TAES International Journal of Artificial Intelligence (I1J-AI)
Vol. 15, No. 5, October 2026, pp. 4919~4932
ISSN: 2252-8938, DOI: 10.11591/ijai.v15.15.pp4919-4932 O 4919

Generative artificial intelligence personalization and consumer

behavior analytics

Endang Tjahjaningsih!, Elen Puspitasari?, Felix Andreas Sutanto®, Dewi Handayani Untari Ningsih?,

Dwi Budi Santoso*

"Department of Management, Faculty of Economics and Business, Universitas Stikubank, Semarang, Indonesia
“Department of Accounting, Faculty of Economics and Business, Universitas Stikubank, Semarang, Indonesia
3Department of Informatics Engineering, Faculty of Information Technology and Industry, Universitas Stikubank, Semarang, Indonesia
“Department of Information System, Faculty of Information Technology and Industry, Universitas Stikubank, Semarang, Indonesia

Article Info

ABSTRACT

Article history:

Received Sep 30, 2025
Revised Jul 28, 2026
Accepted Aug 12, 2026

Batik micro, small and medium enterprises (MSMEs) sustain Indonesia's
textile heritage and local livelihoods but struggle with customer retention
due to conventional marketing and limited artificial intelligence (Al)
adoption. The shift to digital commerce requires affordable, culturally
relevant Al strategies. This study proposes an integrated framework

combining recency, frequency, monetary (RFM) analytics, K-means
clustering (K = 5), random forest churn prediction, and transformer-based
Keywords: generative Al for personalized promotions delivered via WhatsApp business
API. Evaluated over 12 months with 20 batik MSMEs in Central Java (300
customers, 873 transactions), the framework employed temporal data
el splitting (9 months training, 3 months testing) and A/B testing against
GenAl personalization generic campaigns. Human evaluation assessed message relevance and
K-means clustering cultural appropriateness, while all data were anonymized with informed
Random forest consent. Results show improvements of +17% in retention prediction
RFM analytics accuracy, +23% in click-through rate, and +21% in purchase frequency
versus baselines (p < 0.05, Cohen's d = 0.68, power > 0.8). The system costs
below USD 20 per MSME per month, offering a scalable, human-centered
pathway to strengthen loyalty in emerging markets.
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1. INTRODUCTION

Beyond their economic contribution, batik small business enterprises preserve cultural heritage and
support local livelihoods [1]. However, these enterprises face challenges in retaining customers due to
reliance on conventional marketing, while the shift to digital commerce highlights the urgent need for
artificial intelligence (Al)-driven strategies to enhance competitiveness. With consumer behaviors
increasingly shaped by e-commerce platforms, adopting Al-based marketing strategies has become essential
for small business enterprises to remain sustainable in a rapidly evolving market [2], [3].

The core problem addressed in this study is the absence of Al-driven personalization in the
marketing strategies of batik small business enterprises, which leads to weak customer engagement and low
loyalty [4]. This challenge is amplified by changing consumer expectations: surveys reveal that 91% of
customers prefer brands offering tailored promotions, and 85% are more likely to purchase when exposed to
individualized recommendations [5]. However, most batik small business enterprises lack the technological
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capability and expertise to implement such personalization [6], [7], creating a pressing digital divide in
emerging markets. Customer segmentation was performed using recency, frequency, and monetary (RFM)
analysis [8] and k-means clustering [9], [10], while customer churn was predicted using the random forest
algorithm [11]. The resulting insights were integrated with a generative artificial intelligence (GenAl) model
to produce personalized promotional messages and product recommendations [12].

Empirically, the study draws on primary data from 20 batik small business enterprises located in
Solo, Pekalongan, and Bakaran (Pati), involving 300 respondents across an eight-month implementation
period. The system’s effectiveness is evaluated using predictive retention accuracy, click-through rate
(CTR) [13], and purchase frequency as performance indicators [14]. Existing studies have explored
digitalization for small business enterprises, focusing primarily on skill development, creative design, or
generic online promotion [3], [15]. Other works applied churn prediction or customer segmentation
independently. Yet, these approaches did not integrate advanced personalization techniques or leverage
GenAl [16]. Unlike prior research that targeted large-scale enterprises in developed contexts [17], this study
emphasizes culturally grounded and resource-constrained small business enterprises [18], highlighting a gap
in localized Al adoption [19].

This study addresses the gap in the literature on the application of Al-driven personalization in
batik small business enterprises in emerging markets [20]. While many studies focus on small business
enterprises digitalization, most emphasize conventional marketing or large-scale technology use [21], [22].
The main gap is the inability of many small business enterprises to adopt advanced technologies like GenAl
affordably [23]. This study proposes an integrated solution combining behavioral analytics, Al
personalization, and WhatsApp business application programming interface (API) [24]-[26] to enhance
customer loyalty and competitiveness in batik small business enterprises [27].

An integrated marketing framework is introduced by incorporating GenAl into marketing strategies
for local small business enterprises [28], combining consumer analytics with adaptive personalization [29],
and applying human-centered Al principles to improve usability while maintaining cultural relevance [30].
By offering an affordable and scalable solution, this study provides an alternative approach that enriches
existing methods of Al-enabled marketing in emerging markets [31]. The proposed framework broadens the
scope of Al-driven consumer behavior analytics [32] by translating analytical insights into sustainable
customer loyalty practices for batik small business enterprises.

2. METHOD
2.1. Research design

This methodology involves a three-stage process. First, input data is collected from batik small
business enterprises through transaction logs, consumer surveys, and social media interactions [33].
Pre-processing includes data cleaning, normalization, and exploratory analysis. Second, consumer behavior is
analyzed using the RFM feature [29], segmented with k-means (K = 5) [34], [35] and churn risk is predicted
with random forest (100 trees, 10-fold customer lifetime value or CLV). Third, high-priority customers are
identified using a combined churn-value score, followed by GenAl message generation (transformer-based,
enhanced with batik domain prompts), automatic delivery via WhatsApp business API, and evaluation
focuses on metrics directly linked to the implemented methods. For churn prediction (random forest),
accuracy, and F1-score are used as primary indicators. For GenAl personalization, campaign effectiveness is
assessed through CTR and A/B testing against baseline generic campaigns, using purchase frequency and
retention uplift as key comparative metrics. The behavioral analysis considered three primary aspects as
shown in Figure 1: the geographical distribution of participating batik small business enterprises across
Bakaran Pati, Solo, and Pekalongan as in Figure 1(a), customer age characteristics as in Figure 1(b), and
transaction value patterns as in Figure 1(c).

2.2. System flow GenAl personalization and consumer behavior analytics enhance batik customer loyalty

This system flow illustrates the integration of GenAl, consumer behavior analytics, and
automated campaign orchestration to personalize customer experience and increase batik consumer loyalty
(Figure 2). The flow connects upstream behavioral segmentation with downstream adaptive content
generation and delivery, ensuring that each customer receives contextually relevant engagement. By
bridging analytic outputs with generative capabilities, the system enables continuous, culturally grounded
personalization at scale.

2.3. Pre-processing
Pre-processing was performed to enhance data quality and ensure compatibility with subsequent
analytical procedures [36]. Figure 3 summarizes the sequence of operations applied before model
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implementation, namely data cleaning [37], numerical normalization [38], and exploratory data analysis

(EDA) for behavior patterns.

—  Data cleaning: to improve dataset reliability, duplicate records were climinated, and incomplete
observations were systematically resolved. Statistical imputation (mean, median, or mode) was
employed for recoverable missing values, whereas records with more than 50% unavailable information
were omitted. Format standardization and logical validation were subsequently performed to ensure data
consistency, including verification that product prices remained within valid, non-negative ranges.

—  Numerical normalization: numerical normalization is carried out so that numerical data is on a
uniform scale, which will facilitate the application of machine learning algorithms [39] and statistical
analysis [40], which includes: i) min-max scaling [41], this is useful to ensure that each numerical
feature has a comparable influence in the model; ii) standardization (z-score normalization) [42]; and
iii) log transformation [43], [44].

— EDA: EDA for behavior pattern [45] is obtained based on consumer behavior patterns [46],
transactions, and social media [47].
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Figure 1. Data analysis of batik small business enterprises customer behavior: (a) distribution by location,
(b) customer age distribution, and (c¢) transaction value distribution
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Figure 2. System flows GenAl personalization and consumer behavior analytics enhance batik customer loyalty
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Figure 3. Pre-processing stages

2.4. Behavior analysis

Behavior analysis provides the analytic foundation for the personalization framework. It is
conducted through RFM feature engineering [48] to extract RFM values, k-means clustering [49] to form
multidimensional customer segmentation, and random forest classification [50] to predict potential customer
churn. Together, these techniques support data-driven retention and personalization strategies by linking
behavioral history to forward-looking risk estimation [51].

2.4.1. RFM feature engineering and normalization

RFM feature engineering transforms raw transactional histories into interpretable behavioral
dimensions. This subsection describes how raw RFM values are normalized and combined into a composite
score to enable fair comparison across customers. Each normalization step is introduced separately below as
defined in (1) to (3), following established RFM practices [52].
i)  Min-max normalization (for F and M):

X = X—-Menit(x) XE{F, M] (1)

T max(x)-menit(x)’

where X represents the original value, X' the normalized value, and min (x) / max(x) the observed
bounds, with min—max normalization applied to the frequency (F) and monetary (M) variables.
ii)  For recency (the smaller the better), use inverted scaling:

R-min(R)
max(R)—-min(R)

CTR=1- )

where CTR denotes the normalized recency score; R is the time since the last purchase; min(R) and
max(R) indicate the dataset bounds
iii) Weighted RFM composite score:

Spem = g R+ 10pF + 1wy, M, 105 + 10p + 10y =1 3)

where Sgpy indicates the weighted RFM score, where normalized R, F, and M are combined using
weights wop , 10p, and 10y,.

2.4.2. K-means clustering (multidimensional segmentation)

Multidimensional segmentation groups customers with similar behavioral profiles. This
subsection formulates the k-means optimization objective as defined in (4) and explains the selection of
the optimal number of clusters using the elbow method and silhouette analysis, as applied in prior
clustering studies [53].

i)  K-means optimization goal:

min

o) allx; — :uc(i)”; 4)
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where N is the total number of data points, x; denotes the i-th data vector, y, is the centroid of cluster k,
c(i) represents the cluster assigned to x;, and ||x; — uc(i)|| i is the squared Euclidean distance between
x; and its assigned centroid. The optimization goal is to minimize the total squared distance of all data
points from their assigned cluster centroid.

ii)  Selection of the optimal number of clusters: the number of clusters is determined using the elbow
method and silhouette analysis. Based on these evaluations, (K = 5) is selected as the optimal number of
clusters. The silhouette score is calculated as (5).

b (D-a(i)

$ =0 = eor

)

Where S = (i) indicates the silhouette score for observation i; a(i) and b(i) correspond to intra- and
nearest-cluster distances, respectively, with max{a(i), b(i)} used for normalization.

Interpretation: S = (i) near 1 indicates well-separated clusters, values around 0 suggest boundary
points, negative values imply misclassification, and an average score above 0.65 reflects good
clustering quality.

2.4.3. Random forest for churn prediction

Churn prediction estimates the likelihood that an active customer becomes inactive in the upcoming
period. This subsection defines the random forest churn probability as defined in (6) and summarizes the core
hyperparameters used for training and validation under temporal splitting. The approach builds on prior
churn modeling work [11], adapted to the batik micro, small and medium enterprises (MSME) context where
class imbalance and temporal leakage are critical concerns.
i)  Churn probability [11]:

PO = churn |x) = 1 T1y 1 (ke (x) = churn} ©)

where x represents customer features, y the actual class label, p(y = churn|x) the estimated churn
probability, T the number of decision trees, h,(x) the prediction from tree t, and 1{-} indicator function.
ii)  Core hyperparameters:

T = 100 trees, max_depth = 10,10 times CLV

2.5. Campaign orchestration

Campaign orchestration is done with target priority scores to determine the main audience, GenAl
continues to produce adaptive messages [54], then automatically distributed via WhatsApp business API to
increase the effectiveness of customer interactions [26]. Target priority and campaign orchestration as
defined in (7).
i)  Priority score (combining customer value and churn risk).

Starger = a.p(churn|x) + B.V(x),a,B >0 7)

moneter

where V(x) can be a value estimation.

i)  GenAl formula: adaptive messages are generated with conditional probabilities as defined in (8).

*

y" = argmaxpo(y le,R,c) ®)

where y* represents the adaptive message; e, R, and ¢ correspond to customer embedding, retrieved
product information, and context profile, whereas py defines the GenAl conditional probability.

iii) Automatic distribution via WhatsApp business API: message distribution is done automatically after the
target priority score is calculated as (9).

1when S(c) = © A APLy 4 (y* ) = Success

Delive c) =
v (©) {Oother

)

where ¢ represents the customer, S(c) the priority score, 7 the predefined threshold, y* the adaptive
Al-generated message, and APly 4 (o) the message delivery status via WhatsApp business APIL.
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2.6. Evaluation metrics
The evaluation is limited to metrics directly aligned with the implemented methods, ensuring
consistency and replicability:
i)  Random forest churn prediction:
— Accuracy: measures overall correctness of predictions as defined in (10).

TP+TN

Accuracy = m (10)

The notation TP, TN, FP, and FN identifies correct positive outcomes, correct negative outcomes,
false alarms, and missed detections, respectively

— Fl-score evaluates the balance between precision and recall, making it particularly suitable for
imbalanced churn datasets, as defined in (11).

TP TP PrecisionXRecall
, Recall = ——, F1 — score = 2 X —— (11)
TP+FP TP+FN Precision+Recall

Precision =

Where TP, FP, and FN denote positive prediction outcomes. Classification performance is measured
using precision, recall, and F1-score, where F1-score reflects the balance between both metrics.
ii)  GenAl personalization (campaign effectiveness)
— CTR: evaluates user engagement with personalized messages, as defined in (12).

(Number of click)
Number of Delivered Messages

CTR =

x 100% (12)

— A/B testing with retention metric: compares performance of personalized campaigns (group A) vs
generic campaigns (group B), as shown in (13).

A Retention = Retention, — Retentiong (13)

Statistical significance is tested using a paired t-test or ANOVA.

3. RESULTS AND DISCUSSION

To process and analyze data, pre-processing is crucial to ensure it is ready for further analysis.
Based on system flows GenAl personalization and consumer behavior analytics enhance batik customer
loyalty, the activity stage begins with inputting transaction data for 12 months, covering all commercial
activities of 20 batik small business enterprises registered in the study with 300 customers. Overall,
873 transaction records were processed as the primary input for customer behavior analysis.

3.1. Pre-processing, load, and validate data

The data used for the analysis are seven files in .csv format, namely umkm_data.csv (20 small
business enterprises marketing), customer data.csv (300 customers), transaction_data.csv (873 transactions),
product_data.csv (45 products), rfm_data.csv (302 RFM analysis), social media data.csv (1,248 transactions),
and ab_testing_data.csv (300 A/B testing). In the data loading and validation phase, all source files
(small and medium enterprises or SMEs, products, customers, transactions, social media interactions, RFM,
and A/B testing) are loaded using a Pandas-based I/O interface with explicit data type assignment to
minimize inference errors. The dataset summary is presented in Table 1, while the distribution of data
between consumers, RFM, and A/B testing, with large volumes on social media and transactions, is shown in
Figure 4. The summary of datasets used in the 12-month field study is presented in Table 2.

Table 1. Summary of datasets used for Al-based behavioral analysis

Dataset Rows Cols Nulls? Duprows Dtypes OK Dates OK
umkm_data.csv 20 8 No 0 Yes -
customer data.csv 300 10 No 0 Yes -
transaction_data.csv 873 9 No 0 Yes Yes
product data.csv 45 9 No 0 Yes -
rfm_data.csv 300 5 No 0 Yes -
social media data.csv 1,248 7 Yes 0 Yes Yes
ab testing data.csv 300 8 No 0 Yes Yes
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Figure 4. Data distribution for Al-based behavioral analysis: proportional volume across customer, RFM,
A/B testing, transaction, and social media records

Table 2. Summary of datasets used in the 12-month field study

Dataset Records Description Period
umkm_data.csv 20 Batik MSME:s (Solo, Pekalongan, Bakaran) 12 month
customer data.csv 300 Customer profiles 12 month
transaction data.csv 873 Purchase transactions 12 month
product data.csv 45 Product catalog 12 month
rfm_data.csv 302 RFM scores Derived
social media data.csv 1,248 Social interactions 12 month
ab testing data.csv 300 A/B assignments (150/150) 4 weak

3.1.1. Data cleaning and validation

The data cleaning process resulted in 47 missing values (5.4%) using the appropriate imputation
technique; 23 anomalous transactions (2.6%) with statistical methods and domain knowledge validation. Data
validation ensured 100% consistency, resulting in a reliable dataset for further analysis. Figure 5 presents an
overview of the data cleaning and validation process. Specifically, Figure 5(a) illustrates the missing value
handling process, Figure 5(b) presents anomalous transaction detection and validation, and Figure 5(c)
demonstrates the post-validation consistency of the dataset.

Missing Values (Imputed) Anomalous Transactions Post-Validation Consistency

Flagged & Validated Consistency 100%

T T T 1
m Missing: 47 (5.4%) mmm Normal: 850 0 20 40 60 80 100
W Non-missing: 823 M Anomalies: 23 (2.6%) Percent
(a) (b) (©)

Figure 5. Data cleaning and validation overview: (a) missing value handling (47 records, 5.4%),
(b) anomalous transaction detection (23 records, 2.6%), and (c) post-validation consistency (100%)
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3.1.2. Numerical normalization and exploratory data analysis

Numerical normalization successfully standardized 15 variables with different scales [38]—[40].
Customer age distribution is concentrated in 25-45 years, transaction values are right-skewed, and traditional
batik patterns are preferred. Correlation analysis indicates older customers tend to generate higher transaction
values (r = 0.78) [46]. The effect size of personalization on transaction value was medium-to-large
(Cohen's d = 0.68), complementing significance testing. Figure 6 provides an overall visualization of the
effect of Z-score standardization on the scale distribution of the 15 numerical variables. Figure 6(a) shows
the pre-normalization scale heterogeneity, while Figure 6(b) demonstrates post-standardization alignment,
enabling unbiased k-means and random forest training.
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Figure 6. Z-score standardization for 15 numerical variables: (a) before normalization, showing
heterogeneous scales and (b) after standardization, centered around zero

3.2. Behavior analysis and predictive modeling
This section presents the empirical outcomes of behavioral modeling and predictive evaluation.

Results are organized by RFM engineering, clustering, and churn prediction, each linked to subsequent

GenAl personalization and campaign results. All findings are reported with respect to the 12-month field

study and temporal hold-out protocol described in the methods.

i)  RFM feature engineering: RFM analysis successfully grouped 300 customers, with distribution scores
showing 40% in the high recency category, frequency scores identifying 25% of customers as frequent
buyers (> 5 transactions), and monetary scores revealing that 30% of customers contribute 70% of
total revenue. Figure 7 presents the RFM feature engineering results. Figure 7(a) shows the distribution
of RFM scores, while Figure 7(b) shows the composite RFM score density (3—15). Composite RFM
scores (3-15) show concentration in the middle range (7-12), which reflects behavioral heterogeneity in
the customer base.

i) K-means clustering: k-means clustering with K = 5 successfully identified distinct customer segments
by showing champions 42 customers (14.0%), loyal customers 73 (24.3%), at risk 33 customers
(11.0%), can't lose 52 customers (17.3%), and lost 100 customers (33.3%) as shown in Figure 8.

iii) Random forest for churn prediction: the random forest classifier for churn prediction achieved 87.3%
accuracy with a precision of 0.85 and a recall of 0.89 as shown in Figure 9. The model identified
45 customers (15%) with high churn risk who required immediate intervention strategies, as shown
in Figure 10.
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Campaign effectiveness (A/B): over the 4-week randomized A/B test (n = 150 per group),
GenAl-personalized messages (group A) achieved CTR 12.4% versus 10.1% for generic broadcasts (group B),
a relative uplift of +23% (delta = 2.3 pp, two-proportion z-test p = 0.018, Cohen's h = 0.22). Purchase
frequency per segment increased by +21% and retention (1 - churn_4w) improved from 55% (B) to 67% (A),
deltaRetention = +12 pp (+21% relative). Statistical tests confirmed improvements were significant
(p < 0.05) with power > 0.8 for medium effects. An ablation analysis confirmed that removing GenAl
personalization reduces CTR by 18% and retention uplift by 14 pp, verifying its causal contribution beyond
RFM/k-means alone.

Human evaluation and safety review: three batik MSME practitioners and two marketing
experts blindly rated 60 generated messages on 5-point Likert scales for relevance (M = 4.3), cultural
appropriateness (M = 4.5), and clarity (M = 4.4) [30]. All messages were screened for ethical compliance,
ensuring no misleading, harmful, or culturally inappropriate content, and were constrained via prompt filters
(max 30 words, no superlatives without evidence). This human-in-the-loop check complements automatic
metrics and aligns with human-centered Al principles [29]. From a deployment perspective, the system was
run on lightweight cloud services and the WhatsApp business API with an estimated operational cost below
USD 20 per MSME per month, making it affordable for small enterprises in emerging markets.

Recency Seg Score
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Others: 60.0%

Recency-Clusterization

70%

Number of Customers

Top 30% customers Bottom 70%
Customer Segment

(2)

Recency Seg with Buyers
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Il Engaged in 30 days: 41.0%
Others: 59.0%

Composite Score Distribution
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Figure 7. RFM feature engineering: (a) distribution of RFM scores, and (b) composite RFM score density (3-15)
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4. CONCLUSION

The combination of RFM analysis, k-means clustering, random forest churn prediction, and GenAl
personalization effectively strengthened digital marketing strategies for batik small business enterprises,
improving retention prediction accuracy by 17%, campaign CTR by 23%, and purchase frequency by 21%
compared with generic promotions (all p < 0.05, d = 0.68). Theoretically, the study extends RFM-based
segmentation with transformer-driven personalization in emerging markets. Practically, it offers batik
MSME:s a scalable, affordable (< USD 20/month), and culturally relevant solution that bridges advanced Al
and small-business needs. All customer data were anonymized before analysis, explicit consent was obtained
from participating MSME owners, and no personally identifiable information was stored, ensuring
compliance with data protection and ethical research principles.
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