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Abstract

With the widespread application of artificial intelligence in real estate price prediction,
model explainability has become a critical factor influencing its acceptability and trust-
worthiness. The Shapley value, as a classic cooperative game theory method, quantifies
the average marginal contribution of each feature, ensuring global fairness in the expla-
nation allocation. However, its focus on average fairness lacks robustness under data
perturbations, model changes, and adversarial attacks. To address this limitation, this
paper proposes a hybrid explainability framework that integrates the Shapley value and
Least Core attribution. The framework leverages the Least Core theory by formulating a
linear programming problem to minimize the maximum dissatisfaction of feature subsets,
providing bottom-line fairness. Furthermore, the attributions from the Shapley value and
Least Core are combined through a weighted fusion approach, where the weight acts as
a tunable hyperparameter to balance the global fairness and worst-case robustness. The
proposed framework is seamlessly integrated into mainstream machine learning models
such as XGBoost. Empirical evaluations on real-world real estate rental data demonstrate
that this hybrid attribution method not only preserves the global fairness of the Shapley
value but also significantly enhances the explanation consistency and trustworthiness
under various data perturbations. This study provides a new perspective for robust ex-
plainable Al in high-risk decision-making scenarios and holds promising potential for
practical applications.

Keywords: XAL Shapley value; least core; rent prediction

1. Introduction

With the rapid advancement of urbanization and socio-economic development, the
real estate market—recognized as a pillar industry of the national economy—has become
closely tied to economic health [1,2]. Accurate real estate price forecasting is essential for
government macro-regulation, credit evaluation by financial institutions, and informed
investment decisions by real estate investors [3]. In recent years, the application of artificial
intelligence (Al) in real estate price prediction has attracted considerable attention due to its
powerful nonlinear modeling capabilities [4—-6]. Al models can effectively capture complex
interactions among multidimensional features such as the location, transportation, school
district, floor level, and construction year [7]. Compared to traditional linear regression
models, machine learning-based approaches (e.g., XGBoost, CatBoost) demonstrate higher
predictive accuracy and stronger adaptability [8,9]. For instance, XGBoost, based on gradi-
ent boosting trees, has achieved an outstanding performance in both Kaggle competitions
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and practical real estate projects, making it widely used for property valuation and rental
price forecasting [10,11].

Al-driven real estate price prediction has been extensively applied in scenarios such
as property transactions, financial risk management, and government market supervision.
In property transactions, Al models can provide reasonable price references for agents and
buyers, reducing the transaction friction caused by information asymmetry [12]. In financial
risk management, banks and financial institutions can leverage Al predictions for more
scientific collateral evaluations, thereby reducing credit risks [13]. At the government level,
Al prediction facilitates the monitoring of market cycles, supports policy-making regarding
land supply and housing regulation, and promotes the healthy and stable development of
the market [14,15].

However, the increasing complexity of Al models has resulted in a “black box” na-
ture of decision-making processes [16-18]. Despite their strong predictive capabilities,
the lack of interpretability has limited the trust and acceptance of Al models in real-
world applications. In high-risk, high-stakes domains such as real estate, stakeholders—
including investors, regulators, and homebuyers—have a heightened demand for model
interpretability. Interpretability not only enhances transparency and acceptance but also
enables stakeholders to better understand feature contributions, thereby supporting more
rational policies and investment strategies. Consequently, improving model interpretability
while preserving predictive performance has become a critical challenge for Al in real estate
price forecasting [5,19].

Explainable artificial intelligence (XAI) has emerged as a vital bridge between model
complexity and human trust, attracting growing attention from both academia and indus-
try [20,21]. XAI research focuses not only on visualizing prediction results and feature
contributions but also on the core issues of fairness, transparency, and robustness [22].
Fairness is especially crucial, requiring balanced and unbiased explanations across diverse
feature contributions, thus aligning with ethical and legal expectations. Transparency
emphasizes readability and intuitiveness, ensuring that models are not only numerically
accurate but also understandable by non-technical users and stakeholders [23].

Robustness, as an emerging frontier in XAl, is gaining increasing attention. It requires
that explanations remain stable under data perturbations, model parameter updates, or
adversarial attacks, thereby avoiding large fluctuations in interpretability due to minor
changes [24]. In real-world deployments, models often encounter distribution shifts and
diverse data samples. Robust explanations enhance trustworthiness and operational reli-
ability in such settings. In high-stakes domains such as real estate and finance, fairness,
transparency, and robustness directly affect major decisions, making them core drivers of
XAl research [19,25].

The Shapley value, derived from cooperative game theory, has gained widespread
application in XAI due to its desirable theoretical properties [26,27]. By averaging marginal
contributions across all possible feature subsets, the Shapley value ensures fair and symmet-
ric attributions, earning its reputation as the “gold standard” for model explanations [28,29].
It provides both global and local feature importance scores and is applicable across a variety
of machine learning models, including tree-based models and neural networks [30].

Nevertheless, the Shapley value also presents several limitations. Its computational
complexity increases exponentially with the number of features, necessitating approxima-
tion techniques such as model-based simplifications or Monte Carlo sampling in practical
applications [31]. Moreover, as an averaging method, the Shapley value does not account
for worst-case robustness [32]. Under data shifts, input perturbations, or adversarial
attacks, Shapley-based attributions may fluctuate significantly, affecting their stability
and reliability [33]. Additionally, Shapley values focus solely on feature contributions
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without revealing intricate interactions among features, limiting their effectiveness in
high-dimensional and highly interactive environments. These challenges have motivated
both academic and industrial communities to explore more robust and stable explanatory
methods that complement Shapley-based interpretations [34].

While Shapley values ensure fair and theoretically grounded feature attributions,
they fall short in addressing robustness and worst-case fairness under practical high-risk
scenarios such as distributional shifts or model uncertainty [35]. To address this gap,
this study proposes the introduction of the Least Core concept from cooperative game
theory as a novel complement to XAI [36]. The Least Core minimizes dissatisfaction
among the most disadvantaged coalitions, focusing on stability and fairness in adverse
conditions [37]. Furthermore, we propose a hybrid approach that combines Shapley
values with Least Core allocations via a tunable weighting parameter. This allows a
flexible trade-off between global fairness and worst-case robustness. We argue that this
weighted explanatory framework not only provides fair and interpretable attributions
under typical conditions but also significantly enhances the robustness and trustworthiness
of explanations under data and model perturbations. Such a method better meets the
demands for highly interpretable and trustworthy models in sensitive domains such as
real estate price forecasting. This motivation underpins the present study, which aims to
explore and validate the effectiveness and applicability of a Shapley-Least Core hybrid
explanation method in the context of real estate price prediction.

2. Literature Review
2.1. Shapley Values and Explainable Al

XAl aims to uncover the decision-making logic of complex models, allowing outputs
to be not only accurate but also interpretable and trustworthy for human users [38,39].
As Al models become increasingly complex—especially in high-stakes domains such as
finance, healthcare, and real estate—the need for transparency and accountability has
driven a surge of interest in post hoc interpretability techniques [40].

Among various approaches, the Shapley value, rooted in cooperative game theory, has
emerged as one of the most theoretically grounded and widely adopted methods for feature
importance attribution [26]. The core idea is to treat the model output as the “payoff” of a
coalition of features and to determine each feature’s contribution by averaging its marginal
effect across all possible subsets [41]. This approach satisfies several desirable axioms,
efficiency, symmetry, dummy, and additivity, ensuring that the explanation is fair and
uniquely defined under a cooperative framework.

Their generalizability and model-agnostic nature have made Shapley values suitable
for a wide array of machine learning algorithms, including decision trees, ensemble meth-
ods, and neural networks [42]. Extensions like SHAP further improve scalability and
usability by optimizing approximation algorithms tailored for specific model types, such
as Tree SHAP for gradient boosting machines.

Shapley-based methods have been successfully deployed in real-world applications. In
finance, they help interpret credit scoring systems by quantifying how individual borrower
features influence risk assessments [43]. In medicine, they assist clinicians in diagnosing
patients by revealing how symptoms and test results contribute to predictive outcomes [44].
In real estate, Shapley values have been employed to explain pricing models, offering
valuable transparency for buyers, investors, and regulators [19].

Nevertheless, despite its theoretical elegance, the Shapley value has practical limi-
tations. Its computation grows exponentially with the number of features, making exact
calculations infeasible for high-dimensional data. Although approximate methods alleviate
this burden, they may still struggle with scalability in real-time systems. More critically, the
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Shapley value provides average-case explanations, which are vulnerable to instability un-
der perturbations [45]. Small changes in input data or model updates can lead to significant
variation in attribution results, undermining reliability in dynamic environments [46].

Recent studies have raised concerns about Shapley’s robustness, consistency, and
resilience to adversarial manipulation, prompting the development of complementary
methods that emphasize stability and worst-case fairness [47]. These works lay the foun-
dation for hybrid approaches that combine Shapley-based fairness with robust optimiza-
tion principles.

2.2. Interpretability Challenges in Real Estate Price Prediction

The real estate sector presents unique challenges for predictive modeling and inter-
pretability [48]. On one hand, the market is influenced by numerous interacting factors—
including the geographic location, infrastructure, school districts, floor level, building
quality, and economic conditions—which makes it well-suited for machine learning. On
the other hand, these same factors create a highly complex and nonlinear data environment,
where interpretability becomes both necessary and difficult [19,49].

Modern Al models, such as XGBoost, CatBoost, and deep neural networks, can capture
sophisticated interactions among heterogeneous features. These models often outperform
traditional hedonic pricing models or linear regressions in terms of accuracy. However,
their internal mechanisms are typically opaque, making it difficult for stakeholders to
understand why certain predictions are made [50].

Interpretability is not just an academic concern in real estate—it has tangible implica-
tions for policy, investment, and risk management [51]. For example, a bank’s decision to
approve a mortgage may depend on how clearly a model explains the contribution of prop-
erty characteristics and borrower profiles. Likewise, governments may need interpretable
models to guide housing subsidies or land allocation. Without clear explanations, such
decisions become harder to justify, audit, or defend [52].

Moreover, the real estate market is highly sensitive to macroeconomic dynamics, regu-
latory changes, and local policy interventions. These factors can lead to data distribution
shifts over time, which in turn reduce the stability of model predictions and explana-
tions. A model trained on one year’s housing data might fail to generalize when market
conditions change, and worse, its explanations might become misleading—undermining
stakeholder trust.

In addition, features in real estate are not always independent [53]. Strong inter-feature
correlations (e.g., between location and school quality) introduce attribution ambiguity,
where it becomes difficult to discern whether the price premium is due to one feature or
its correlated counterpart. This further challenges Shapley-based methods, which assume
additive and independent contributions.

Therefore, providing explanations that are not only accurate but also robust, fair, and
context-aware is critical in this domain. Researchers have called for hybrid explanation
models that incorporate worst-case guarantees and fairness constraints to ensure that
interpretability tools remain reliable even when models or data evolve [54,55]. One such
promising direction is the integration of Least Core principles from game theory, which
address the limitations of average-case methods like the Shapley value and introduce
robustness under adversarial or unstable environments.

3. Methodology
3.1. Shapley Value Explanation Allocation

The Shapley value originates from cooperative game theory, where it was initially used
to determine each player’s fair contribution to a joint payoff [56]. In the field of explainable
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artificial intelligence, the Shapley value quantifies the average marginal contribution of
each feature to a model’s output and is defined as follows:

b= ),

SCN~{i}

|S|!(|N|;]||!S — 1)! [U(S U {Z}) _ U(S)]

where N denotes the set of all features, S is a subset of N, and v(S) represents the model
output or “value” when only the features in S are considered. This formulation satisfies
four axioms, efficiency, symmetry, dummy, and additivity, which ensure the uniqueness
and fairness of the attribution.

However, the exact computation of Shapley values is computationally expensive,
especially as the number of features increases exponentially. Reference [57] proposed Tree
SHAP to address this, an efficient algorithm that leverages the structure of tree-based
models to approximate Shapley values with a significantly reduced computational cost.

Despite this improvement, the Shapley value remains an “average-based” explanation
method and does not guarantee robustness in worst-case scenarios. It may produce unstable
attributions under data perturbations, feature-level noise, or adversarial inputs, limiting its
reliability in sensitive applications.

3.2. Least Core Explanation Allocation

The Least Core is a relaxation of the core concept in cooperative game theory. While
the core requires that every coalition S receives at least its value v(S), it may not exist or may
be too restrictive in practical applications. The Least Core introduces a global tolerance
margin € and aims to minimize the dissatisfaction of the most disadvantaged coalition:

min €,s.t.v(S) < in +¢,VSC N, Z x; = v(N)
i€S iEN

This formulation can be solved as a linear programming problem, yielding a set of
feature attributions {x;} that maximize the fairness guarantee in the worst case. Compared
to the mean-based nature of Shapley values, this method emphasizes robustness and
bottom-line fairness under adversarial conditions.

In machine learning interpretability, the Least Core explanation allocation enhances
robustness in model perturbations and feature distribution shifts. Its principal advantage
lies in maintaining fairness even under adversarial samples or significant distributional
drifts, thereby providing a safety guarantee for model interpretability in critical domains.

3.3. Least Core Explanation in Machine Learning

In real estate price prediction tasks, implementing the Least Core requires careful
integration with machine learning models and their feature attribution mechanisms. The
characteristic function v(S)—central to the Least Core formulation—captures the marginal
contribution of the feature subset S to the model’s prediction.

In this study, v(S) is defined using conditional expectations: for a given instance x, the
contribution of the feature subset S is computed as the difference in the model’s expected
output with and without S:

v(S) = EX§ [f(xS/ X§)] — foaseline

where Xz denotes the complementary set of features notin S, and fpaseline is the baseline
output (e.g., global average prediction). This formulation allows a faithful measurement of
incremental feature contributions, ensuring interpretability and comparability [58].
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Given the exponential growth of feature subsets, we leverage the Tree SHAP frame-
work to efficiently approximate v(S) values. To reduce computational complexity, only
subsets with significant contributions are sampled. We also employ modern linear pro-
gramming solvers (e.g., Gurobi, CPLEX) with parallel computing capabilities to accelerate
the solution process in large-scale feature spaces [59].

3.4. Hybrid Attribution via Weighted Fusion

To unify the advantages of both Shapley and Least Core methods, we propose a
weighted fusion mechanism. The final attribution for each feature is computed as a convex
combination of the Shapley value ¢; and the Least Core value ¢;, formulated as

Yi = Agi+ (1= 1) §;

where A € [0,1] is a hyperparameter that balances the influence of fairness versus robust-
ness. A larger A favors Shapley fairness, while a smaller A emphasizes stability. In our
experiments, we use A = 0.85 to assign an equal weight to both sources of attribution. This
hybrid attribution framework not only preserves the axiomatic foundation of the Shapley
value but also inherits the Least Core’s resilience to perturbations and noise.

After computing the fused attribution scores, we conduct a comprehensive evaluation
across multiple test samples. We generate visualizations to compare the model’s predicted
values against actual targets and plot the total attribution scores under Shapley, Least Core,
and fused methods. These comparisons allow us to assess the consistency, stability, and
interpretive alignment of each method. Additionally, we calculate quantitative metrics
such as the attribution variance and mean absolute deviation to validate the effectiveness
of the Least Core in stabilizing explanation outputs and the hybrid method’s potential for
cross-sample consistency.

This final hybrid explanation integrates both global fairness by using Shapley and
worst-case robustness based on the Least Core. The weighting parameter can be flexibly
tuned to meet the needs of different application contexts, enabling a dynamic balance
between interpretability, stability, and fairness in high-stakes real estate decision-making.

4. Case Study: 2024 Urban Rental Housing Data from
Beike/Lianjia Platform

4.1. Background

To evaluate the applicability and robustness of the proposed Shapley—Least Core
hybrid explainability framework in real-world scenarios, this study conducts a case analysis
based on 2024 rental housing data collected from the Beike/Lianjia platform, covering
major Beijing districts. Urban rental prices are influenced not only by physical housing
attributes but also by access to transportation, education, healthcare, and commercial
resources. Applying explainable prediction models to real rental data provides valuable
insights for market supervision, policy design, and platform optimization.

4.2. Data Source and Feature Description

The dataset used in this study was curated by the ZL Data Network and is based on
rental listings publicly available on Beike (Lianjia) during the year 2024. The dataset covers
all districts of Beijing, including Chaoyang District, Haidian District, Dongcheng District,
Xicheng District, Fengtai District, Shijingshan District, Tongzhou District, Changping
District, Daxing District, Shunyi District, Mentougou District, Fangshan District, Pinggu
District, Huairou District, Miyun District, and Yanqing District. The data is provided in an
Excel format and includes main structured fields. These fields capture various aspects of
each listing, such as the housing type, total area, floor level, orientation, heating type, and
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elevator availability. It also contains transaction-related features, such as the rental term,
payment method, deposit, service fee, and intermediary fee. To support the spatial analysis,
the dataset includes both Baidu and WGS84 coordinate systems for the geographic location.
Additionally, some records contain textual descriptions of nearby amenities and image
URLs, which may be useful for future multimodal learning applications.

Table 1 presents descriptive statistics for 10 key numerical features: the area, elevator,
rent price, agency fee, and other housing information. This summary helps to understand
the overall distribution, central tendency, and variability of the primary variables used in
the modeling.

Table 1. Summary statistics of key numerical variables (n = 53,343).

Variable Count Mean Std Min 25% 50% 75% Max
Area/m? 53,343 82.1 66.7 5.1 51.0 70.2 95.5 5600.0
Elevator 53,343 0.6 0.5 0.0 0.0 1.0 1.0 1.0
Deposit (RMB) 53,343 7362.5 9467.4 0.0 3800 5500 7654 450,000
Agency_fee (RMB) 53,343 5782.7 9982.7 0.0 0.0 4500.0 7000.0 450,000.0
longitude 53,891 116.4 0.1 116.0 116.3 116.4 116.5 117.3
latitude 53,891 39.9 0.1 39.5 39.9 39.9 40.0 40.7
Supporting_facilities 53,891 0.8 0.4 0.0 1.0 1.0 1.0 1.0
Current_floor 53,312 13.8 8.0 1.0 6.0 13.0 20.0 57.0
Total_floor_level 44,619 2.0 0.8 1.0 1.0 2.0 3.0 3.0
East 53,891 0.2 0.4 0.0 0.0 0.0 0.0 1.0
South 53,891 0.7 0.4 0.0 0.0 1.0 1.0 1.0
West 53,891 0.2 0.4 0.0 0.0 0.0 0.0 1.0
North 53,891 0.5 0.5 0.0 0.0 0.0 1.0 1.0
Rent 53,891 7303.1 9441.6 250.0 3800.0 5500.0 7600.0 450,000.0

Table 2 provides district-level rental statistics for all districts in the dataset. For
each district, it reports the number of listings, mean rent, standard deviation, minimum,
25th percentile, median, 75th percentile, and maximum rent. These figures help illustrate
the significant variation in rental prices across different urban areas and offer insight into
spatial rental patterns.

Figure 1 illustrates the distribution of monthly rental prices across major adminis-
trative districts in Beijing using a violin plot. The vertical spread of each distribution
captures the variation in rental prices, while the width reflects the density of observations
at different value ranges. Among the observed regions, Chaoyang District exhibits the most
pronounced variability, with numerous high-end rental listings exceeding RMB 400,000 per
month, indicating a strong presence of luxury and premium housing. Similarly, Haidian,
Dongcheng, and Xicheng Districts also show relatively high median rents and a wide
interquartile range, suggesting active markets with a mix of high-value properties.
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Table 2. District-wise rent statistics.

District Count Mean Std_Dev Min Q1 Median Q3 Max
Changping_District 3728 5509 4459 350 3464 4800 6300 75,000
Chaoyang_District 15,336 9004 13,222 550 5000 6430 9000 450,000
Daxing_District 4042 5864 5516 1200 3600 4422 6300 125,000
Dongcheng_District 1994 8533 6726 1300 5500 6855 9000 80,000
Fangshan_District 1954 3596 2060 480 2536 3200 4000 30,000
Fengtai_District 5351 6349 5774 900 4300 5350 6800 130,000
Haidian_District 6757 9456 10,120 1400 5500 7000 9500 200,000
Huairou_District 624 3269 3497 950 2200 2500 3100 50,000
Mentougou_District 895 4087 2837 550 2800 3400 4400 33,000
Miyun_District 515 2547 2481 580 1600 1900 2450 23,000

Pinggu_District 4 2725 842 1700 2300 2750 3175 3700
Shijingshan_District 1892 5625 3663 400 4100 4900 6000 80,000
Shunyi_District 3413 6574 10,410 830 2800 3600 5100 198,000
Tongzhou_District 4494 4691 3518 250 3200 4000 5000 85,000
Xicheng_District 2884 9753 9698 900 5700 7200 9591 150,000

Yanqing District 8 2700 2960 500 1650 1800 2100 9900

Monthly rent distribution by district

400,000

300:000

200,000

Monthly rent (RMB

100,000

.
X%

b 8

District

Figure 1. Distribution of monthly rent across major Beijing districts.

In contrast, peripheral districts such as Yanqing, Pinggu, and Mentougou display
more concentrated and lower-value distributions, reflecting more affordable and uniform
rental structures. The spatial heterogeneity observed across districts underscores the impor-
tance of incorporating location-specific features into the predictive modeling framework.
Furthermore, the presence of heavy-tailed distributions in core urban districts suggests
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that extreme rental values may exert substantial influence on learning algorithms and
attribution mechanisms

4.3. Experimental Workflow

The workflow encompasses the stages of data preparation, model training, attribution
calculation, robustness analysis, and evaluation through both quantitative metrics and
visual analytics. As illustrated in Figure 2, the pipeline begins with structured data pre-
processing, which involves removing incomplete records, imputing missing values using
domain knowledge or statistical methods, and standardizing numerical features to enhance
model stability and comparability.

Step 1
Data collection and preprocessing
(Cleaning, Imputation, Standardization)

1

Step 2
Model training
(XGBoost, Hyperparameter tuning)

/\

<5haPE'V“'“~°- (@ * Qeast eorell—4 )>

Step 3
Attribution Caculation

!

Step 4
Results visualization and analysis

Figure 2. Workflow of the hybrid attribution framework integrating Shapley value and Least Core.

Following data preprocessing, the dataset is split into training and testing subsets
using a random 80-20% division strategy, ensuring that both sets retain a representative
distribution of rental housing features. An XGBoost regression model is then trained on the
training subset to capture the nonlinear relationships between property attributes and rental
prices. A grid search combined with cross-validation is employed for hyperparameter
tuning, yielding a robust and generalizable model.

After training, feature attribution is performed through two parallel paths. On
one hand, the SHAP TreeExplainer is applied to compute Shapley values, which reflect
each feature’s average marginal contribution across all possible coalitions. On the other
hand, a Least Core attribution mechanism is formulated as a linear programming problem,
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wherein feature subset values are estimated through systematic perturbations, and the
resultant predictions are evaluated. This linear program aims to minimize the maximum
dissatisfaction among coalitions and is solved using the cvxpy optimization package.

The outputs from the Shapley and Least Core methods are then merged using a
weighted fusion strategy controlled by a tunable hyperparameter A. In this study, A = 0.85 is
chosen to prioritize global fairness while still incorporating the robustness advantages of
the Least Core method.

To assess the interpretability and robustness of the resulting attributions, we conduct
a series of sensitivity experiments under various perturbation settings, including random
noise, adversarial alterations, and partial feature masking. Stability is quantified through
statistical measures such as the attribution variance, mean absolute deviation (MAD), and
Pearson correlation coefficients between original and perturbed attributions.

Finally, a series of visual analyses are conducted to illustrate the comparative behavior
of the Shapley, Least Core, and fused attribution results across different test samples.
These include the prediction versus actual plots, feature importance visualizations, and
attribution stability profiles—all contributing to a comprehensive evaluation of the hybrid
framework’s effectiveness.

4.4. Results and Visualization

Figure 3 displays the Pearson correlation matrix among key variables in the rental
housing dataset, offering a statistical view of the linear relationships between structural
features, spatial indicators, and rental prices. The color gradient represents the magnitude
and direction of the correlation—red indicating stronger positive relationships, while blue
denotes weak or negative associations.

Among all features, Area/m? exhibits the strongest positive correlation with rent, with
a coefficient of 0.70. This indicates that larger housing units are consistently associated
with higher rental prices. The strength of this linear relationship confirms the central
role of the area in driving rent values, echoing previous findings from SHAP and Least
Core attributions where area consistently ranked as the most influential factor. This result
aligns with common economic logic in urban housing markets, where space is a primary
determinant of price.

The variable Chaoyang_District also shows a significant positive correlation with
rent, 0.11, making it the most strongly associated district-level feature. This is expected,
as Chaoyang is one of the most commercially developed and desirable residential areas
in Beijing. Its elevated influence reflects the locational premium embedded in the rental
market. Other districts such as Haidian and Dongcheng demonstrate moderate positive
correlations, but all fall below the level observed for Chaoyang.

Most district indicators show very low pairwise correlations with each other, sug-
gesting that their inclusion as independent binary variables is statistically appropriate.
While the Pearson correlation captures only linear dependencies and cannot detect higher-
order interactions, it reinforces the importance of the area and the Chaoyang location as
fundamental predictors of rental value.

Figure 4 illustrates a pair plot depicting the bivariate relationships among key housing
attributes and monthly rental prices. This visualization enables a comprehensive under-
standing of the interactions and distributional patterns across features, which is essential
for both the predictive modeling and interpretability analysis. A strong positive association
is evident between the property area and rent, indicating that larger units tend to command
higher rental prices—a finding consistent with market expectations and economic rationale.
The relationship between the current floor level and rent demonstrates a nonlinear trend,
where units located on middle floors generally exhibit higher rental values compared to
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Figure 3. Correlation matrix of rental attributes and district indicators.

Binary features such as elevator availability and supporting facilities display vertical
clustering due to their discrete nature, yet their presence is clearly associated with elevated
rent levels. This suggests that these amenities carry a positive price premium and are
perceived as value-added features by tenants. In contrast, the total floor level and a north-
facing orientation show weaker and less consistent associations with rent, implying that
these characteristics may exert more context-dependent or indirect effects, potentially
moderated by other factors such as the location, building age, or overall design.

Additionally, the plot highlights notable heterogeneity in feature distributions. Vari-
ables such as the area and rent exhibit positively skewed, long-tailed distributions, while
binary variables are clustered at distinct values. These distributional patterns underline
the complexity of rental datasets, where mixed data types and nonlinear interactions are
prevalent. Consequently, they reinforce the necessity for robust machine learning models
capable of handling such data structures and for attribution methods that can accommodate
inter-feature dependencies and nonlinear behavior.
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Figure 5 presents a SHAP summary plot that captures the marginal contributions of
the most influential features in the rental price prediction model. Each dot represents a
SHAP value corresponding to a single prediction instance, while the color gradient reflects
the original feature value (with blue indicating low values and red indicating high values).
The horizontal axis reflects the direction and magnitude of each feature’s impact: dots
further to the right indicate a positive effect on the predicted rent, while those to the left
suggest a negative effect.
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Figure 4. Pairwise relationships between key rental features across districts.
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Figure 5. SHAP value plot of feature impacts on rental price prediction.

Among all features, Area/ m? stands out as the most dominant, showing the widest
distribution of SHAP values and a concentration of red points on the right side of the axis.
This indicates that larger property sizes substantially increase the predicted rental price,
which aligns with the conventional market understanding. Several district indicators—such
as Chaoyang District, Haidian District, Xicheng District, and Dongcheng District—also exert
significant influence. High values (i.e., listings located in these districts) are consistently
associated with higher model outputs, reflecting the higher rental demand and property
valuation in central Beijing. Features such as the current floor and elevator also exhibit
a consistent positive contribution, though with a more moderate impact. Notably, the
presence of an elevator correlates with higher predicted rents, underscoring its value in
tenant preferences.

Figure 6 complements this by depicting the mean absolute SHAP value for each
feature, which quantifies its average contribution to the model output across all samples.
The results confirm that Area/m? is by far the most important feature, with an average
contribution exceeding 3200—significantly more than any other variable. District-level
features follow in importance, with Chaoyang District leading the group. Features such as
the current floor and elevator also demonstrate a notable influence, exceeding the combined
contribution of the remaining sixteen features.

Together, these two plots offer a comprehensive view of feature importance: Figure 3
reveals local variation and directional trends, while Figure 4 provides a global ranking of
explanatory power. The consistency of results across both plots validates the reliability
of the SHAP framework and demonstrates that the model captures key domain-relevant
factors. In particular, the dominant roles of the property size and location reaffirm their
status as the primary determinants of rent pricing in urban housing markets.

Figure 7 compares feature attributions generated by Shapley values (blue), Least
Core allocations (orange), and the fused attribution method (green) for a selected test
instance representing an edge case. This figure illustrates the distinct behaviors of the
three attribution methods—Shapley, the Least Core, and the fused approach—in explaining
local predictions, particularly under atypical or distributionally shifted input scenarios.
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Figure 6. Mean SHAP values indicating overall feature importance in rental price prediction.
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Figure 7. Top 5 feature attributions for a single test using Shapley, Least Core, and fused methods.

A particularly notable observation arises in the attribution for the feature Area/m?.
In this sample, the Shapley value assigns a large negative contribution to area, suggesting
that larger units are associated with a lower predicted rent. This interpretation is clearly
inconsistent with domain knowledge and empirical patterns observed throughout the
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dataset, where the property size is widely recognized as a key positive driver of rental price.
The deviation reveals a critical shortcoming of the Shapley approach—its averaging nature
can produce unstable or even misleading attributions under certain sample conditions,
particularly when interactions or coalitions in the feature space behave irregularly.

In contrast, the Least Core method assigns a strong positive attribution to the area, in
line with market expectations and global feature rankings. This reinforces the robustness
of the Least Core approach, which seeks to minimize the dissatisfaction of the worst-
performing feature subsets. By formulating the attribution as a stability-focused optimiza-
tion problem, the Least Core offers explanations that remain consistent and contextually
valid even under adversarial or extreme data configurations.

Other features such as the current floor, Chaoyang District, and Haidian District
also display attribution differences across methods. While Shapley occasionally under-
or overestimates their contributions, the fused method provides a more balanced view—
integrating the fairness properties of Shapley with the robustness guarantees of the Least
Core framework. For example, on the Chaoyang District feature, the fused attribution
closely mirrors that of the Least Core, reflecting its ability to preserve reliable explanatory
signals in high-impact urban locations.

Overall, this case highlights a fundamental limitation of Shapley values in localized
explanations: under certain inputs, their reliance on marginal averaging can obscure the
true feature importance. The Least Core, by emphasizing worst-case fairness, offers a more
resilient alternative. The fused approach demonstrates that combining both perspectives
can achieve more stable, interpretable, and trustworthy explanations—especially in high-
stakes prediction settings such as real estate pricing.

Figure 8 provides a comprehensive overview of how each explanation method behaves
across a broad set of instances, highlighting consistency, variance, and reliability.

Comparison of Shapley, Least Core, and Fused Attributions
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Figure 8. Total attribution scores across 100 test samples using Shapley values, Least Core allocations,
and the fused method (A = 0.85).

The Shapley attribution curve exhibits significant volatility, with attribution scores
fluctuating frequently between positive and negative values. In several cases, the total
attribution score drops to markedly negative levels. Such instability suggests that Shapley
values are highly sensitive to local feature interactions and input perturbations, making
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them less reliable when explanations need to be robust across diverse cases. In practical
settings—particularly in high-stakes applications like real estate valuation—this lack of
consistency may undermine user trust in model outputs.

In contrast, the Least Core method demonstrates a much more stable pattern. The
orange curve remains consistently positive across nearly all samples, with smoother transi-
tions and moderate variation. This behavior reflects the core advantage of the Least Core
approach: by minimizing the maximum dissatisfaction across all possible feature subsets, it
provides robust and worst-case-aware attributions. Even in cases where attribution spikes
occur—such as around sample indices 20, 60, and 75—the Least Core method maintains
coherent and reliable explanations that align with general expectations.

The fused method, shown in green, offers an intermediate solution. While it inherits
some fluctuation from its Shapley component, it also benefits from the stabilizing effect of
the Least Core, resulting in improved consistency overall. The hybrid curve demonstrates
that a well-tuned fusion can preserve fairness and average-case interpretability while
significantly enhancing stability.

5. Conclusions

This study proposed a novel hybrid explainability framework that integrates the
Shapley value and Least Core attribution to address the dual challenges of fairness
and robustness in real estate price prediction. By leveraging the global fairness prop-
erties of Shapley values and the worst-case resilience of Least Core allocations, the pro-
posed approach offers a balanced solution to the interpretability gap in complex machine
learning models.

Empirical results based on large-scale 2024 rental data from Beijing demonstrate that
while Shapley-based attributions are effective in identifying globally important features,
such as the property area and district location, they are prone to instability under data
perturbations or edge-case inputs. In contrast, the Least Core approach provides more stable
and contextually consistent explanations by minimizing the dissatisfaction of the most
disadvantaged feature subsets. When integrated through a weighted fusion mechanism, the
resulting hybrid attributions exhibit improved consistency, interpretability, and robustness
across diverse scenarios.

Visualizations and quantitative metrics—including the attribution variance and mean
absolute deviation—consistently show that the fused method mitigates the volatility of
pure Shapley attributions while preserving key explanatory patterns aligned with market
logic. Notably, in case-specific analyses, the hybrid model successfully corrected misleading
attributions observed in the Shapley outputs, reinforcing its value in high-stakes decision-
making environments such as real estate valuation and policy planning.

In sum, the Shapley-Least Core hybrid attribution framework advances the state of ex-
plainable Al by offering a practical and theoretically grounded method that is both fair and
robust. It holds significant potential for enhancing trust, transparency, and accountability
in Al-powered applications across the real estate sector and beyond.

6. Discussion

This study demonstrates that integrating the Shapley value and Least Core attribution
provides a practical solution for achieving both fairness and robustness in rental price
interpretations. However, several limitations and directions for future research remain.

First, the framework was tested on structured data from a single city. Its generaliz-
ability across different cities or countries with varying market structures should be further
explored. Second, the fixed linear weighting between Shapley and the Least Core may
not suit all cases. Adaptive or data-driven weighting strategies could enhance flexibility
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and responsiveness to the context. Third, while the current model focuses on local feature
attribution, many stakeholders require broader insights such as global importance, coun-
terfactuals, or scenario analysis. Integrating the method into richer interpretability tools
would improve its practical value. Finally, computational efficiency remains a challenge,
especially for high-dimensional data. More efficient solvers or approximation methods
could help scale the approach.

In summary, the hybrid model offers a promising step toward more reliable and
interpretable Al in real estate, with potential for broader applications in other high-
stakes domains.
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