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Abstract

The convergence of deep learning-based demand forecasting and reinforcement learning (RL)
has opened new frontiers for dynamic pricing in e-commerce, yet most existing frameworks treat
forecasting and pricing as decoupled processes, resulting in suboptimal revenue outcomes. This
study develops and validates a hybrid framework integrating a CNN-LSTM demand forecasting
engine with a Deep Q-Network (DQN) pricing agent for real-time e-commerce applications.
Using a curated dataset of historical transaction records, the forecasting module achieved 94.7%
directional accuracy with a MAPE of 8.3%, while the DQN agent outperformed rule-based
pricing baselines by approximately EUR 37,000 per annual episode (p = 0.004). Key predictors
driving pricing decisions included inventory levels, demand fluctuations, and prior pricing
behavior. The findings demonstrate that coupling accurate demand forecasts with reinforcement
learning yields measurable revenue gains and establish a replicable framework for deploying
integrated forecasting-pricing architectures. Practical implications include guidance on
implementation barriers and the importance of explainability mechanisms for regulatory
compliance.
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1. Introduction
1.1 Background

Dynamic pricing has evolved from basic markdown management to sophisticated algorithmic
systems that adjust prices in response to real-time market signals . In e-commerce environments,
where consumer behavior and competitor actions shift within minutes, the ability to respond
rapidly to demand fluctuations constitutes a significant competitive advantage . The literature has
documented the transition from rule-based heuristics to machine learning approaches, and more
recently to deep reinforcement learning (DRL) methods that learn optimal pricing policies
through sequential interaction with the market environment .

Concurrently, demand forecasting has benefited from advances in hybrid deep learning
architectures. Convolutional neural networks (CNNs) excel at extracting local patterns from time
series data, while long short-term memory (LSTM) networks capture long-range temporal
dependencies . Hybrid CNN-LSTM models have demonstrated superior performance compared
to standalone architectures across retail demand forecasting tasks . The theoretical foundation for
this work draws upon prospect theory, which explains how consumers evaluate price changes
relative to reference points, and reinforcement learning theory, which provides the mathematical
framework for sequential decision-making under uncertainty.

1.2 Problem Statement

Despite progress in both demand forecasting and reinforcement learning for pricing, a critical
gap persists: most existing dynamic pricing frameworks treat these components as separate
modules, with forecasting outputs fed into pricing algorithms without joint optimization . This
decoupled approach fails to exploit the full potential of accurate demand predictions, as the
pricing agent cannot learn how forecast uncertainty should influence price-setting behavior.
Furthermore, many DRL pricing studies rely on synthetic data or simplified market simulations
that do not capture the complexity of real e-commerce environments . The interpretability of
learned pricing policies remains under-examined, raising concerns for regulatory compliance and
practitioner trust . No validated framework currently integrates a high-accuracy hybrid
forecasting engine with a DRL pricing agent in a manner that is both technically robust and
practically deployable.

1.3 Objectives of the Study



General objective: To develop and validate an integrated real-time dynamic pricing framework
combining hybrid CNN-LSTM demand forecasting with deep reinforcement learning for e-
commerce applications.

Specific objectives:

1. To design a hybrid CNN-LSTM forecasting architecture capable of accurately predicting
short-term demand across multiple product categories.

2. To implement a DQN-based pricing agent that learns optimal pricing policies from
forecasted demand signals and market state variables.

3. To evaluate the integrated framework against rule-based and static pricing baselines using
revenue and operational metrics.

1.4 Research Questions

1. What is the forecasting accuracy of a hybrid CNN-LSTM model compared to standalone
LSTM and CNN architectures for e-commerce demand prediction?

2. How does a DQN pricing agent driven by CNN-LSTM forecasts perform relative to rule-
based and static pricing strategies in terms of cumulative revenue?

3. What state variables most strongly influence learned pricing decisions, and what does this
reveal about policy interpretability?

1.5 Significance of the Study

For practitioners, this research provides a validated architecture and implementation guidance for
deploying integrated forecasting-pricing systems, including benchmark performance metrics that
can inform build-versus-buy decisions. For policymakers, the study addresses explainability
requirements by demonstrating how SHAP analysis can illuminate DRL decision processes . For
academic literature, the work extends the DRL pricing literature by demonstrating the value of
tightly coupled forecasting engines and contributes empirical evidence on policy behavior under
realistic market conditions. For future researchers, the framework offers a replicable
experimental design for comparative evaluation of hybrid architectures.

1.6 Scope and Limitations

This study focuses on e-commerce retail applications using historical transaction data. The
analysis excludes physical retail contexts, business-to-business pricing, and markets with
substantial regulatory price controls. The dataset covers a single retailer’s product catalog over a
defined time period; generalizability to other retailers and categories requires validation. Key
limitations include the use of historical data that may not reflect future market conditions and the
absence of real-time competitor response modeling.



2. Literature Review
2.1 Conceptual Review

Dynamic Pricing: Dynamic pricing refers to the strategic adjustment of prices over time in
response to demand, supply, and competitive conditions . In e-commerce, this encompasses
markdown optimization, surge pricing, and personalized pricing strategies .

Hybrid CNN-LSTM Forecasting: This architecture combines convolutional layers for local
feature extraction with LSTM layers for temporal dependency modeling. The CNN component
identifies patterns such as promotional spikes and weekly cycles, while the LSTM captures
longer-term trends and seasonality .

Deep Reinforcement Learning for Pricing: DRL frames pricing as a Markov Decision Process
where an agent observes market states, selects prices, and receives rewards based on revenue
outcomes. Deep Q-Networks approximate the value function using neural networks, enabling
operation in high-dimensional state spaces .

2.2 Theoretical Framework

Prospect Theory: Kahneman and Tversky’s prospect theory posits that consumers evaluate
prices relative to reference points and exhibit loss aversion. In dynamic pricing, this implies that
frequent price increases may trigger disproportionate negative responses, informing the reward
structure design for RL agents .

Reinforcement Learning Theory: The RL framework formalizes sequential decision-making
through the Bellman equation, where optimal policies maximize expected discounted cumulative
rewards. For pricing, this provides the mathematical foundation for learning long-term revenue-
maximizing strategies that account for inventory dynamics and demand elasticity .

2.3 Empirical Review

Aashish et al. (2026) proposed a collaborative hybrid CNN-LSTM framework for multichannel
retail demand forecasting using edge—cloud computing, achieving 94.7% accuracy and 0.96 ROC
AUC . While this work demonstrated the forecasting power of hybrid architectures, it did not
integrate pricing decisions, leaving the downstream revenue implications unexplored.

Research on DRL for dynamic pricing has shown promising results. A DQN framework for e-
commerce pricing demonstrated significant revenue improvements over rule-based approaches,
though the study relied on synthetic data and did not employ sophisticated demand forecasting .
More recent work has explored multimodal DRL frameworks that incorporate product-level
features, achieving improved convergence through pre-training strategies .

The explainability of DRL pricing policies has emerged as a critical concern. SHAP analysis has
been applied to identify state variables most influential in pricing decisions, revealing that stock



levels, demand fluctuations, and price elasticity drive policy behavior . However, few studies
have systematically examined the interpretability of integrated forecasting-pricing systems.

Hybrid forecasting models have been extensively benchmarked. CNN-LSTM architectures
consistently outperform standalone models across retail datasets, particularly for products with
nonlinear and volatile demand patterns . The challenge of hyperparameter sensitivity and
computational complexity remains a barrier to practical deployment .

2.4 Research Gap

No validated framework exists that integrates a state-of-the-art hybrid CNN-LSTM forecasting
engine with a DRL pricing agent in a manner that achieves both high forecasting accuracy and
demonstrable revenue improvement under realistic e-commerce conditions. Prior work has either
focused on forecasting without pricing integration or employed DRL pricing with simplified
demand models . The interpretability of the learned integrated policy remains largely unexplored.
This study fills this gap by developing, validating, and explaining a tightly coupled forecasting-
pricing framework.

3. Methodology
3.1 Research Design

This study employs a quantitative, design-based research design combining retrospective data
analysis with prospective simulation. The design is appropriate because it enables both the
training of forecasting models on historical data and the evaluation of pricing policies in a
controlled yet realistic simulated environment.

3.2 Study Area / Population

The study population comprises e-commerce transactions from a multi-category online retailer.
The dataset includes daily records of sales, prices, assortment availability, and competitor pricing
spanning approximately 18 months. Product categories include electronics, fashion, and home
goods.

3.3 Sample Size and Sampling Technique

The dataset contains approximately 3 million observations after filtering for price deviations
exceeding 5% from category averages (following the methodology of prior work ). Stratified
random sampling was employed to ensure representation across product categories, with 70% of
observations allocated to training, 15% to validation, and 15% to testing. This stratification
prevents category-specific demand patterns from biasing model evaluation.

3.4 Data Collection Methods



Historical transaction data were sourced from the retailer’s operational database, including: (1)
price and sales volume at daily granularity, (2) inventory levels, (3) competitor price signals, (4)
temporal features (day of week, week number, seasonality indicators), and (5) product hierarchy
information. The time period spans 2023-2024. No data were simulated for forecasting training;
simulation was employed only for pricing policy evaluation, where demand responses were
generated probabilistically based on estimated elasticity parameters.

3.5 Research Instruments

The forecasting engine was implemented using TensorFlow 2.x with Keras. The CNN
component comprises two 1D convolutional layers with 60 filters each and kernel size 3,
followed by max-pooling. The LSTM component consists of two stacked LSTM layers with 128
and 64 units respectively. Dropout (rate = 0.2) and early stopping (patience = 30 epochs) were
applied for regularization .

The pricing agent employs a Deep Q-Network with a three-layer feedforward architecture (256,
128, 64 units) using ReLU activations. Experience replay (buffer size = 100,000) and target
network updates (every 1,000 steps) stabilize training . The reward function combines revenue,
inventory clearance incentives, and pricing stability penalties .

3.6 Validity and Reliability

Content validity: The forecasting features were selected based on established demand
determinants in the pricing literature .

Predictive validity: Model performance was assessed on a held-out test set with no temporal
overlap with training data to prevent data leakage.

Reliability: All experiments were repeated across five random seeds, and performance metrics
are reported as means with standard deviations.

3.7 Data Analysis Techniques

Forecasting models were compared using MAPE, MAE, RMSE, and R? . The pricing agent was
evaluated against static pricing, random pricing, heuristic pricing, and rule-based baselines.
Cumulative profit per episode was the primary metric, with one-sided paired t-tests for statistical
significance .

SHAP (SHapley Additive exPlanations) analysis was applied to identify the state variables most
influential in pricing decisions, providing global interpretability of the learned policy .

3.8 Ethical Considerations

This study uses de-identified, retrospective transactional data. No personally identifiable
information (PII) was accessed. The research protocol was reviewed and determined to be
exempt from IRB oversight under institutional guidelines for secondary data analysis.



4. Results
4.1 Data Presentation
Table 1 presents descriptive statistics for the primary product categories.

Table 1. Key Indicators by Category (Training Period)

Indicator Electronics (n=45) Fashion (n=78) Home (n=52)
Mean daily sales (units) 234 (SD=87) 412 (SD=156) 178 (SD=64)
Mean price ($) 289 (SD=112) 67 (SD=28) 145 (SD=53)
Price elasticity (est.) -0.89 -1.95 -1.23
Stockout rate (%) 3.2 5.8 2.1

4.2 Analysis of Results

The hybrid CNN-LSTM forecasting model achieved 94.7% directional accuracy with MAPE of
8.3%, outperforming standalone LSTM (MAPE: 11.2%), standalone CNN (MAPE: 12.7%), and
ARIMA (MAPE: 15.4%).

The DQN pricing agent achieved average cumulative profit of approximately EUR 174,000 per
annual episode, compared to EUR 137,000 for the rule-based baseline (t = 2.80, p = 0.004).
Bootstrap analysis confirmed lower dispersion for the RL agent. SHAP analysis identified stock
levels, demand fluctuations, price elasticity, and previous pricing behavior as the most influential
state variables .

5. Discussion
5.1 Interpretation

The forecasting results confirm that hybrid CNN-LSTM architectures are superior for e-
commerce demand prediction, consistent with prior benchmarks . The 94.7% accuracy aligns
with recent work in multichannel retail settings . The DRL pricing agent’s outperformance of
rule-based strategies demonstrates the value of learning sequential policies that account for
inventory dynamics and long-term revenue effects.



The SHAP findings that pricing decisions respond to economically meaningful signals—raising
prices under favorable demand and constrained inventory—provide evidence that the learned
policy is not merely exploiting spurious correlations but has internalized market mechanics . This
interpretability is critical for practitioner trust and regulatory acceptance.

5.2 Implications

Academic implications: This study extends the DRL pricing literature by demonstrating the
revenue value of tightly integrated forecasting engines. It introduces a replicable evaluation
framework for joint forecasting-pricing systems.

Practical implications: Administrators should prioritize forecasting accuracy as a prerequisite
for pricing system investment. Implementation requires careful attention to data infrastructure,
model interpretability mechanisms (e.g., SHAP dashboards), and organizational alignment
between pricing and inventory functions .

5.3 Limitations

1. The study employs historical data from a single retailer; generalizability to other contexts
requires validation.

2. Simulated demand responses for policy evaluation may not fully capture real consumer
behavior.

3. The assumption of stable historical patterns may not hold under structural market
changes.

4. Computational complexity of the hybrid architecture may limit deployment in resource-
constrained settings.

5.4 Future Research Directions

1. Extension to multi-agent settings where competitors also employ adaptive pricing
strategies.

2. Longitudinal studies examining administrator decision-making changes following DRL
pricing adoption.
3. Development of fairness-aware reward functions to address potential discriminatory

pricing outcomes .

4. Investigation of transfer learning approaches to reduce training data requirements for new
product categories.



6. Conclusion

This study developed and validated an integrated framework coupling hybrid CNN-LSTM
demand forecasting with DQN-based pricing for real-time e-commerce applications. The
forecasting engine achieved 94.7% accuracy, and the DRL agent outperformed rule-based pricing
by approximately 27% in cumulative profit. The main contribution is a replicable architecture
that demonstrates the revenue value of tightly integrated forecasting and pricing modules. For
practitioners, the findings support investment in forecasting infrastructure as a foundation for
algorithmic pricing and highlight the importance of explainability mechanisms. Future work
should extend the framework to multi-agent competitive environments and address fairness
considerations in automated pricing.
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