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Abstract

Rapid urbanization, increasing demand variability, and digitalisation of urban infrastruc-
ture require intelligent decision-support systems that can improve sustainability, resilience,
and operational efficiency in smart city operations. Artificial intelligence (Al) and data-
driven optimization offer strong potential for adaptive urban services, including dynamic
pricing, demand response, resource allocation, and energy-aware management. However,
many reinforcement learning applications still focus mainly on short-term performance
while giving limited attention to transparency, fairness, stability, and accountability. This
study proposes a trustworthy reinforcement learning framework for Al-driven urban
decision-making, using sustainable dynamic pricing and resource optimization as mech-
anisms for adaptive and responsible decision-making. A custom reinforcement learning
environment was developed using historical e-commerce transactional data as a method-
ological proxy to simulate interactions among demand, resource or inventory availability,
service categories, price elasticity, and changing market conditions. Three reinforcement
learning algorithms, namely Deep Q-Network, Proximal Policy Optimization, and Advan-
tage Actor—Critic, were evaluated under comparable experimental conditions. Performance
was assessed using profitability, decision stability, fairness-oriented pricing behavior, de-
cision consistency, and interpretability. To improve transparency, trajectory-based policy
audits and SHapley Additive exPlanations were applied to identify the main factors in-
fluencing pricing decisions. The results show that the Deep Q-Network agent achieved
the most balanced performance, increasing total profit by 12.58% while recording no un-
ethical price increases under low-demand conditions. Explainability analysis showed that
stock or resource levels, demand shifts, and price elasticity were the strongest positive
drivers of pricing actions, whereas inventory hoarding and unfavorable price increases
reduced decision quality. The findings indicate that reinforcement learning can support
sustainable and resilient urban decision-making when optimization objectives are com-
bined with trustworthy Al principles. The proposed framework provides a practical basis
for accountable Al-based decision-support systems in smart city operations, including
demand-responsive services, resource optimization, sustainable dynamic pricing, and
energy-aware management.

Keywords: trustworthy artificial intelligence; reinforcement learning; Al-driven urban
decision-making; smart city operations; sustainable dynamic pricing; resource optimization;
energy management; explainable Al; SHAP; demand response
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1. Introduction

Rapid urbanization, increasing pressure on infrastructure, climate-related challenges,
and continuously changing demand patterns are forcing cities to adopt more adaptive and
intelligent operational systems. Modern cities increasingly rely on artificial intelligence,
Internet of Things (IoT) infrastructure, and data-driven optimization. these technologies
can improve sustainability, resilience, and efficiency in transportation, energy management,
logistics, and resource allocation. As smart city ecosystems become increasingly intercon-
nected and dynamic, traditional static optimization approaches are often unable to respond
efficiently to evolving operational conditions.

Among various Al methods, reinforcement learning (RL) has attracted growing at-
tention due to its ability to learn sequential decision-making policies through continuous
interaction with the environment. Unlike rule-based or purely predictive systems, RL
agents dynamically adapt their behavior according to environmental feedback and long-
term reward optimization. This makes reinforcement learning particularly suitable for
complex urban operations characterized by uncertainty, non-stationary demand, and re-
source constraints. Recent studies have demonstrated successful RL applications in areas
such as dynamic pricing, smart mobility systems, energy demand-response optimization,
ride-sharing coordination, and electric vehicle charging management.

Despite these advantages, the deployment of reinforcement learning systems in real-
world operational environments remains associated with important trustworthiness chal-
lenges. Many RL-based optimization systems prioritize short-term reward maximization
while paying limited attention to transparency, explainability, fairness, stability, and ac-
countability. In urban systems, such limitations may lead to socially undesirable outcomes,
including unfair pricing behavior, unstable resource allocation, and opaque automated
decision-making processes that reduce public trust and complicate regulatory oversight.

Consequently, the concept of trustworthy Al has become increasingly important in
Al-driven operational systems. Trustworthy Al extends beyond predictive performance
and incorporates principles such as explainability, fairness, robustness, accountability,
and transparency. These principles are particularly relevant in smart city environments
because automated decisions may directly affect citizens, public services, infrastructure
utilization, and operational sustainability. Ensuring that reinforcement learning systems
remain interpretable, stable, and ethically aligned therefore represents a critical challenge
for future Al-driven urban operations.

Dynamic pricing represents a suitable domain for evaluating trustworthy reinforce-
ment learning behavior because it requires continuous adaptation to changing demand
conditions while simultaneously balancing operational efficiency and socially acceptable
decision-making. Although dynamic pricing has traditionally been associated with e-
commerce and revenue optimization, similar sequential decision-making structures in-
creasingly appear in smart city operations, including adaptive transportation pricing,
congestion management, district energy balancing, electric vehicle charging coordination,
and demand-responsive urban services.

The existing literature demonstrates strong optimization capabilities of RL-based
pricing systems; however, most studies primarily focus on profitability and revenue maxi-
mization. Comparatively limited attention has been given to explainability mechanisms,
fairness-oriented evaluation, policy stability, and ethical operational behavior. Further-
more, relatively few studies combine reinforcement learning optimization with explain-
ability techniques and trustworthiness-oriented evaluation in dynamic decision-making
environments.

Therefore, this study proposes a trustworthy reinforcement learning framework for Al-
driven urban decision-making using sustainable dynamic pricing and resource optimization
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as representative operational mechanisms. A custom RL environment was developed
using historical operational and demand-related data to simulate interactions among
demand fluctuations, resource availability, elasticity, and dynamic pricing decisions. Three
reinforcement learning architectures, namely Deep Q-Network (DQN), Proximal Policy
Optimization (PPO), and Advantage Actor—Critic (A2C), were evaluated under identical
experimental conditions.

Unlike conventional RL studies, the proposed framework evaluates not only optimiza-
tion performance but also fairness, explainability, policy stability, and decision trajectories.
Additional transparency was achieved through SHapley Additive exPlanations (SHAP),
policy interpretation analysis, and temporal cross-validation. The framework was designed
not only to maximize operational efficiency but also to encourage stable, interpretable, and
ethically aligned decision-making behavior.

The results demonstrate that reinforcement learning can improve operational per-
formance while simultaneously maintaining important trustworthy Al properties. The
proposed framework achieved a 12.58% increase in cumulative operational profit while
avoiding unethical low-demand price increases and maintaining stable adaptive behavior
across varying operational conditions. These findings suggest that reinforcement learning
can provide a practical foundation for accountable Al-driven decision-support systems in
sustainable smart city operations.

The main contributions of this study are threefold. First, the study proposes a rein-
forcement learning-based dynamic pricing framework that integrates operational efficiency
with trustworthiness-oriented constraints. Second, it evaluates DQN, PPO, and A2C not
only through profitability and reward-based metrics but also through behavioral stability,
fairness-oriented pricing behavior, and explainability. Third, it demonstrates how trajectory
auditing, SHAP analysis, policy interpretation techniques, and temporal cross-validation
can be combined to assess whether RL-based decision systems are suitable for responsible
deployment in adaptive urban operations.

2. Literature Review
2.1. Why Trustworthy Al Matters?

Artificial Intelligence (Al) refers to computational systems capable of performing tasks
traditionally associated with human intelligence, including learning, decision-making,
and problem-solving [1,2]. The rapid advancement of Al technologies has been driven
by improvements in computational power, large-scale data availability, and increasingly
sophisticated machine learning algorithms [3]. As Al systems become more deeply inte-
grated into operational processes and automated decision-making, concerns regarding
transparency, fairness, accountability, and reliability have intensified. Consequently, the
concept of trustworthy Al has gained increasing importance in both academic research and
practical applications [4].

Trustworthy Al extends beyond predictive performance and incorporates principles
such as explainability, transparency, accountability, fairness, robustness, safety, and data
governance [4]. These principles are particularly important in high-impact operational en-
vironments, where opaque or biased Al decisions may produce significant economic, social,
or ethical consequences. Recent trustworthy Al frameworks emphasize that transparency
and explainability should be accompanied by human oversight, technical robustness,
fairness assessment, and appropriate governance mechanisms [4]. In Al-driven control
systems, explainability is also increasingly considered an important design requirement
that can improve transparency, accountability, and human understanding of automated
decision-making [5]. At the same time, algorithmic bias remains a major concern, as Al
models trained on incomplete, unbalanced, or historically biased data may reproduce
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discriminatory or unfair outcomes [6]. Furthermore, trustworthy Al depends on reliable
and appropriately governed data, as data quality and data governance directly affect the
reliability and accountability of Al-supported decisions [4].

The importance of trustworthy Al becomes even more pronounced in reinforcement
learning (RL) environments due to the adaptive and sequential nature of RL decision-
making. Unlike traditional supervised learning approaches, RL agents continuously in-
teract with dynamic environments and optimize actions through long-term reward maxi-
mization. Although this adaptive capability enables efficient optimization under changing
conditions, it may also produce unstable, economically irrational, or ethically problematic
behaviors if appropriate constraints and evaluation mechanisms are not incorporated into
the learning process. Such risks are particularly relevant in RL-based recommendation
systems, dynamic pricing applications, and autonomous operational systems, where auto-
mated decisions directly influence user behavior, resource allocation, and public trust [6].

Recent research increasingly treats explainability and fairness as integral components
of trustworthy Al rather than as secondary evaluation criteria. Explainable-by-design
approaches in deep reinforcement learning demonstrate that transparency mechanisms can
be incorporated directly into Al-driven control architectures, while fairness-constrained RL
pricing studies show that revenue optimization can be combined with explicit restrictions
on discriminatory or temporally inconsistent pricing [5,7]. Consequently, trustworthy
reinforcement learning should be viewed not only as a technical optimization problem but
also as a governance and sustainability challenge requiring a balance between performance,
fairness, transparency, and accountability.

Table 1 summarizes the main dimensions commonly associated with trustworthy Al
frameworks and their relevance for adaptive Al-driven operational systems.

Table 1. Main dimensions of trustworthy Al frameworks and their relevance for adaptive Al-driven
operational systems.

Dimension Definition Key Requirements

The foundational integrity of ~ Reliability, completeness, and

Dat lit . . . ; itori
ata Quality input information. continuous monitoring.

The resilience of the Al agent Robustness in dynamic

Safety . . environments and
in operational contexts. . .
fail-safe mechanisms.
. e The pursuit of algorithmic Identifying, measuring, and
Bias Mitigation fairness and equity. reducing socio-technical biases.

. The governance structure of ~ Assigning responsibility and
Accountability the Al system. ensuring auditability of decisions.
Transparenc The traceability of the Openness regarding system design,

P y system’s internal logic. data provenance, and logic.
T The interpretability of model Human-understandable rationale
Explainability

outputs for humans. for specific model behaviors.

2.2. Reinforcement Learning in Dynamic Pricing Systems

Dynamic pricing has become an increasingly important strategy in modern operational
and commercial environments due to rapidly changing market conditions, fluctuating de-
mand, and growing competition within digital ecosystems. Traditional pricing approaches
are commonly based on predefined pricing rules, historical demand patterns, inventory-
level adjustments, or competitor pricing analysis. Although such approaches remain widely
used in practice, they often demonstrate limited adaptability and reduced responsiveness
under highly dynamic and uncertain market conditions.
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In contrast, reinforcement learning methods continuously interact with the environ-
ment and adapt pricing decisions according to changing operational conditions. By utilizing
historical and dynamically updated environmental information, RL models can optimize
long-term pricing and inventory decisions through iterative learning processes [8]. Such
approaches improve pricing responsiveness while enabling more adaptive and context-
aware pricing mechanisms based on consumer behavior, demand fluctuations, and opera-
tional constraints.

Recent studies demonstrate that reinforcement learning algorithms can significantly
improve pricing optimization performance across multiple domains. RL-based pricing
and resource scheduling have been investigated in energy systems [9], data-oriented
markets [10], electric vehicle charging [11], airline revenue management [12], ride-sharing
services [13], and perishable-product pricing and inventory management [8]. More recent
studies have extended this direction toward fairness-constrained dynamic pricing, where
deep reinforcement learning is used to optimize hotel pricing while explicitly imposing
group and temporal fairness constraints [7]. Deep reinforcement learning (DRL)-based
dynamic pricing has also been applied to multi-modal delivery systems, where pricing
decisions influence customer choices and support the allocation of transportation resources
across available delivery modes [14].

Recent MDPI studies further support the relevance of reinforcement learning and
dynamic pricing in demand-responsive energy and smart-grid environments. Ismail and
Baysal [15] developed an actor—critic reinforcement learning approach for dynamic pricing
based on demand response in energy management, while Salazar et al. [16] proposed
a reinforcement-learning-based pricing and incentive strategy for smart-grid demand
response. Complementary work on incentive-based dynamic pricing from the customer
perspective also demonstrates how real-time price signals and dynamic incentives can
support load management in smart-grid systems [17].

However, despite the strong optimization capabilities demonstrated by RL systems,
most existing studies primarily focus on profitability and revenue maximization. Compara-
tively limited attention has been given to explainability, fairness evaluation, transparency,
policy stability, and ethical pricing behavior. As a result, important questions remain
regarding whether RL-based pricing systems can be deployed responsibly in operational
environments that directly affect users, infrastructure utilization, and public trust.

Therefore, integrating trustworthy Al principles into RL-based pricing systems rep-
resents an increasingly important research direction, particularly in adaptive urban and
resource-sensitive operational contexts.

Table 2 summarizes the recent studies on reinforcement learning applications in
dynamic pricing and related adaptive allocation systems.

Table 2. Summary of recent studies on reinforcement learning applications.

Authors

Domain Method Used Results

Watari et al. (2023) [9]

Power grid optimization DRL Grid load stability improved by 57%

Yavuz & Kaya (2024) [8]

Pricing accuracy improved to 95-96%,

Perishable good pricing DQL, SAC decision time reduced by 70-80%.

Enhanced municipal bond

Shen et al. (2024) [10] Bond market liquidity DQN market liquidity
Bae et al. (2024) [11] EV charging pricin QL Increased revenue through
' sNE P & personalized pricing
Zhuetal. (2024)[12]  Airline pricing PPO, TRPO Achieved 99% proximity to theoretical

maximum revenue
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Table 2. Cont.

Authors

Domain Method Used Results

Ride-hailing and Reduced pooling detour delay by

Bao et al. (2026) [13] ride-pooling DRL 36.1% aond total passenger waiting time
by 20.1%
Two-stage DRL Optimized pricing while satisfying
Wang et al. (2025) [7] Hotel dynamic pricing with fairness group and temporal
constraints fairness constraints

Zibaie et al. (2025) [14]

Dynamic pricing used to influence
DRL customer choices and support
transportation-resource allocation

Multi-modal
delivery pricing

2.3. Trustworthiness Challenges and Explainability in Reinforcement Learning

Despite the strong optimization capabilities of reinforcement learning (RL) algorithms
such as DQN, PPO, and TRPO, their practical deployment in adaptive operational environ-
ments remains associated with several trustworthiness challenges related to convergence
stability, scalability, explainability, and fairness. Unlike traditional predictive models,
RL agents continuously interact with dynamic environments and optimize sequential
decisions through long-term reward maximization. Although this adaptive behavior en-
ables efficient optimization under changing conditions, it may also produce unstable or
difficult-to-interpret decision patterns.

One major challenge involves convergence stability. Value-based algorithms such
as Q-learning and DQN may experience unstable convergence behavior when combined
with nonlinear function approximation methods, particularly deep neural networks [18].
In contrast, policy-gradient approaches such as PPO and TRPO generally demonstrate
more stable learning dynamics, while model-based methods may provide clearer conver-
gence guarantees. Furthermore, DQN-based systems are affected by correlated training
sequences and unstable Q-value updates, which can reduce learning reliability and deci-
sion consistency. To mitigate these issues, DON commonly incorporates experience replay
mechanisms and separate target Q-networks that stabilize the learning process.

Additional challenges emerge in stochastic and high-dimensional operational environ-
ments. Under uncertain demand conditions, inaccurate Q-value estimation may reduce
pricing quality and overall decision performance. Previous studies demonstrated that
improved DQL variations, including pDQL1 and pDQL2, achieved greater robustness
in stochastic environments through multi-demand modeling and average reward mech-
anisms [12]. Scalability also remains an important limitation, as deep RL models may
become computationally expensive in large action and state spaces. Research in airline pric-
ing optimization showed that DQN encountered memory utilization challenges, while PPO
and TRPO demonstrated more computationally efficient performance [12]. Learning effi-
ciency further affects practical applicability because convergence speed directly influences
operational usability and adaptation capability in real-time environments [12,13].

Beyond stability-related limitations, reinforcement learning systems are frequently
criticized for their “black-box” nature. In many decision-support settings, stakeholders
cannot easily determine why specific actions are selected or which variables drive the
learned policy. Recent research therefore increasingly considers explainability not only as a
post hoc diagnostic tool but also as an architectural component of trustworthy Al-driven
control systems. Explainable-by-design DRL approaches combining interpretable reasoning
mechanisms with learned policies illustrate how transparency, accountability, and human
understanding can be improved without abandoning adaptive control capabilities [5].
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Complementary approaches include state-action explanations, policy summarization,
trajectory auditing, and SHAP-based interpretation.

Fairness-related concerns are also becoming increasingly important in RL-based pric-
ing systems. Existing work on personalized electric vehicle charging has highlighted
the potential for pricing mechanisms to disadvantage particular users when individual
information is incorporated into price formation [11]. More recent fairness-constrained
DRL pricing research explicitly limits price differences across customer groups and across
time, demonstrating that fairness can be incorporated directly into the optimization prob-
lem rather than assessed only after deployment [7]. These developments reinforce the
need for RL pricing frameworks that evaluate profitability together with fairness, stability,
transparency, and accountability.

Overall, the existing literature suggests that ensuring trustworthiness in reinforcement
learning systems requires not only strong optimization performance but also method-
ological solutions that improve stability, explainability, fairness, robustness, and decision
consistency under uncertain operational conditions. These challenges highlight the need for
trustworthy RL frameworks capable of balancing adaptive optimization with transparent,
accountable, and ethically aligned decision-making.

2.4. Research Gap in Relation to RL Applications

Although previous studies demonstrate the strong optimization capabilities of rein-
forcement learning in dynamic pricing systems, existing research primarily focuses on
profitability and revenue maximization. Comparatively limited attention has been given
to how RL-based pricing systems can remain interpretable, stable, fair, and trustworthy
under dynamic operational conditions.

Furthermore, many existing studies evaluate RL performance mainly through finan-
cial metrics while overlooking broader trustworthiness-related considerations, including
decision consistency, explainability, robustness, and transparency. Recent studies have
begun to address individual trustworthiness dimensions, including fairness-constrained RL
pricing [7] and explainability-oriented DRL control architectures [5]. However, integrated
evaluation frameworks that simultaneously examine profitability, fairness-oriented pricing
behaviour, explainability, policy stability, and trajectory-level decision auditing remain
comparatively limited.

Therefore, this study addresses this gap by proposing a trustworthy reinforcement
learning framework for dynamic pricing and adaptive operational decision-making that
combines these dimensions within a unified evaluation framework. The proposed approach
evaluates RL agents not only in terms of profitability but also through explainability, be-
havioral stability, fairness-oriented evaluation, and transparent decision-making behavior.

At the broader smart-city level, governance-aware multi-objective reinforcement learn-
ing combined with digital-twin policy validation has recently been proposed as a promis-
ing direction for aligning Al-based urban decision-making with sustainability, equity,
safety, and public accountability objectives [19]. This further reinforces the need for RL
frameworks that evaluate optimization performance together with explainability, fairness,
stability, and auditability.

3. Methodology
3.1. Data Preparation and Environment Design

The effectiveness of reinforcement learning systems strongly depends on the quality,
consistency, and realism of the underlying data. Historical e-commerce transactional
data containing product prices, costs, quantities sold, product categories, and temporal
purchase information were extracted from multiple related sources and preprocessed to
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ensure consistency before model training. The dataset comprised 14,450 weekly aggregated
transactional records spanning the period from 2016 to 2023 across multiple product
categories. The data were sorted chronologically and aggregated into weekly records.
Inconsistent records were removed, while negative or invalid product cost values were
replaced with 90% of the corresponding product’s average price to avoid unrealistic reward
calculations and distorted optimization behaviour. Categorical variables were standardized
before encoding, and weekly aggregation was applied to reduce short-term fluctuations
while preserving temporal demand patterns for reinforcement learning.

Product categories were normalized into broader operational groups to reduce clas-
sification sparsity and improve training stability. To preserve temporal dynamics while
reducing short-term noise, the data were aggregated into weekly intervals grouped by
product category. Because historical observations were limited for long-horizon sequential
learning, additional temporal sequences were generated using a seasonal naive forecasting
approach that preserved recurring seasonal patterns and operational variability. Although
the dataset originated from e-commerce transactions, it was used as a methodological proxy
for adaptive operational environments because it captures temporal demand fluctuations,
resource constraints, and sequential pricing decisions that are also characteristic of many
smart city applications. Consequently, the proposed framework should be interpreted as a
transferable methodological approach rather than a domain-specific smart city implemen-
tation. Validation using real urban operational datasets remains an important direction for
future research.

The base-demand variable was obtained from the preprocessed weekly category-level
dataset and represents the historical reference demand for each product category and time
period. It was derived from the observed transactional demand and sales patterns retained
during weekly data aggregation.

Elasticity coefficients were assigned according to category-specific purchasing behav-
ior and domain-informed operational assumptions. Essential product categories were asso-
ciated with lower elasticity sensitivity, whereas non-essential or luxury-oriented categories
were assigned higher elasticity values. Although simplified and not empirically calibrated
using historical transaction data, these category-specific elasticity coefficients, derived from
practical domain expertise, enabled the environment to simulate adaptive demand-response
behaviour while providing a realistic approximation of customer price sensitivity.

The elasticity coefficients should therefore be interpreted as category-informed simu-
lation parameters rather than econometrically estimated demand elasticities. This design
choice allowed the environment to represent heterogeneous price sensitivity across product
groups while keeping the simulation tractable. However, future work should estimate
elasticity values directly from historical transaction data and examine the sensitivity of
learned policies to alternative elasticity assumptions.

Consumer demand was modeled by adapting a normalized constant-elasticity price-
response function, consistent with smart-pricing and demand-responsive decision frame-
works in which pricing decisions are adapted to demand, infrastructure, and operational
conditions [20]:

by

7EC~BQ
D; = Dy- <Po> , a; ~ U(0.95,1.05), (1)

where Dy denotes the historical reference demand, P; is the adjusted price, P is the ref-
erence price, E is the category-specific price-elasticity coefficient for category c, and «; is
a stochastic elasticity-response strength multiplier. The stochastic multiplier a;, sampled
from a uniform distribution between 0.95 and 1.05 at each decision step, introduces small
random variation in the elasticity response and the resulting demand.
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The reinforcement learning environment was developed using the OpenAl Gym-
nasium framework and operated on an episodic basis, where one episode represented
52 weekly operational periods. At each time step, the agent observed operational state vari-
ables including current product price, estimated demand, inventory level, elasticity-related
indicators, historical sales information, and category-level variables.

Categorical variables were encoded using One-Hot Encoding. The action space con-
sisted of nine discrete pricing actions, ranging from —20% to +20% in 5% increments,
allowing the agent to make gradual pricing adjustments while reducing excessive opera-
tional volatility and unstable pricing behavior.

3.2. Multi-Objective Reward Function

The proposed framework was formulated as a Markov Decision Process (MDP),
represented by the tuple (S, A, P, R, 7v), where S denotes the state space, A represents the
action space, P defines environment transitions, R is the reward function, and < denotes
the discount factor (for main notations used in RL environment, see Table 3 below).

Table 3. Main notation used in the reinforcement learning environment.

Symbol Meaning

D; Adjusted demand at time step ¢

Dy Historical reference demand

by Adjusted price at time step ¢

Py Reference price

E; Category-specific price elasticity coefficient
o Stochastic elasticity-response strength multiplier
S State space

A Action space

P Transition function

R Reward function

s Pricing policy

v Discount factor

Ry Total reward at time step ¢

IT; Operational profit at time step ¢

o Quantity sold at time step ¢

P Price at time step ¢

Ct Cost at time step ¢

Al Inventory accumulation penalty

It Inventory level at time step ¢

Ifef f Remaining inventory at time step ¢
Bo Sales-volume reward coefficient

Following recent RL formulations that evaluate policies through expected cumulative
reward [20,21], the optimization objective is defined as:

T

Z ’Yth

t=1

’ (2)

maxE,
s

where 7 denotes the pricing policy, T is the episode length (horizon), v is the discount factor,
and R; is the reward obtained at time step t. For the simple reward case, the reinforcement
learning problem could be considered withy = 1.

To support trustworthy and operationally stable decision-making, the reward structure
was designed as a multi-objective function that combines profitability, inventory efficiency,
pricing stability, and fairness-oriented behavioral constraints:
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left
Ry =TIl —Ar- Itgf + 50 - Qt + Bstock + Beonversion — Plowdemand — Phighprice + Buiscount + Afatigue + Belearances (3)

where I'ly = (P; — C¢)Q; represents operational profit, P; is the price, C; is the cost, and Q is
the quantity sold. Iief =L - represents remaining inventory, and A; defines the inven-
tory accumulation penalty. The term B,Q; represents an additional sales-volume reward,
where B is the sales-volume reward coefficient, which controls the strength of the incen-
tive assigned to quantity sold. Bg;,x rewards inventory efficiency, and By persion rewards
stock balancing behavior or high-conversion behavior. P,y gemang penalizes low-demand
or demand-drop conditions, whereas Py;gpprice penalizes undesirable pricing behavior un-
der unfavorable demand conditions. In addition, Bjjsqo,; rewards proactive discounting
strategies, while A ¢y;0,,, penalizes repetitive and unjustified price increases and Bejeqrance
rewards aggressive inventory clearance.

The reward function was designed to represent a constrained operational optimization
problem rather than a pure revenue-maximization task. Profit was retained as the primary
component, while additional reward and penalty terms were introduced to discourage in-
ventory accumulation, excessive price increases under weak demand, repeated unjustified
price increases, and economically inconsistent elasticity responses. This structure encour-
aged the agent to balance profitability with inventory turnover, demand responsiveness,
pricing stability, and fairness-oriented behavior.

The proposed reward structure encouraged balanced adaptation while discouraging
exploitative, unstable, or economically irrational pricing behavior. Unlike conventional
profit-oriented reward formulations, the proposed approach incorporated trustworthiness-
oriented reward components intended to improve policy stability, behavioral consistency,
and transparency in dynamic decision-making settings.

The reward-function coefficients, penalties, bonuses, and behavioural thresholds were
defined heuristically using domain knowledge and iterative experimentation during the
development of the simulation environment. Relative thresholds were introduced to
identify operationally undesirable conditions, including demand falling below 50% or 80%
of baseline demand, remaining inventory exceeding 30% of available stock, high conversion
rates above 70%, and repeated price increases across consecutive decision periods. These
parameters were selected to encourage economically reasonable pricing behaviour while
discouraging excessive inventory accumulation, low-demand price increases, and unstable
pricing actions. The reward parameters were not empirically optimized through automated
calibration and should therefore be interpreted as domain-informed design choices.

Because the reward terms jointly contribute to the cumulative reward, they operate as
complementary incentives and penalties that encourage balanced pricing behaviour rather
than optimizing a single objective. Their relative influence was determined heuristically
during environment development to promote stable learning, economically reasonable
pricing decisions, and fairness-oriented behaviour.

3.3. Reinforcement Learning Models and Evaluation Strategy

Three reinforcement learning architectures were evaluated in this study: Deep
Q-Network (DQN), Proximal Policy Optimization (PPO), and Advantage Actor—Critic
(A2C). All models were trained under identical experimental conditions using 350,000 train-
ing steps, a learning rate of 0.001, a discount factor of y = 0.8, and an MlpPolicy (multilayer
perceptron architecture). The multilayer perceptron policy was selected because the envi-
ronment primarily consisted of structured numerical and categorical operational variables.

Additional hyperparameter optimization was performed for the DQN model using a
structured manual parameter search consisting of 27 parameter combinations. The final
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selected configuration utilized a learning rate of 0.001, a discount factor of y = 0.8, an
exploration fraction of 0.15, and a final exploration rate of 0.01.

PPO and A2C were trained using the commonly adopted default hyperparameter
settings provided by the Stable-Baselines3 implementation, whereas a dedicated manual
hyperparameter search was performed only for the DQN model (for a classic DQN see [22])
because it was selected as the primary candidate for the proposed trustworthy reinforce-
ment learning framework. Consequently, the comparison among algorithms should be
interpreted as indicative rather than as a comparison of individually optimized implemen-
tations. Future work will include systematic hyperparameter optimization for all evaluated
algorithms to enable a more balanced comparative evaluation.

To improve transparency and evaluate decision-making behavior, the proposed frame-
work incorporated trajectory auditing, SHAP-based explainability analysis, pricing action
distribution analysis, inventory-demand balance evaluation, policy interpretation tech-
niques, and policy stability assessment. Additional analysis using Principal Component
Analysis (PCA) and K-means clustering was performed to explore behavioral similarities
and policy adaptation patterns across trained agents.

Finally, model robustness and generalization performance were evaluated using a 10-
fold cross-validation procedure with chronologically ordered data to assess stability under
varying temporal operational conditions. The dataset was first sorted chronologically and
partitioned into ten consecutive temporal folds of approximately equal size. For each fold,
the selected fold was used for testing, while the remaining folds were used for training. The
reinforcement learning model was retrained independently for each fold using identical
hyperparameter settings, and the average test reward across all folds was used to assess
model stability.

4. Results and Discussion
4.1. Reinforcement Learning Model Selection and Hyperparameter Optimization

The experimental evaluation focused on identifying a reinforcement learning (RL)
model capable of balancing operational efficiency with trustworthy and explainable
decision-making. Three RL architectures—Deep Q-Network (DQN), Proximal Policy Op-
timization (PPO), and Advantage Actor—Critic (A2C)—were evaluated within a discrete
action space consisting of nine pricing actions ranging from —20% to +20%. The action
space was intentionally designed to avoid unrealistic price fluctuations while still providing
sufficient flexibility for adaptive pricing decisions. The £20% range represents moder-
ate price adjustments that are more consistent with practical pricing scenarios, whereas
larger changes could produce implausible pricing behaviour within the simulation. A
5% increment was selected as a compromise between decision granularity and computa-
tional efficiency, allowing the agent to explore meaningful pricing alternatives without
unnecessarily increasing the size of the discrete action space. Such a structure reflects
realistic operational pricing scenarios in which decisions are selected from a finite set of
interventions rather than generated continuously.

The environment relied on structured operational variables, including demand, in-
ventory levels, elasticity indicators, and historical pricing information, making multilayer
perceptron architectures computationally efficient and sufficiently interpretable for the
given task.

As illustrated in Figure 1, the comparison of rolling average rewards revealed sub-
stantial behavioral differences between the evaluated agents. PPO achieved the highest
cumulative reward and demonstrated relatively stable convergence behavior. However,
additional analysis indicated that the model occasionally increased prices during low-
demand periods, suggesting stronger reward-seeking pricing tendencies. In practical urban
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systems, such behavior may produce undesirable outcomes in citizen-facing services such
as transportation, energy demand-response systems, or adaptive public utilities.
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Figure 1. Hyperparameter optimization and training stability results for the DQN model: (A) in-
fluence of exploration fraction on rolling reward performance; (B) influence of discount factor y;
(C) influence of learning rate; and (D) overall training stability across evaluated parameter combina-
tions. In subfigure (D), the grey lines represent the rolling reward trajectories of individual training
runs, while the highlighted line represents the mean performance across all runs.

In contrast, the A2C model demonstrated more conservative learning behavior
throughout training. The agent frequently selected repetitive pricing actions and showed
lower responsiveness to changing environmental conditions. Although such behavior im-
proved predictability, it also reduced adaptability, which remains an important requirement
in non-stationary operational environments.

Among the evaluated models, DON demonstrated the most balanced exploration—
exploitation behavior. Although the training dynamics exhibited greater variability com-
pared to PPO, this reflected broader exploration of pricing strategies and active Q-value
adaptation rather than premature convergence toward repetitive actions. Such adaptive
learning behavior is particularly relevant in sustainable urban operations, where systems
must continuously respond to fluctuations in demand, capacity, and resource availability.

To further improve model reliability, hyperparameter optimization was conducted us-
ing a structured grid search consisting of 27 parameter combinations. Different exploration
fractions, discount factors, and learning rates were evaluated under identical experimental
conditions. As presented in Figure 1A-D, the optimal configuration was achieved using a
learning rate of 0.001, a discount factor of vy = 0.8, an exploration fraction of 0.15, and a final
exploration rate of 0.01. This configuration provided the most balanced trade-off between
short-term responsiveness and long-term operational stability.
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The selected discount factor was particularly important because it enabled the agent to
prioritize immediate demand-response signals while still accounting for future inventory
and resource constraints. In adaptive urban operations, such balancing behavior is essential
for reducing inefficient resource accumulation, unstable pricing policies, and excessive
demand concentration.

The final model selection was therefore based not only on cumulative reward perfor-
mance but also on broader trustworthiness-oriented criteria, including behavioral consis-
tency, policy adaptability, explainability, and operational alignment. This multi-criteria eval-
uation approach is particularly important in sustainable Al deployment, where maximizing
reward alone does not necessarily guarantee socially or operationally responsible behavior.

4.2. Performance Evaluation and Category-Specific Pricing Dynamics

The trained DQN agent demonstrated substantial operational improvements com-
pared to the baseline rule-based pricing strategy. The baseline consisted of a manually
designed rule-based pricing policy evaluated under the same experimental conditions as
the reinforcement learning agent. Both approaches were assessed over 30 annual evaluation
episodes, each comprising 52 weekly decision periods. Across these repeated evaluation
runs, the RL-based approach increased cumulative profit by 12.58%, improving total profit
from €4.18 million to €4.71 million. The cumulative total-profit comparison is reported here
as the aggregate performance indicator, whereas the episode-level statistical comparison
with the rule-based baseline is presented in Section 4.5.

As illustrated in Figure 2A, the category-level analysis revealed that the agent learned
differentiated pricing strategies depending on demand elasticity, sales behavior, and in-
ventory conditions. In highly elastic categories such as electronics, fashion, and leisure
products, the agent actively applied dynamic pricing adjustments. Price reductions fre-
quently coincide with increased sales volume, suggesting that the model successfully
adapted to elasticity-related demand responses and optimized inventory turnover behavior.
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Figure 2. Dynamic pricing behavior learned by the DQN agent across different product categories:
(A) construction category; (B) electronics category. The plots illustrate interactions between pricing
actions, estimated demand, and quantity sold across weekly operational periods.

In categories associated with household and construction products (Figure 2B), pricing
behavior was more volatile and less predictable. Although frequent pricing fluctuations
were observed, these adjustments were not always strongly associated with improved sales
performance. This suggests that demand dynamics in such categories may be influenced by
additional factors not fully represented within the environment, including seasonal effects,
delayed purchasing behavior, or supply-side variability. Nevertheless, the agent continued
to demonstrate adaptive behavior rather than relying on static pricing policies.

The analysis additionally showed that the agent generally adjusted prices gradu-
ally rather than relying on abrupt pricing changes. Most actions remained within the
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+£5-10% range, indicating that the learned policy prioritized stable long-term optimization
instead of aggressive short-term profit extraction. Such gradual adaptation may be par-
ticularly beneficial in operational systems where excessive pricing volatility could reduce
predictability and destabilize demand-response behavior.

The resource-oriented behavior of the agent was also evaluated by comparing de-
mand levels against available inventory. Demand exceeded inventory capacity in only
approximately 15% of episodes, suggesting that the agent maintained a relatively balanced
relationship between demand stimulation and available resources. This finding highlights
the potential applicability of RL-based adaptive pricing strategies in resource-constrained
operational environments.

Overall, the category-level evaluation demonstrated that the proposed RL frame-
work successfully adapted pricing behavior according to contextual operational condi-
tions. Rather than applying a single optimization strategy across all categories, the agent
developed differentiated pricing responses under varying demand and inventory sce-
narios. These findings support the broader applicability of reinforcement learning for
adaptive operational decision-support systems operating under dynamic and resource-
sensitive conditions.

4.3. Behavioral Integrity, Fairness, and Policy Stability

To move beyond purely reward-based evaluation, the trained DQN agent was addi-
tionally assessed using fairness-, explainability-, and stability-oriented indicators. Such
evaluation is particularly important in Al-driven operational systems because maximizing
cumulative reward alone does not necessarily guarantee trustworthy or socially accept-
able behavior.

The behavioral analysis showed that the agent did not generate undesirable price
increases during low-demand conditions, resulting in a 0% rate for this fairness-related
violation indicator. This suggests that the reward structure and environmental constraints
successfully discouraged exploitative pricing behavior under unfavorable demand condi-
tions. Similar mechanisms may be particularly relevant in adaptive operational systems
where excessive pricing responses could negatively affect fairness, predictability, or pub-
lic trust.

Action distribution analysis further revealed that the agent remained adaptive while
maintaining policy consistency. The frequency of pricing direction changes reached 51.84%,
indicating active responsiveness to environmental signals, whereas repeated actions ac-
counted for 23.64% of decisions, suggesting relatively stable behavior under recurring
operational conditions. Larger pricing adjustments exceeding 10% represented 28.83% of
all actions and typically occurred under stronger elasticity signals or changing inventory
constraints. Nevertheless, most pricing interventions remained moderate, indicating that
the learned policy generally avoided excessive operational volatility.

To further examine policy structure and behavioral differentiation, Principal Com-
ponent Analysis (PCA) and K-means clustering were applied to the agent’s Q-values.
The resulting three-dimensional representation revealed three distinct behavioral clusters
associated with different operational regimes. The first cluster appeared to correspond
to discount-oriented behavior linked to inventory clearance and high-turnover products,
whereas the second reflected more moderate pricing adaptation strategies. The third cluster
suggested stronger pricing adjustments associated with higher elasticity tolerance and
premium-oriented operational conditions.

The emergence of these distinct clusters suggests that the RL agent learned structured
and context-dependent pricing behavior rather than relying on uniform optimization
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patterns. Such differentiation may be particularly valuable in adaptive resource allocation
environments where different demand profiles require distinct operational responses.

Model stability was additionally evaluated using 10-fold cross-validation with chrono-
logically ordered folds. Across the validation folds, the average test reward reached
approximately EUR 160,000 &+ EUR 23,000 (see Table 4), indicating relatively stable per-
formance under varying temporal conditions. Most validation folds achieved average
rewards within the approximate range of EUR 150,000-180,000, while lower performance
was observed mainly in the first and ninth folds. These lower values may reflect seasonal
demand fluctuations or uneven inventory distribution during those periods. Despite these
variations, no systematic performance degradation was observed across the remaining
folds, suggesting that the proposed reinforcement learning framework generalized beyond
a single favourable data partition and maintained stable decision-making under changing
temporal conditions.

Table 4. Temporal cross-validation performance pattern across folds.

Fold Group Observed Performance Pattern Interpretation

Average rewards approximately ~ Stable performance across most

Mostfolds _iihin BUR 150,000-180,000 temporal partitions
First fold Lower than the main Possible seasonal or
Hstio stable range inventory-distribution imbalance
Ninth fold Lower than the main Possible seasonal or
© stable range inventory-distribution imbalance
Overall Approximately EUR The model maintained broadly stable
ve 160,000 + EUR 23,000 performance across temporal splits

These findings are particularly relevant because real-world operational environments
are inherently non-stationary. Demand patterns, resource availability, and operational
constraints continuously evolve. Consequently, Al-driven decision-support systems must
demonstrate not only optimization capability but also adaptability, resilience, and behav-
ioral stability under changing conditions.

Future work may extend the fairness evaluation by monitoring additional indicators,
including pricing consistency across comparable operational scenarios, the frequency
of price increases under vulnerable demand conditions, long-term pricing stability, and
customer-level fairness metrics where such data are available.

4.4. Explainability and Transparency Through SHAP and Trajectory Auditing

In alignment with the Special Issue’s emphasis on trustworthy and accountable Al,
additional explainability mechanisms were integrated into the evaluation framework.
Reinforcement learning systems are frequently criticized for operating as black-box models
whose internal decision logic may be difficult to interpret. To improve transparency and
interpretability, trajectory auditing and SHAP analysis were applied to provide trajectory-
level and global explanations of agent behavior.

As illustrated in Figure 3, trajectory auditing decomposed the reward function into
its individual components, allowing the contribution of operational variables to overall
reward formation to be evaluated directly. Figure 3 reports the reward-component audit,
whereas the global SHAP analysis was used separately to summarize the state variables
influencing pricing decisions. The analysis showed that the strongest positive contributors
were profit generation, inventory clearance incentives, and sales-volume-related reward
components. In contrast, negative reward contributions were primarily associated with
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inventory accumulation, low sales efficiency, and undesirable pricing behavior under
unfavorable demand conditions.

A Global Component Importance B Correlation with Total Reward
bonus_discount_under_low_demand adjustment_low_prev_demand_and_price_change
penalty_price_fatigue penalty_stock_accumulation
penalty_high_price_low_demand bonus_full_stock_sold
» adjustment_low_prev_demand_and_price_change penalty_low_sales_vs_stock
é bonus_volume penalty_price_fatigue
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§ penalty_low_sales_vs_stock penalty_high_price_low_demand
g bonus_high_conversion bonus_high_conversion
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Figure 3. Explainability analysis of the trained DQN agent: (A) global importance of reward-function
components; (B) correlation between reward components and total cumulative reward. In subfigure
(B), the color gradient indicates the direction and magnitude of the Pearson correlation, ranging
from negative (blue) to positive (red), consistent with the correlation coefficient shown on the
horizontal axis.

The decomposition results suggest that the learned policy was not driven solely by
short-term profit maximization. Instead, the reward structure encouraged more balanced
operational behavior by simultaneously considering demand responsiveness, inventory
efficiency, and pricing stability. Such multi-objective optimization may be particularly
relevant in adaptive operational systems where efficiency objectives must coexist with
broader sustainability and fairness considerations.

To further interpret the learned pricing policy, SHAP (SHapley Additive exPlanations)
analysis was applied at the global level to identify the state variables that most strongly
influenced pricing decisions across the evaluation dataset. The analysis identified stock
levels, demand fluctuations, price elasticity, and previous pricing behavior as the most
influential factors affecting the learned policy. Additional behavioral analysis demonstrated
that price increases were predominantly selected under favourable demand conditions
and constrained inventory, whereas lower demand or higher inventory levels generally
resulted in more conservative pricing decisions. Most pricing adjustments remained within
moderate ranges, indicating stable policy adaptation rather than aggressive short-term
optimization. These behavioural patterns were consistent with the global SHAP findings
and support the conclusion that the learned policy responded to economically meaningful
operational signals rather than exhibiting unstable or random decision behaviour.

The combination of trajectory auditing and SHAP analysis substantially improved the
transparency of the proposed framework. From the perspective of adaptive operational
governance, such explainability mechanisms represent an increasingly important require-
ment because automated decisions may directly affect users, infrastructure utilization, and
resource allocation. Consequently, explainability tools may support accountability, facili-
tate regulatory oversight, and improve trust in Al-assisted operational systems. While the
present study focuses on global explainability, future work will extend the framework with
case-specific local SHAP to further improve the auditability of individual pricing decisions.

https://doi.org/10.3390/su18179009


https://doi.org/10.3390/su18179009

Sustainability 2026, 18, 9009

17 of 21

4.5. Comparison with Baseline Pricing Strategies

To evaluate whether the proposed RL-based framework generated measurable opera-
tional value, the trained DQN agent was compared with four baseline pricing strategies:
static pricing, random pricing, heuristic pricing, and a rule-based if-else strategy. Each
strategy was evaluated across 30 annual episodes, with each episode consisting of 52 weekly
decision periods.

The static baseline applied a constant price equal to the mean product price throughout
each evaluation episode. The random baseline independently multiplied the observed
average price at each step by a uniformly sampled factor between 0.95 and 1.05, using a
fixed random seed for reproducibility. The heuristic strategy began from the initial average
price and reduced the current price by 10% when inventory exceeded 110% of baseline
demand. It increased the price by 5% when inventory fell below 70% of baseline demand
and enforced a minimum selling price equal to 105% of product cost. The rule-based
strategy applied a 5% price reduction when stock exceeded 120% of baseline demand, a
5% price increase when baseline demand exceeded 120% of available stock, and otherwise
retained the observed average price. For all baseline strategies, sales were calculated as
the minimum of baseline demand and available stock, and profit was calculated as the
difference between selling price and product cost multiplied by the quantity sold.

The comparison demonstrated that the RL agent achieved the strongest cumulative
performance and consistently outperformed the rule-based strategy, which represented
the most competitive baseline. The episode-level statistical comparison showed that the
RL-based approach generated an average profit of approximately EUR 174,000 per episode,
whereas the rule-based strategy achieved approximately EUR 137,000 per episode. Overall,
the RL agent exceeded the rule-based strategy by approximately EUR 37,000 per episode
on average.

Bootstrap analysis indicated lower dispersion for the RL agent and substantially wider
variability for the rule-based strategy, for which the interval was approximately EUR 111,000
162,000. A one-sided paired t-test confirmed that the RL agent significantly outperformed
the rule-based strategy, with t = 2.80 and p = 0.004. The effect size, measured using Cohen’s
d, was approximately 0.5, indicating a medium practical effect. The Friedman test also con-
firmed statistically significant differences among pricing strategies, x> ~ 46.7, p < 0.001, with
post hoc analysis identifying the RL agent as the main source of performance improvement.

These findings indicate that the RL framework did not merely outperform simplis-
tic pricing baselines but also generated measurable improvement relative to a realistic
manually designed rule-based strategy. From an operational perspective, this strengthens
the argument that reinforcement learning can support adaptive decision-making under
changing demand and resource conditions while maintaining stable and context-sensitive
pricing behavior.

4.6. Implications for AI-Driven Urban Decision-Making

The experimental results suggest that the proposed reinforcement learning framework
may provide a transferable methodological basis for Al-driven urban operations. Although
the experimental environment relied on transactional pricing data, the underlying se-
quential decision-making structure shares similarities with broader smart city scenarios
characterized by dynamic demand, resource limitations, and operational uncertainty.

The framework’s ability to optimize operational performance while incorporating
trustworthiness-oriented constraints is particularly relevant for adaptive and resource-
sensitive urban systems. The observed 12.58% improvement in operational efficiency,
combined with explainability mechanisms and fairness-oriented evaluation, suggests that
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reinforcement learning may support adaptive decision-making while improving trans-
parency and behavioral stability.

Related Al-based resource-allocation research in circular-economy digital market-
places further demonstrates the potential of data-driven methods for demand-supply
matching, dynamic pricing, and resource utilization in sustainability-oriented systems [23].
In energy demand-response systems, reinforcement learning could support adaptive pric-
ing strategies that balance grid load while reducing excessive consumption peaks. In
smart mobility systems, comparable methods may assist with congestion-sensitive pricing,
ride-sharing coordination, or dynamic resource allocation. Similarly, in sustainable logistics
and urban inventory management, RL-based systems may improve resource utilization
while reducing waste and operational inefficiencies.

Despite these promising findings, several limitations should be acknowledged. The
elasticity assumptions used within the environment were simplified and based on prac-
tical approximations rather than large-scale econometric estimation. A formal sensitivity
analysis of the elasticity coefficients and demand-response parameters was not conducted;
therefore, their influence on pricing actions, profitability, and fairness-related outcomes
was not quantified systematically. Although temporal cross-validation and hyperparameter
evaluation were used to assess model robustness, these analyses do not replace a dedi-
cated parameter sensitivity study. In addition, the experiments relied on transactional
e-commerce data rather than directly collected urban operational datasets. Consequently,
the present study should be interpreted primarily as a transferable methodological frame-
work rather than a fully deployed smart city implementation. Future research should
systematically vary the elasticity and demand parameters to assess the robustness of the
learned pricing policy under alternative demand assumptions.

Nevertheless, the results support the broader conclusion that reinforcement learning
may contribute to more adaptive and resilient operational systems when optimization
objectives are combined with trustworthy Al principles. By integrating adaptive optimiza-
tion, explainability mechanisms, fairness-oriented evaluation, and stability analysis, the
proposed framework provides a practical foundation for future research on accountable
Al-driven decision-support systems in smart city environments.

5. Conclusions

This study proposed a trustworthy reinforcement learning framework for Al-driven
operational decision-making using sustainable dynamic pricing and resource optimization
as representative adaptive operational scenarios. The research addressed an important
gap in the existing reinforcement learning literature by integrating operational optimiza-
tion with trustworthiness-oriented principles, including explainability, fairness, stability,
and transparency.

A custom reinforcement learning environment was developed to simulate interactions
among demand dynamics, inventory availability, elasticity, and pricing behavior. Three
reinforcement learning architectures—DQN, PPO, and A2C—were evaluated under identi-
cal experimental conditions. Among the evaluated approaches, DQN demonstrated the
most balanced performance in terms of adaptability, operational consistency, and stable
decision-making behavior.

The optimized DQN framework improved cumulative operational performance by
12.58% relative to the baseline rule-based strategy while maintaining context-dependent and
behaviorally stable pricing adaptation across varying operational conditions. The results
additionally demonstrated that trustworthiness-oriented evaluation mechanisms can be ef-
fectively integrated into reinforcement learning optimization frameworks through fairness-
oriented analysis, stability assessment, trajectory auditing, and explainability methods.
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To improve transparency and interpretability, SHAP-based analysis and reward de-
composition techniques were incorporated into the evaluation framework. These methods
indicated that the agent’s decisions were primarily influenced by economically relevant
operational variables, including demand fluctuations, inventory conditions, elasticity indi-
cators, and sales-related signals. The integration of explainability mechanisms substantially
improved the interpretability of the proposed framework compared to conventional black-
box reinforcement learning approaches.

The findings suggest that reinforcement learning may support more adaptive and re-
silient operational systems when optimization objectives are combined with trustworthy Al
principles. Importantly, the proposed framework directly addresses the research gaps iden-
tified in the literature by extending conventional reinforcement learning pricing approaches
beyond short-term profit maximization. In particular, the integration of explainability,
fairness, stability, and transparency demonstrates that trustworthy Al principles can be
incorporated into reinforcement learning-based pricing without compromising operational
performance. Although the current framework was evaluated using transactional pricing
data, the underlying methodological structure may be transferable to broader smart city
and resource-sensitive operational environments characterized by dynamic demand and
operational uncertainty.

Several limitations should nevertheless be acknowledged. The elasticity assumptions
used within the environment were simplified and based on practical approximations rather
than large-scale econometric estimation. In addition, the experiments relied primarily on
transactional e-commerce data rather than directly collected urban operational datasets.
Furthermore, the proposed framework was evaluated in a single-agent reinforcement
learning setting, where pricing decisions were made by a single autonomous agent. Future
research may therefore focus on integrating real-world smart city datasets, multi-agent rein-
forcement learning environments, digital twin simulations, more advanced fairness-aware
reward structures, and human-in-the-loop decision-making to investigate how interactions
among multiple agents and human operators influence trustworthiness, coordination, and
accountability in real smart city systems.

Overall, the proposed framework demonstrates that reinforcement learning can move
beyond purely profit-oriented optimization toward more transparent, explainable, and re-
sponsible Al-driven decision-support systems. Compared with the conventional rule-based
pricing strategy, the proposed framework improved cumulative operational performance
by 12.58% while incorporating fairness, explainability, stability, and transparency mecha-
nisms. Although the present study did not directly quantify long-term societal outcomes
or public trust, these characteristics provide an important foundation for the responsi-
ble adoption of Al-driven operational systems in smart city environments. The findings
suggest that operational performance and trustworthy Al objectives should be viewed as
complementary rather than competing goals.
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The following abbreviations are used in this manuscript:

A2C Advantage Actor-Critic

Al Artificial Intelligence
DON  Deep Q-Network
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MDP  Markov Decision Process

PCA Principal Component Analysis
PPO Proximal Policy Optimization
RL Reinforcement Learning

SHAP SHapley Additive exPlanations
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