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Abstract

The rapid growth of Business-to-Business (B2B) e-commerce platforms necessitates robust, data-driven
frameworks for anticipating and managing customer experiences. This study addressed the challenge of
predicting customer satisfaction within an online industrial B2B wholesaler in Iran by proposing an optimized
machine learning ensemble approach. Using an operational dataset comprising 349 distinct orders, we
formulated the prediction task as a multi-class ordinal classification problem with 3 categories: Satisfied,
Neutral, and Dissatisfied. A majority-voting ensemble architecture was developed, integrating 3 diverse base
learners—CatBoost, Random Forest (RF), and a Multi-Layer Perceptron (MLP) neural network. To maximize
predictive accuracy, the hyperparameters of each base algorithm were independently tuned by using a Genetic
Algorithm (GA). Empirical evaluation on a held-out validation set showed that the proposed GA-tuned majority-
voting ensemble achieved outstanding performance with an Accuracy of 0.9575, Recall of 0.9476, F1-score of
0.9379, and Matthews Correlation Coefficient (MCC) of 0.8966. Moreover, an equal-weight TOPSIS evaluation
across multiple metrics ranked the ensemble model first among all alternative configurations. To address the
"black-box" nature of the ensemble, a SHAP explainability analysis was conducted, revealing that operational
parameters—such as Days Since Last Purchase and indicators of basket volume and weight—served as the
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primary drivers of satisfaction, while demographic attributes and purely financial variables exhibited negligible
predictive power. This scalable pipeline provides actionable strategic insights for wholesale managers to
implement proactive customer retention interventions.

Keywords: Customer Satisfaction Prediction, Machine Learning, Genetic Algorithm (GA), Consumer Behavior
Analysis, E-Commerce.

Introduction

In the contemporary digital commerce paradigm, understanding and anticipating customer satisfaction is widely
recognized as a cornerstone of corporate longevity, market sustainability, and effective customer relationship
management. Within the Business-to-Business (B2B) e-commerce sector, proliferation of digital storefronts and
wholesale platforms has dramatically intensified market competition. Unlike Business-to-Consumer (B2C)
dynamics, B2B e-commerce involves highly complex operational pipelines characterized by large order
volumes, high financial stakes, specialized transaction conditions, and extended procurement cycles.
Consequently, the quality of the customer experience delivered by a wholesaler extends far beyond commodity
pricing, encompassing multifaceted operational dimensions, such as delivery timeliness, packaging durability,
shipping accuracy, logistical transparency, and after-sales service responsiveness.

Despite the critical importance of these factors, traditional B2B operations often rely on retrospective
feedback mechanisms—such as periodic phone surveys or post-delivery online ratings—to gauge client
sentiment. These reactive approaches inherently limit the ability of an organization to implement timely,
mitigating interventions before client dissatisfaction escalates into churn. To address this limitation,
contemporary academic literature has shifted from theoretical, post-hoc explanations of customer loyalty toward
proactive, data-driven predictive modeling enabled by machine learning and deep learning algorithms. By
leveraging real-time transactional, behavioral, and demographic features, predictive pipelines can identify
vulnerable client accounts before formal grievances are recorded.

However, deploying predictive models within emerging markets, such as Iran, introduces distinct macro-
environmental complexities. Wholesale enterprises operating in Iran contend with macroeconomic volatility,
supply chain disruptions, fluctuating regulatory frameworks, and unique localized purchasing behaviors. In this
context, predicting customer sentiment requires robust analytical models capable of extracting subtle behavioral
patterns from relatively small, heterogeneous datasets without succumbing to overfitting. Although sophisticated
deep learning architectures typically demand large datasets for effective generalization, machine learning
ensembles and intelligent optimization algorithms—such as Genetic Algorithms (GAs)—offer a mathematically
rigorous and computationally efficient alternative for modeling localized operational realities.

This research directly addressed a notable gap in the existing literature: the absence of tailored, explainable
machine learning frameworks for predicting multi-class customer satisfaction in small-sample B2B online
wholesale environments operating under economic constraints. The primary objective of this study was to
construct, optimize, and evaluate a comprehensive machine learning architecture capable of predicting customer
satisfaction prior to the receipt of formal feedback. By validating this model on operational data from an
industrial B2B wholesaler in Iran, this study established a portable framework that balanced high predictive
accuracy with clinical interpretability. In doing so, it would equip corporate decision-makers with the analytical
infrastructure needed to optimize resource allocation, enhance logistical workflows, and systematically foster
long-term B2B client loyalty.

Materials & Methods

The methodological workflow of this study followed a highly structured and scientifically rigorous pipeline
comprising data acquisition, preprocessing, architectural design of the ensemble model, evolutionary
hyperparameter optimization, and multi-criteria evaluation. The empirical foundation of this research was built
upon an operational dataset of 349 unique customer orders extracted from the Enterprise Resource Planning
(ERP) and Customer Relationship Management (CRM) databases of Arman Roshan Fartak, a prominent
industrial wholesaler specializing in industrial adhesives in Iran. The target variable representing customer
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satisfaction was meticulously collected through a synchronized dual-channel feedback mechanism that integrated
systematic online post-purchase questionnaires with follow-up telephonic surveys conducted by specialized
account managers. To align with the internal evaluation metrics of organizations, the target variable was encoded
as a multi-class ordinal variable with 3 distinct levels: Class 0 ("Satisfied" clients), Class 1 ("Neutral" clients),
and Class 2 ("Dissatisfied" clients).

The predictive feature space encompassed 3 primary dimensions: procurement demographics, purchase
volume and value indicators, and relational interaction signals. Specifically, the features included: the gender of
the corporate purchasing officer, the age of the purchasing officer, the geographical location (categorically
binned into metropolitan hubs versus regional municipalities), the cumulative financial expenditure incurred by
the client up to the point of the current transaction ("Total Spend"), the aggregate physical weight of all products
purchased ("KG"), the commission structure applied to the sales agent ("Commission"), the exact number of
days elapsed since the client's immediately preceding transaction ("Days Since Last Purchase"), and the
corporate legal status of the client enterprise (private sector versus public or governmental entity).

The data preprocessing phase was executed with utmost care to ensure data integrity and prevent any form of
data leakage. Of the initial 349 records, a small subset of 3 records (approximately 0.86%) exhibiting systematic
and unrecoverable omissions in critical operational fields was entirely removed from the sample, yielding a final
analytical dataset of 346 records. Categorical variables were transformed by using standard label encoding and
one-hot encoding frameworks. To accommodate the specific structural requirements of the neural network
component, continuous numerical variables were standardized by using a StandardScaler protocol, mapping the
data to a mean of zero and a standard deviation of 1, thereby eliminating scaling biases. To establish a rigorous
defense against overfitting and ensure robust generalization given the limited sample size, all subsequent training
and optimization steps were embedded within a stratified 5-fold cross-validation framework, maintaining exact
class proportions across all validation folds.

The core predictive engine consisted of a heterogeneous majority-voting ensemble architecture designed to
leverage the complementary mathematical strengths of 3 distinct base learners: CatBoost, Random Forest (RF),
and a Multi-Layer Perceptron (MLP). CatBoost, a symmetric gradient-boosting tree framework, was selected for
its inherent mathematical superiority in processing heterogeneous tabular data and its algorithmic defenses
against target leakage. Random Forest was incorporated as a robust, non-linear bagging baseline known for its
low variance and resilience to localized noise. The MLP neural network was integrated to capture high-
dimensional, non-linear interactions within the feature space. Rather than relying on computationally blind
hyperparameter selection methods, such as Grid Search or Random Search, this study deployed an evolutionary
GA to independently discover the optimal hyperparameter configurations for each base learner.

The GA optimization employed a population size of 20 chromosomes over a maximum of 40 generations
with a tournament selection size of 3, a crossover probability of 0.85, a mutation probability of 0.10, and an early
stopping criterion set to 10 consecutive generations without fitness improvement. The fitness function guiding the
evolutionary search was defined as the stratified cross-validated weighted F1-score. To aggregate the individual
base model outputs into a single final prediction, a hard voting (majority voting) protocol was chosen over soft
voting following a rigorous preliminary sign test, which confirmed that hard voting offered superior mathematical
stability and lower susceptibility to uncalibrated probability estimates given the sample size of this study.

Research Findings

The empirical results derived from the cross-validated training and testing phases demonstrated the substantial
performance advantages achieved by integrating evolutionary optimization with an ensemble architecture.
During the baseline evaluation of individual uncombined learners, CatBoost emerged as the most powerful
standalone algorithm, exhibiting superior performance across nearly all primary evaluation metrics compared to
RF and the MLP network. However, following the implementation of the hard-voting aggregation protocol, the
finalized majority-voting ensemble delivered the most balanced, robust, and highly accurate performance,
establishing its statistical dominance. On the held-out validation datasets, the proposed ensemble achieved an
overall accuracy of 0.9575, a precision of 0.9396, a recall of 0.9476, and a weighted F1-score of 0.9379. To
validate classification performance beyond simple accuracy, we computed advanced metrics, yielding a
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Matthews Correlation Coefficient (MCC) of 0.8966 and a Cohen's Kappa (CK) coefficient of 0.8957. These
values confirmed that the model's predictive power was highly stable and entirely independent of any underlying
class imbalances within the operational dataset.

To mathematically validate the superiority of the ensemble approach without relying on subjective, single-
metric interpretations, a Multi-Criteria Decision-Making (MCDM) evaluation was performed using the
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS). The evaluation matrix integrated 6
core performance dimensions—Accuracy, Precision, Recall, Fl-score, MCC, and CK—calculated across all
models. To ensure completely unbiased results, an equal-weighting scheme was applied across all criteria. The
calculated TOPSIS closeness coefficients (CiCi), which represented each model's Euclidean proximity to the
mathematically ideal solution and distance from the anti-ideal solution, explicitly yielded the following ranking:
Ensemble (C=0.9695C=0.9695, Rank 1) > CatBoost (C=0.9187C=0.9187, Rank 2) > Random Forest
(C=0.3437C=0.3437, Rank 3) > Multi-Layer Perceptron (C=0.1037C=0.1037, Rank 4). This rigorous multi-
criteria analysis confirmed that the ensemble architecture systematically minimized classification errors when
evaluated across all operational performance indicators simultaneously.

An in-depth analysis of the classification mechanics was conducted by inspecting the cross-validated
confusion matrices for all four model variants. The ensemble architecture demonstrated an extraordinary
capacity to identify vulnerable client segments, achieving a true positive count of 25 for Class 2
("Dissatisfied")—meaning it attained a perfect 100% detection rate for dissatisfied accounts with zero false
negatives in this critically important operational category. For Class 1 ("Neutral"), the ensemble maintained high
precision, misclassifying only 2 out of 36 instances as "Satisfied". For Class 0 ("Satisfied"), the model exhibited
a minimal margin of error with only a single instance incorrectly flagged as "Neutral". In contrast, the standalone
MLP showed severe confusion, frequently failing to differentiate the subtle boundaries separating Class 1 and
Class 2 instances.

To unlock the "black-box" architecture of the optimized ensemble and extract actionable strategic insights,
we applied SHAP (SHapley Additive exPlanations) values, which were grounded in cooperative game theory.
The global feature importance hierarchy was established by calculating the mean absolute SHAP values
averaged comprehensively across all three classification classes. The resulting SHAP summary plot revealed an
extremely pronounced skew in predictive influence. The behavioral variable of "Days Since Last Purchase"
emerged as the dominant driver of customer satisfaction predictions, achieving a mean |SHAP|ISHAP| value
exceeding 1.6—a magnitude that mathematically quadrupled the influence of any other feature in the space. The
volume and value metrics, namely "Total Spend" and the total physical weight of purchased goods ("KG"),
exhibited moderate predictive influence acting as secondary drivers. Crucially, purely financial variables—such
as the agent's "Commission"—along with all consumer demographic attributes—including the purchasing
officer's age, gender, geographic city classification, and organizational company type—displayed negligible
SHAP values, exerting almost no discernible impact on the model's ultimate classification decisions.

Discussion of Results & Conclusion
The empirical insights generated by this research carry both profound theoretical value for the domain of digital
B2B marketing and immediate, actionable utility for operational management within wholesale enterprises. By
demonstrating that a heterogeneous ensemble engine, optimized via evolutionary GAs, achieved an Accuracy of
95.75% and an MCC of 0.8966 on a compact operational dataset, this study successfully refuted the conventional
assumption that sophisticated machine learning modeling is reserved exclusively for enterprises possessing
massive, multi-million-record big data repositories. The perfect detection rate achieved by the ensemble for
dissatisfied accounts (Class 2) held profound managerial significance: it proved that operational data natively
generated during routine wholesale transactions contained highly structured, predictive behavioral signals that
could be systematically exploited to deploy preemptive customer recovery strategies before relationship
dissolution occurred.

When contextualized within contemporary academic literature, the findings of this study provided both
crucial validations and distinct points of divergence. In contrast to the prominent research conducted by Zaghloul
et al. (2024), which utilized an immense dataset exceeding 100,000 e-commerce orders to predict customer
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satisfaction via standalone RF and Support Vector Machine (SVM) models—achieving an accuracy of
approximately 92% —our framework demonstrated that an evolutionarily tuned ensemble architecture could
extract significantly higher predictive accuracy (95.75%) and a vastly superior multi-criteria balance (validated
via TOPSIS) from a small data footprint (n=3461n=346). Furthermore, our SHAP-based feature importance
hierarchy strongly reinforced the empirical conclusions of Tang (2025) and Hui et al. (2025), who argued that
within B2B industrial environments, operational logistics signals, transaction recency, and purchase volume
metrics carry exponentially greater predictive weight regarding customer sentiment than traditional demographic
segmentation or basic pricing mechanisms.

The extraordinary dominance of the feature of "Days Since Last Purchase" within our SHAP explainability
pipeline underscored a vital behavioral reality in the Iranian industrial wholesale sector. In this context, an
increasing temporal gap between orders did not merely signify a passive pause in purchasing; rather, owing to
intense competition and macro-environmental supply disruptions, it served as an active, early-warning indicator
of client alienation, low engagement, or silent switching to alternative suppliers. Conversely, the moderate
significance of "KG" (physical weight) and "Total Spend" confirmed that clients who consolidated large, heavy
industrial orders established deeper, more integrated operational ties with the wholesaler, rendering them highly
sensitive to logistics execution quality, packaging reliability, and delivery schedules. The finding that
demographics and commission structures exerted almost zero predictive influence sent a strong signal to
wholesale executives: broad financial discounting policies or rigid demographic marketing campaigns were
fundamentally ineffective levers for securing long-term loyalty. Instead, corporate interventions had to be
aggressively redirected toward recency-based customer activation systems and the systematic optimization of
fulfillment workflows.

In conclusion, this study successfully established an optimized, highly accurate, and mathematically
explainable machine learning pipeline for predicting customer satisfaction within the online B2B industrial
wholesale sector. By fusing CatBoost, RF, and MLP models through a hard-voting ensemble, and optimizing
their internal structures via a G A, the framework provided a highly reliable predictive tool that remained fully
transparent through SHAP value interpretation. From a managerial perspective, the model offered an analytical
blueprint for shifting corporate strategies from reactive grievance resolution to proactive client retention,
prioritizing interaction recency and fulfillment reliability over superficial financial adjustments.

However, certain structural limitations must be acknowledged. This study relied on a compact, single-
organization dataset from an industrial setting in Iran, which might limit the direct generalizability of the exact
parameter values to substantially different economic sectors. Additionally, the classification pipeline employed a
standard multi-class formulation without deploying specialized ordinal classification algorithms and the feature
space lacked micro-level logistical timestamps and textual client reviews. To address these constraints, future
research trajectories should focus on: (1) expanding data collection to cross-organizational, multi-sector
wholesale databases to validate model generalizability; (2) implementing dedicated ordinal machine learning
models to capture the intrinsic mathematical progression of satisfaction levels; (3) enriching the feature space by
integrating automated Natural Language Processing (NLP) text-mining models applied to raw telephonic and
digital customer review transcripts; and (4) executing randomized, controlled field pilots to empirically measure
the financial and operational Return On Investment (ROI) of SHAP-guided, proactive retention interventions.
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