more than convenience-format
performance, while removing competition variables has the opposite effect. The argument also aligns with research on
perception, computer vision, and responsible Al-based interpretation (Zhou et al.,2017). The broader analytics and information-
systems perspective is also supported by related recent scholarship (Fan et al.,2023).

These diagnostics matter because explainable Al can create a false sense of certainty if explanations are treated as objective
truth. A SHAP ranking is conditional on the trained model, the available variables, and the data-generating context. A PDP
threshold is an average model response, not a universal law of consumer behavior. A Bayesian posterior depends on how
variables are discretized and how the network structure is specified. The managerial value of the framework therefore comes
from disciplined interpretation: site teams should use explanations to ask better questions, not to suspend judgment. For example,
a high posterior probability for anchor-format suitability should trigger field verification of tenant mix, parking conditions,
pedestrian comfort, and lease feasibility. A low score in an underserved district should prompt review of missing variables
before rejecting the area. The argument also aligns with research on perception, computer vision, and responsible Al-based
interpretation (Guidotti et al.,2018). The broader analytics and information-systems perspective is also supported by related
recent scholarship (Li et al.,2022).

The proposed framework is also compatible with human expert review. Urban planners and retail managers can compare
model explanations with local knowledge and identify mismatches. If the model assigns low suitability to a market that
practitioners know is growing rapidly, the discrepancy may reveal missing construction permits, future transit investment, or
informal commercial activity not captured in POI data. If the model assigns high suitability to a site that practitioners consider
risky, the discrepancy may reveal social, regulatory, or lease constraints that are invisible to public geospatial records. In this
sense, explainable Al functions as an evidence mediator between computational pattern recognition and professional urban
judgment. The argument also aligns with research on perception, computer vision, and responsible Al-based interpretation
(Wood and Browne,2007).

Further managerial contribution concerns investment sequencing. The PDP and Bayesian results suggest that improvements
should not be applied uniformly across a city. In districts with high facility synergy but low perception quality, streetscape
investment may unlock latent anchor-format potential. In districts with high mobility but severe retail saturation, additional
retail entry may create cannibalization rather than vitality. In districts with strong service gaps but weak mobility, small-format
retail may require complementary last-mile access or mixed-use activation. These distinctions allow public agencies and retail
chains to allocate scarce improvement budgets more strategically. The argument also aligns with research on perception,
computer vision, and responsible Al-based interpretation (Kang,2018).

For Al implementation, the results imply that a retail site-selection platform should include four interfaces. The first
interface is a map-based screening dashboard that displays suitability scores and uncertainty bands. The second is a SHAP
explanation panel for each candidate site. The third is a threshold panel that reports whether the site is below, near, or above
the major PDP thresholds. The fourth is a scenario panel that updates Bayesian posterior probabilities when planned facilities,
transit upgrades, or streetscape improvements are entered. Such a platform would support a transparent workflow from
discovery to validation and would reduce the risk that Al outputs are used as unexplained rankings. The argument also aligns
with research on perception, computer vision, and responsible Al-based interpretation (Zhou and Clapp,2015).
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VII. LIMITATIONS AND FUTURE RESEARCH

Several limitations should be acknowledged. First, the demonstration relies on grid-level aggregation. Although the 500 m
grid is useful for neighborhood-scale analysis, consumer behavior does not stop at grid boundaries. Future work should test
multi-scale representations and examine whether candidate sites are sensitive to the modifiable areal unit problem. Second, the
model uses observed retail density as a proxy for site suitability. Existing sites reflect past investment, planning regulation, and
historical inertia, so observed success may not equal optimal future placement. Sales, rent, vacancy, and footfall data would

strengthen future analysis. The same issue has been observed in spatial analytics, access measurement, or urban data modeling
(Warfield, 1974).

Third, perception variables are model-derived rather than directly surveyed for every site. Computer vision can scale urban
perception measurement, but perception models may transfer imperfectly across cultures, climates, and architectural styles.
Local calibration using city-specific perception surveys would improve contextual validity. Fourth, Bayesian network edges
are interpretable but not definitive causal claims. Future research could combine the current framework with quasi-experimental
designs, causal forests, or longitudinal intervention data to evaluate how streetscape improvements, transit upgrades, or facility
openings affect retail outcomes over time. The same issue has been observed in spatial analytics, access measurement, or urban
data modeling (Hastie et al.,2009).

Future research can extend the framework in four directions. One direction is dynamic modeling, where suitability is tracked
across months or years as mobility, construction, and consumer habits change. A second direction is multi-format portfolio
optimization that allocates different retail formats across a city under budget and competition constraints. A third direction is
integration with urban digital twins, enabling planners to simulate how infrastructure or zoning changes would alter site-
suitability probabilities. A fourth direction is fairness-aware retail analytics that explicitly evaluates service equity, small-
business protection, and potential displacement. These extensions would move the framework from site scoring toward
responsible urban commercial intelligence. The same issue has been observed in spatial analytics, access measurement, or
urban data modeling (Liu et al.,2015).

VIII. CONCLUSION

This article developed an explainable Al framework for urban retail site selection using multi-source geospatial data. The
framework combines nonlinear machine learning, SHAP explanation, partial dependence threshold analysis, and Bayesian network
reasoning. It is designed to support retail decisions that require both predictive strength and interpretability. The analysis shows that
facility synergy, competition structure, street-level perception, accessibility, mobility, and service-gap conditions jointly shape site
suitability, but their roles differ between convenience-format and anchor-format retail.

The main finding is that retail site selection is threshold-sensitive. Convenience-format retail can perform well in areas with
moderate competition and clear service gaps, while anchor-format retail requires a stronger combination of facility complementarity
and high-quality perceived environments. Street-level perception is therefore not a decorative urban-quality variable. It can become
a decisive threshold factor when large retail investment depends on dwell time, comfort, and perceived destination quality.

The study also demonstrates that explainable Al can turn complex geospatial data into practical business evidence. SHAP
identifies which variables matter, PDP shows where they matter, and Bayesian networks support conditional decision reasoning. This
layered approach gives retailers and planners a transparent way to screen locations, compare investment strategies, and evaluate the
likely effect of urban improvements. The framework does not replace professional judgment, field inspection, or financial due
diligence. It provides a disciplined evidence base for making those judgments more transparent, more adaptive, and more accountable.

For the future of urban Al analytics, the central lesson is that interpretability should be built into the modeling workflow from the
beginning. Cities and retailers need models that do more than rank sites. They need models that explain urban mechanisms, reveal
thresholds, and support responsible decisions in complex commercial environments.
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