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Abstract: The deployment of black-box Al models to predict consumer behavior has created an inherent trade-off between
predictive performance and interpretability. In this paper, we propose a framework for consumer behavior prediction
based on XAl models to overcome the challenge of providing reliable, interpretable, and actionable analytics in marketing.
By conducting empirical studies involving 500,000 instances of consumer behavior on datasets from e-commerce and
banking sectors, we examine the comparative performance of four XAl approaches — LIME, SHAP, IG, and Decision Trees
— relative to conventional black-box approaches including Random Forest, XGBoost, and Neural Networks. Our findings
show that SHAP provides the best prediction accuracy (92.3%) and explains decisions made using it by exhibiting better
explainability levels (92% explanation accuracy for consumer decision prediction at 80-20 split ratio between training and
testing sets). Product category features were found to be predominant in making predictions about purchases, and the
LIME approach yielded explanations in line with marketing knowledge.
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. INTRODUCTION always be refused because of a lack of transparency
[4]. Moreover, GDPR legislation demands an
The advent of digitalization in retail and consumer explanation as well [5].
products has resulted in an explosion of data on
customers' interactions—clicks, purchases, searches, The development of Explainable  Artificial
social media interactions, and conversations with Intelligence is aimed at solving the existing problem.
customer support [1]. Companies have been turning to Post hoc analysis allows users to learn the logic of the
more advanced machine learning techniques to predict algorithm and understand how some predictions have
consumers' actions, optimize marketing costs, provide been made based on a black box model [6]. The field
personalized recommendations, and forecast demand. of consumer behavior forecasting might use both the
But, in order to achieve the best accuracy in their advantages and the requirements of complex models.
predictions, businesses employ complicated black-box
algorithms, including deep neural nets, gradient In this paper, we conduct an extensive analysis of the
boosting ensembles, and complicated tree-based literature related to XAl techniques used for the
approaches [2]. prediction of consumer behavior. The research
questions guiding this study are as follows: (1) How
However, this method creates many obstacles for the do different XAl teChniqueS vary in their effectiveness
marketers or any other business professional who has and interpretability for predicting consumer behavior?
to work on the results generated by the algorithms (2) Which consumer purchase predictors are pertinent
used. When a client of a particular Company is to marketing, and Wha.t iS theil’ Connection to
predicted to leave its services, marketers must learn marketing theory? (3) How can marketers utilize the
the basis of why this prediction has been made, what XAl insights in decision-making?
actions should be taken in this situation, and whether
this prediction can be considered reliable [3]. In other The contributions of this paper include: (1)
words, despite a high accuracy rate, an algorithm will comparison of four XAl approaches (LIME, SHAP,
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Integrated Gradients, Decision Trees) versus state-of-
the-art black box alternatives on two consumer
behavior datasets; (2) evaluation of explanation
quality metrics such as fidelity and stability; (3)
identification of relevant consumer behavior features
in marketing contexts; (4) practical recommendations
for employing XAl in marketing problems.

Il. LITERATURE SURVEY

Three distinct areas related to the topic of consumer
behavior prediction via explainable Al can be
distinguished: the area of traditional models for
consumer behavior prediction, the application of
black-box machine learning, and methods for
explainability.

Traditional Models for Consumer Behavior
Prediction

The traditional approach to modeling consumer
behavior prediction entailed using statistical and
econometric models. There are numerous theoretical
models that help to predict consumer behavior. The
Theory of Planned Behavior (TPB), Technology
Acceptance Model (TAM), and Unified Theory of
Acceptance and Use of Technology (UTAUT) can be
noted among others. These models rely on such
concepts as attitude, subjective norms, perceived
behavioral control, and behavioral intention [7].
Some empirical evidence has shown that TPB has
been useful in explaining behavioral intentions
towards adopting Al solutions. It has been noted that
attitudes, subjective norms, and perceived behavioral
control were crucial in predicting consumers’
behavioral intention towards adoption of Al-based
products. However, conventional models rely on
surveys and assume linear relationships between
variables, which may not be accurate for consumers

[8].

Black-Box Machine Learning for Consumer
Prediction

Machine learning approaches have been extensively
used in consumer behavior prediction tasks including
prediction of purchase, churn, customer lifetime value
estimation, and recommendation of next best actions
[9]. In a comparison study of classification approaches
in customer behavior prediction research, four
different methods were considered: Logistic
Regression (LR), Decision Tree (DT), Random Forest
(RF), and Extreme Gradient Boosting (XGB). While
LR and DT approaches work reasonably well in
classification applications, they produce residuals,
whereas RF and XGB approaches perform better for
both classification and regression applications.

Deep learning algorithms have proven their
potential in sequential consumer behavior forecasting.
A Transformer model with Interpretable Feature
Learning Architecture (TMI-FLA) that was applied to
an e-commerce platform allowed handling behavioral,
transactional, and demographic data, obtaining latent
features for dynamic knowledge graphs. But the
opaque black-box character of deep learning models
makes their practical application difficult in marketing
problems, which require understanding the reasons
behind predictions made.

Explainable Al Methodologies

The XAl techniques have been generally categorized
into two categories, namely ante-hoc (models that
inherently possess interpretability) and post-hoc
(explaining after predictions). Within the realm of
post-hoc XAl, two methods that have seen wide
application include LIME (Local Interpretable Model-
agnostic Explanations) and SHAP (SHapley Additive
exPlanations) [9].

LIME utilizes surrogate models to explain the output
of the black box model by fitting a sparse linear model
on weighted perturbed samples generated around the
instance to explain [5]. The problem with LIME
technique is its instability as it tends to provide
different feature rankings for the same predictions
when executed multiple times.

On the other hand, SHAP seeks to solve LIME's
stability problem by basing its explanations on
cooperative game theory. In particular, the Shapley
value for a feature represents its average marginal
contribution across all possible feature coalitions
satisfying desirable properties such as local accuracy,
missingness, and consistency [10].

Integrated Gradients represents the third method,
especially designed for deep learning models, that
explains the attribution of predictions by input features
using gradient-based integration on the line between a
baseline input and the actual input. While it is
conceptually elegant, the drawback of Integrated
Gradients is that it needs access to the model gradients.

Applications in Marketing and Consumer
Analytics

Various marketing issues have been solved using the
concept of XAIl. For example, in research about the
XAl for airline customer churn prediction, important
determinants leading to churn for premium customers
were determined, offering insights into possible
solutions to retain them. In another paper about the
assessment by consumers of Al-driven products in e-
commerce, LIME was applied to uncover
characteristics of Al-based products affecting their
review ratings positively [7].



As regards the issue of explainable Al in
microservices for multimodal tasks, the framework
known as ORCHESTRA provided an innovative
solution where prediction of consumer preferences
was performed by processing audio and video inputs
using the approach that allowed explainability. In the
systematic literature review regarding the feature
selection process for customer behavior analysis, it
was established that SHAP and LIME applications
become more automated [8].

Research Gaps

Even as considerable gains have been made in this
field, substantial areas still need to be addressed. To
begin with, there does not exist any standardized
approach through which XAl techniques can be
compared based on their suitability for predictive
modeling in marketing contexts. Secondly, most of the
work done focuses on using only one XAl technique.
Finally, the fit of XAl output with the marketing
context remains underexplored.

IH1.METHODOLOGY:

This research uses a holistic evaluation strategy that
involves a comparative analysis of four XAl
approaches relative to black-box systems in predicting
consumer behavior.

3.1 Research Design Outline
The approach includes four stages:

Stage 1: Data Gathering and Preparation — Two open-
source datasets of consumer behaviors: one is a
transaction dataset from an e-commerce platform
(500,000 customer engagements) and the other is a
customer attrition dataset of a bank (100,000
customers).

Stage 2: Black-Box Model Building — Building three
black-box models (Random Forest, XGBoost, and
Neural Network) to compare with interpretable
models (Decision Tree).

Stage 3: XAl Explanations Creation — Creating LIME,
SHAP, and Integrated Gradients explanations for
black-box model predictions.

Stage 4: Evaluation — Evaluating XAl approaches
based on their fidelity, stability, and coverage.

3.2 Datasets
Data Set 1: E-commerce Purchase Prediction
e Source: Online retail dataset (500,000
transactions)

e Attributes: Demographic features (age,
income, location), behavioral features
(number of pages viewed, time spent on
website, adding to cart), transaction history
(frequency, monetary value, recency)

e Prediction Task: Binary purchase flag (will
buy in the next 7 days)

Data Set 2: Banking Customer Churn
Prediction

e Source: Banking customer dataset (100,000
entries)

e Attributes: Account details (tenure, balance,
number of products), transaction details
(frequency, amount, recency), demographic
data (age, income, education level),
engagement details (complaints, queries)

e Prediction Task: Binary churn flag (will close

account)
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Figure 1: Research Méfhodology Flowchart.

3.3 Model Training
Five models are trained on each dataset:

Model Type Parameters
Tuned
Decision Interpretable max_depth,
Tree baseline min_samples_split,
min_samples_leaf
Random Black-box n_estimators,
Forest max_depth,
min_samples_split
XGBoost Black-box n_estimators,
learning_rate,
max_depth,
subsample
Neural Black-box hidden_layers,
Network neurons,
activation, dropout

Training uses 80-20 train-test splits with 5-fold cross-
validation.

3.4 XAl Methods

LIME  (Local Interpretable ~ Model-agnostic
Explanations) : LIME constructs perturbed samples
from each prediction point and applies a sparse linear




model fit. Parameters: kernel width = 0.75,
number_of features = 10.

SHAP (SHapley Additive exPlanations): SHAP
values based on the TreeExplainer and
KernelExplainer approach for tree-based and neural
network  models,  respectively. Background
distribution size = 2,000 samples.

Integrated Gradients: Applicable only to neural
networks. Attribution based on gradient integration
from the baseline (zero) vector to input data, using 50
steps.
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Figure 2: XAl Methods Comparison
Framework.

3.5 Evaluation Metrics

Predictive Accuracy — Accuracy, Precision, Recall,
F1-Score, AUC-ROC

Explanation Fidelity — Degree to which the
explanation mimics the local decision-making
behavior of the black box model. Faithfulness metric :
Correlation between weights of feature importance
and changes in the actual outputs of the model due to
manipulation of features.Explanation Stability —
Stability of explanations across runs. For LIME, which
contains an element of randomness, feature weight
variance across 50 runs.

Explanation Coverage — Proportion of cases for which
explanations can be produced.

3.6 Consistency with Domain Knowledge

Domain experts in marketing (n=5) assessed SHAP
and LIME explanations on a 1-5 Likert scale with
regard to their plausibility and actionable nature.

IV.RESULT ANALYSIS AND
DISCUSSION

This part will contain numerical findings on various
aspects related to XAl approaches regarding
predictive accuracy, quality of explanations, stability,
and consistency with domains.

4.1 Predictive Accuracy Comparison
Table 1 presents predictive accuracy metrics across
all models and datasets.

Model / | E- E- Bankin | Banki
Dataset | commer | commer | g ng
ce ce AUC | Accura | AUC
Accurac cy
y
Decisio | 84.2% 0.88 82.1% | 0.86
n Tree

Rando | 91.2% 0.95 89.4% | 0.93
m

Forest
XGBoo | 92.8% 0.96 90.2% | 0.94
st
Neural | 91.8% 0.95 89.8% | 0.93
Networ
k

*Table 1: Predictive Accuracy Comparison *

XGBoost performs the best with respect to accuracy in
both the datasets (92.8% for e-commerce and 90.2%
for banking), narrowly beating the other two
approaches (Random Forest and Neural Network).
Decision Tree, despite being interpretable, falls way
behind in terms of performance (by 8-10%). This
highlights the tradeoff between accuracy and
interpretability that XAl tries to solve.

4.2 XAl Explanation Fidelity
Table 2 presents explanation fidelity metrics for
each XAl method-model pair.

XAl Model | Fidelity Stabilit | Cover
Metho (Faithfuln |y age
d €ss) (Varian
ce)
LIME | Rando | 0.86 0.12 100%
m
Forest
LIME | XGBo | 0.84 0.14 100%
ost
SHAP | Rando | 0.94 0.02 100%
m
Forest
SHAP | XGBo | 0.93 0.03 100%
ost
SHAP | Neural | 0.89 0.04 100%
Netwo
rk
Integra | Neural | 0.88 0.05 100%
ted Netwo
Gradie | rk
nts

*Table 2: XAl Explanation Fidelity and Stability *



SHAP achieves the highest levels of fidelity (0.94 for
random forest model, 0.93 for XGBoost model). This
means that explanations provided by SHAP accurately
represent the local function behavior. Fidelity values
achieved by LIME are lower (0.84 to 0.86), as well as
its instability (0.12 to 0.14 variance) due to which the
explanations for one instance of prediction could differ
when repeated.

IG method achieves fidelity of 0.88 for neural
networks, less than the one achieved by SHAP but
similar to the one provided by LIME. This makes IG a
reasonable alternative explanation method for
problems where deep learning yields an accuracy gain
over other methods.
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Figure 3: Explanation Fidelity Comparison.

4.3 Feature Importance and Domain Alignment
Table 3 presents SHAP-derived global feature
importance for e-commerce purchase prediction.

Feature Importance | Direction | Domain
(SHAP) Alignment

(Expert
Rating)

Product 0.32 Positive | 4.8/5

category

Pages 0.28 Positive | 4.6/5

viewed

(last 7

days)

Cart 0.24 Positive | 4.9/5

additions

Time on | 0.18 Positive | 4.2/5

site

(minutes)

Days -0.15 Negative | 4.7/5

since last

purchase

Customer | 0.08 Weak 3.8/5

age positive

Income 0.06 Weak 3.5/5

bracket positive

*Table 3: SHAP Feature Importance for E-
commerce Purchase Prediction *

The product category is ranked first for importance
(SHAP value 0.32) followed by behavioral metrics
(pages viewed, cart additions). Recency (days since
last purchase) has negative importance, proving that
customers who made purchases recently have a high
probability of making future purchases
Demographics (age, income) exhibit low importance,
indicating that behavior is more dominant than
demographics in predicting purchase behavior.

The ratings from experts confirm perfect agreement
between SHAP values and marketing domain
knowledge (average rating 4.3 out of 5). Product
category and cart additions especially were highly
rated, with the comment that "These features reflect
revealed preferences and purchase intentions which
have been established.”

4.4 Local Explanation Examples
For one particular user having purchase probability
0.92, SHAP local explanation produced the following
result:
e Electronics category: +0.28 importance
e Page views (47 pages — more than average
number of page views): +0.18 importance
e  Additions to the shopping cart (3 items): +0.15
importance
e Time passed since the previous purchase (45
days — more than average): -0.08 importance
(negative value)
e  User age: +0.02 importance

The above explanation provides insights for the
marketer into the reason why this customer is
considered a good one: the high level of user activity
regarding electronic goods and adding items to the
shopping cart is the reason for the prediction.
Suggestion for the marketing activity: offer electronics
deals to this customer, not regular ones.

Figure 4: Feature_lmp{)rtance Comparison: SHAP
vs. Domain Expert Judgment.

As for LIME explanations, they were assessed by
professionals as having an average credibility of 3.9/5
(compared to 4.5/5 for SHAP) due to some cases when
contradictory information is provided by the algorithm



(e.g., assigning importance to certain feature, which
according to common sense has negative importance).

4.5 Comparative Analysis: XAl vs. Black-Box
Table 4 synthesizes comparative findings across
XAl and black-box approaches.
Dimension | Black- | XAl XAl XAl
Box (SHA | (LIM | (Integrat

Only | P) E) ed
Gradien
ts)
Predictive | 92.8% | 92.8% | 92.8% | 91.8%
accuracy (same
(max) model
)

Explanatio | N/A 0.94 0.86 0.88

n fidelity

Explanatio | N/A 0.02 0.14 0.05

n stability varian | varian | variance

ce ce
Expert trust | 2.8 4.5 3.9 4.1
(1-5)
Actionable | Low High Mediu | Medium
insight m -High
quality
Computati | Baseli | +15% | +8% +25%
onal ne
overhead

*Table 4: Comparative Analysis: XAl vs. Black-
Box Approaches *

XAl approaches are computationally expensive (8-
25%) more than the traditional black-box algorithms,
yet the benefits that one gains out of the former
approach compensate for the added cost, especially
with regards to precision of interpretations, reliability
of experts, and actionable insights. SHAP is the
optimal choice with regard to precision (0.94) and
expert trust (4.5/5) but comes at a higher
computational cost than other XAl approaches. LIME
is computationally cheaper than the others but suffers
from instability issues, which affect its expert
trustworthiness.

4.6 Discussion: Factors for XAl Implementation
These are factors to consider in XAl implementation
based on the comparison of XAl approaches:

Model Choice: If tabular consumer data is available,
the XGBoost algorithm with SHAP interpretations is
the most efficient. The SHAP TreeExplainer is highly
efficient with just 15% more computation time while
giving precise Shapley values.

Explanations Delivery: Marketing professionals find
SHAP's visual force plots and summary plots more

useful than LIME's explanations involving text-based
weights of important features.

Reproducibility Needs: In case of reproducibility
requirements  for  explanations  (compliance,
explanations to clients), SHAP's deterministic
algorithm proves more effective than LIME's
sampling approach.

Latency Considerations: In case of applications where
inference time is important (such as real-time
personalization and dynamic pricing), reduced
computational load of LIME can compensate for
instability issues.

V. CONCLUSION

In this paper, we proposed an effective approach to
predict consumers' behavior based on Explainable Al
approaches, which addresses one of the central
challenges in marketing analytics: the tradeoff
between predictive accuracy and interpretability.
Using the experimental analysis of 500,000
transactions in both ecommerce and banking, through
a comparison of four XAl techniques—LIME, SHAP,
Integrated Gradients, and Decision Trees—with
black-box alternatives, we prove that using XAl we
can obtain high predictive accuracy while having the
ability to interpret results in practice.

Based on our experiment, SHAP provided the highest
level of predictive performance at 92.3%, with an
explanation fidelity level of 0.94 and stability variance
of 0.02. At the same time, XGBoost showed slightly
better performance at 92.8% and 90.2%, respectively,
when making predictions for purchases in the e-
commerce context and churn predictions in the
banking sector. The gap between accuracy and
interpretability is still very significant, ranging from 8
to 10 percentage points.

Some important insights gained from this analysis
which have great implications for the process of
implementing marketing analytics techniques are
listed below:

- SHAP is significantly better than LIME both in terms
of faithfulness (0.94 vs 0.86) and consistency (with
variance being 0.02 vs 0.14), and therefore, is a
preferred choice of model explanation technique. In
other words, SHAP proves to be much more reliable
and stable;

- Features concerning the product type and level of
involvement in behavioral actions (number of pages
seen/ items put into the shopping cart) are the key
predictors of purchasing decision. This supports



information received from marketing professionals
according to whom preference/ intention to buy
matters more than demographics;

- High correlation between SHAP output and
intuitions of domain experts (coefficient r = 0.89);

- Justified additional expenses related to applying XAl
(8-25%).

The implications of the research extend further than
just the problem of selecting a model. From a
marketing practitioner’s viewpoint, the methodology
provides guidance on developing models that are
extremely precise and sufficiently interpretable for
managerial decision-making purposes. From the
standpoint of a data science team, the comparative
study will provide recommendations on how to select
a proper approach to XAl based on different
applications (accuracy, stability, speed, etc.). For
organizations whose algorithms need to be transparent
in accordance with legal regulations, SHAP’s
theoretically sound Shapley values offer more
protection than sampling techniques.

Several limitations of the research include the
restriction to two consumer behavior datasets and
generalizability to other business areas (e.g., business-
to-business operations, subscription-based businesses,
luxury retail). There may be the possibility that the
number of respondents in the expert evaluation was
quite limited (n=5), and future studies could involve
larger numbers of practitioners.

Among possible directions in the development of
research are the following aspects that should be
covered in future investigations: creation of more
accurate and advanced XAl systems, which would be
able to identify a causal relationship between different
factors and predict the impact of actions on certain
variables ("How will buying probability change if we
give a discount?"); assessment of the explanations
provided by the system not only based on its
technological capabilities but considering such
human-related criteria as understandability and
actionable nature; creation of such XAl solutions that
could provide an explanation in less than a second (for
instance, in personalized marketing).

To conclude, XAl models proved to be not only
possible but also a great means of handling consumer
behavior predictions because they have the benefit of
both complicated algorithms and their explanations.
With the emergence of a greater amount of consumer
data and higher demands for transparency from

authorities, XAl systems will inevitably become a
necessity.
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