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SUMMARY

Organizations are increasingly using analysis to understand consumer buying habits in order to
understand what type of promotional strategies work best for their products. This is due to the
fact that digital platforms have a greater influence on a consumer's purchasing decisions. A
complete quantitative approach is designed to understand the impact of social media influencer
marketing on brand equity and to forecast the demand for a product. Using historical sales data
to forecast future consumer behaviour, the two statistical models, namely, ARIMA and SEM,
were used to study the effect of promotion through influencers on consumer perceptions,
purchase intent, consumer engagement, and brand equity. For the empirical analysis, the study
relied on data from 1,248 responses to an online survey and total monthly retail and e-commerce
sales data, combined with the ARIMA model, which used historical purchasing patterns,
seasonality, and social media influencer engagement metrics to build forecasts of future
consumer demand patterns. The ARIMA model produced a MAPE of 4.82%, RMSE of 3.41,
forecast accuracy of 95.18%, and a correlation coefficient of 0.93, which shows that the
forecasting model is very reliable in predicting future demand. The results show that the
credibility of the influencer has a significant effect on the engagement of consumers (p = 0.81)
and their trust (B = 0.72), which in turn has a significant effect on consumers' intention to
purchase (B = 0.76) and brand equity. The theoretical model is found to be an acceptable model
with fitness indexes such as CFI=0.95, RMSEA =0.041, GFI=10.93, and Chi-square/df=2.11.
The results have shown that marketers' use of influencer marketing is crucial for the creation of
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brand equity and the predictability of demand. The integrated forecasting model can serve as a
practical application for organizations seeking to create effective marketing strategies, leverage
a customer-centric decision-making process, and ultimately, have a precise forecast of future
demand in the current competitive digital landscape.

Key words: social media influencer marketing, brand equity analysis, consumer demand forecasting,
ARIMA model, structural equation modeling, consumer purchase intention, digital marketing analytics

INTRODUCTION

Research from [1] indicates that companies employ digital influencers to influence their brand image in
two ways: the direct impact on shoppers' perception of their brands and their perception of how they
purchase products, and the ability to enhance customer satisfaction as they feel like they are a part of a
positive community around the brand and products. The increasing reliance on social network sites has
altered how marketers create ads, with new approaches using predictive analytics and consumer
behaviour modelling to inform marketing decisions [2].

Brand equity is now an important strategic asset as it is linked to customer loyalty, market positioning,
and long-term organizational profitability for the firm. Studies have shown that consumers tend to
associate the credibility, authenticity, expertise, and trustworthiness of an influencer with the quality of
the brand, and this positively influences both the likelihood of them purchasing from that brand and
developing an attachment to the brand [3]. In earlier research, it has been shown that congruence between
the influencer and product, and relevance of content, positively impact consumer trust in the brand and
increase their level of engagement with the brand [4]. Furthermore, digital influencers have also been
positively contributing to creating stronger emotional bonds between consumers and brands, leading to
higher retention rates and purchasing decisions by consumers [5]. Due to this, there has been increased
recognition of the need to integrate analytics from social media with quantitative forecasting approaches
to better understand shifting demand patterns in the marketplace.

Forecasting future consumer demand is essential for optimizing the supply chain, planning for inventory,
estimating sales, and handling market segmentation. Many businesses find value in using an accurate
forecasting model to predict future customers' demand given different kinds of market conditions and
shifting consumer preferences. One of the most widely adopted time-series methods used in business
analytics is the ARIMA. The ARIMA model can be useful because they provide ability to analyze data
for seasonal patterns, examine how demand changed over time, and evaluate how consumers purchase
goods at a certain point in time [6]. By leveraging ARIMA-based forecasting models, a company can
better allocate its resources, reduce operational uncertainty, and support strategic planning based on
data-driven decision making [7]. However, if a company only relies on historical sales data to forecast
consumer demand, it may miss important information regarding how social media and influencers
impact consumer behaviour.

SEM is a strong statistical methodology used in the analysis of more complex or latent variable
relationships such as influencer credibility, consumer trust, intention to purchase, customer engagement,
and brand equity, as proposed by [8]. In addition, SEM allows for an overall analysis of both direct
(one-step) and indirect (multiple steps) causes/effects between many constructs at once; thus, this
method enhances the interpretability of behavioral marketing models as proposed by [9]. In combination,
the use of ARIMA and SEM provides an integrated analytical framework linking demand forecasting
with behavioral consumer analytics; however, the combination of these two methods is still a relatively
undeveloped research area in both management science and technical research.

There is growing interest in studying both influencer marketing and how customers react to products;
however, the current literature does not provide a comprehensive view of the relationship between these
two areas from a quantitative perspective. Most existing approaches look either at predicting what
customers do or measuring their feelings about brands separately, which does not give a framework for
understanding them together as part of integrated analytic systems [10].
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Research Objectives

e RO1: To analyze the impact of social media influencer marketing on consumer purchase
intention and brand equity.

e RO2: To evaluate the relationship between influencer credibility, consumer engagement, and
brand trust using SEM analysis.

e RO3: To forecast consumer demand trends using the ARIMA time-series forecasting model.

e RO4: To examine the effectiveness of integrating ARIMA and SEM models for marketing and
demand prediction analysis.

e ROS: To identify the influence of consumer engagement metrics on future purchasing behaviour
and organizational decision-making.

Research Questions:

e RQ1: How does social media influencer marketing affect consumer purchase intention and
brand equity?

o RQ2: What is the relationship between influencer credibility and consumer engagement in
digital marketing environments?

e RQ3: How effectively can the ARIMA model forecast consumer demand patterns based on
historical sales and engagement data?

e RQ4: Does the integration of ARIMA and SEM improve analytical accuracy in marketing and
consumer behaviour studies?

e RQS5: How do engagement-driven marketing activities influence future consumer demand and
brand perception?

Hypotheses:

e Hi1: Influencer credibility has a significant positive effect on consumer engagement.

e H2: Influencer credibility has a significant positive effect on consumer trust.

e H3: Consumer trust positively mediates the relationship between influencer credibility and
brand equity.

e H4: Consumer engagement significantly influences purchase intention.

e HS: Purchase intention has a significant positive effect on brand equity.

Key Contributions:

e The study creates an integrated analytical framework of ARIMA-SEM to predict consumer
demand and assess the effects of social media influencer marketing on brand equity at the same
time.

e The proposed framework combines time-series forecasting and behavioral modeling to improve
predictive accuracy and consumer perception analysis within digital marketing environments.

e The research results confirm the important relationships between the variables of influencer
credibility, consumer engagement, purchase intention, consumer trust, and brand equity, with
the results of model fit indices in SEM that are satisfactory.

e The study offers valuable managerial insights for retail/e-commerce companies by showcasing
how indicators of SME can be applied to demand forecasting, strategic marketing optimization,
and customer-centric decision-making.

In this document, Section II reviews the previous research done on influencer marketing. Section III
describes the methodology that is used to complete the research project and includes information about
the area of study, the sample being studied, how data is collected, the theoretical framework, creating a
statistical model, and creating a statistical analysis. Section IV contains the results of the study; the
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evaluation of the study's predictions; the statistical analysis (i.e., SEM and testing of hypotheses); the
implications of the results from this study for businesses; and recommendations for future studies related
to integrated commercial forecasting and behavioral marketing analytics. Finally, section V summarizes
the key findings and the analytical contribution of the research and recommends directions for future
studies that relate to both integrated commercial forecasting and marketing analytics.

LITERATURE REVIEW

Through social media influencer marketing, researchers have worked to identify how digital overreach
is impacting overall consumer behaviour and has proven to significantly influence consumer
engagement, purchase intention, and brand communication. Different research studies have focused on
identifying how effective different influencer-based promotional strategies are in influencing consumer
perception and increasing the visibility of businesses through the use of digital platforms. Research
relating to the credibility of influencers identified that the level of trustworthiness, expert status, and
level of authenticity provided by an influencer greatly enhances the overall level of consumer trust and
enhances the overall level of online purchase behaviour [11]. Furthermore, this research concluded that
the overall level of emotional connection consumers has to influencers positively influences their level
of brand awareness, improves overall customer loyalty, and enhances competitiveness within the digital
market.

Various behavioral and statistical models have been used to study how engaging consumers via social
media affects their purchasing choices. An analytical investigation into the effectiveness of social media
advertising has shown that personalized content and interacting with influencers create higher levels of
engagement towards a product and a greater likelihood that consumers make an online purchase [12].
This research shows how organizations are increasingly relying upon data-driven marketing strategies
in order to improve both customer acquisition and predict future brand placement in the market.

In order to improve predictive analytics and machine learning for both demand forecasting and
marketing optimization, various studies have examined the use of these techniques for retail demand
prediction. Time series forecasting techniques such as those using ARIMA-type models have also been
effective at forecasting demand trends, stock volatility, and seasonal patterns in buying behaviour [14].
Additionally, when incorporating external data (i.e., customer engagement metrics or online promotional
activity) into predictive models, the accuracy of forecasts is enhanced [13]. Overall, the literature
demonstrates that ARIMA models have a superior level of predictive ability compared to traditional
forecasting approaches regarding forecast accuracy, inventory level optimization, and decision support
systems [15]. The studies above illustrate how quantitative forecasting techniques can help businesses
with their sustainability, as well as their operational planning.

Consumer behaviour research using SEM has received a lot of attention from researchers in the
management field because SEM can assess both direct and indirect relationships between unobserved
variables. Studies investigating the effectiveness of social media marketing found that consumer trust
acts as a mediator between influence marketing and buying propensity [16] [17].

Recent studies in both management and technical fields have considered how social media (SM)
analytical data is integrated into forecasting models. Intelligent marketing system research indicates that
utilizing behavioral analytics in conjunction with predictive forecasting is effective for improving both
adaptability and responsiveness in organizations' business-to-business (B2B) marketing efforts [18].
Likewise, studies of hybrid analysis models have shown that combining statistical forecasting with
consumer perception data (CPD) assists with effective strategic marketing decision-making, improving
the accuracy of demand estimation [19]. Additionally, the integration of advanced digital marketing
frameworks (ADMF) that incorporate search engine marketing and predictive analytics has been shown
to enhance an organization's business intelligence (BI) systems and maximize the effectiveness of
customer-focused promotional (CFP) strategies [20].

The analyzed literature reveals that influencer marketing plays an important role in driving consumer
engagement, purchase intention, and brand equity via trust-based communication and interactive digital
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content. Previous studies have established that ARIMA models give a reliable degree of accuracy when
predicting consumer demand, and SEM can be used effectively to evaluate the mechanism between
various marketing/behavioral constructs. But there is a lack of integration of predictive demand
modeling with the assessment of brand equity through the use of social media influencers. The present
study addresses this area through the development of a combined ARIMA-semi framework for
predicting consumer demand through the use of influencers. The creation of this combined framework
provides support to data-based management decision-making processes, optimizes customer
engagement, and improves the accuracy of forecasting.

PROPOSED METHODOLOGY
Study Area

This research study examined the digital retail and eCommerce industry regarding how consumers are
already utilizing social media to discover new products and make purchasing decisions. The focus of
the research was principally on urban and semi-urban area consumers engaging with creative Influencer
promotional content on social networks like Instagram, YouTube, Facebook, and X. Based on each of
their high levels of influencer marketing, the research targeted consumers of online fashion, electronics,
cosmetics, lifestyle, and general retail goods. Additionally, the research included looking at
organizational sales datasets collected from all online retail channels to understand past sales demand
behaviour and demand forecasting accuracy. The study involved an analysis of social media-influencer
activity, consumer engagement scores, and the accuracy of demand forecasts in digital connection
businesses.

Sampling Framework

Stratified random sampling was used as the basis for the sampling. The sampling design guaranteed that
representation was balanced between categories of consumers. The survey was conducted among active
users of social media, online consumers, marketing professionals, and e-commerce customers who
regularly engage with influence-based marketing campaigns, making up the sampling frame. The
respondents were chosen based on the criteria, including at least once a week using social media
platforms, being exposed to influencer ads, and having some experience with online shopping.

After removing incomplete and inconsistent survey responses, a total of 1,248 valid survey responses
were obtained. The original sample was made up of respondents between 18 and 45 years of age, who
tend to have higher digital platform usage and online purchasing. The organization's dataset consists of
total data that allows for SEM and time-series forecasting from 48 brands, which covers retailer and
e-commerce monthly sales as well as engagement metrics over time. The final sample size is sufficient
to model latent variables and provides enough sample size for predictive analytics.

Data Collection

The use of both primary and secondary data sources provided a complete and overall analytical
perspective. Structured online questionnaires, using digital survey platforms, were the main data
collection method. The questionnaire was developed with closed-ended questions; a five-point Likert
scale was used to construct the questions, “Strongly Disagree” to “Strongly Agree”. The aim of this tool
was to assess consumer perceptions of the following factors: Influencer credibility, trust, engagement
level, purchase intention, and brand equity. The questionnaire was divided into five major sections:
asking demographic questions, credibility measurement of the influencers, consumer engagement
behaviour, analysis of purchase intent, and measuring brand equity. Survey responses were screened for
reliability and consistency prior to conducting statistical analyses. Reliability of the constructs was
assessed using Cronbach’s Alpha reliability testing, and the results indicated that all of the constructs
had a Cronbach’s Alpha value above 0.70, which indicates strong internal consistency.

Data collected from electronic sales transactions, social networking sites, and product demand from
previous months is analyzed to develop demand forecasts based on ARIMA over the course of the past
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48 months. The information provided when collecting the data consists of both monthly sales volume
and how often customers engage through liking/sharing/commenting, conversion rates, and metrics on
influencer campaign effectiveness. Prior to implementing models for forecasting future sales, data is
pre-processed to ensure suitability (normalized), missing values are treated, outliers are removed, and
each time series is made stationary.

Conceptual Methodology Framework

In figure 1 shows the integrated framework used to define the research design utilized for the analysis
of both consumer Demand Forecasting and the effect of Influence Marketing on Brand Equity. The
framework begins with identifying the research problem, formulating research objectives, and
developing a conceptual model. In phase two of the method, data is gathered through two different types
of sources. These sources are called primary sources, like results from a survey about customers, and
secondary sources, such as historical sales records. The analysis of the data consists of two parallel
streams of analysis. The first side uses ARIMA-based models to forecast demand, while the second side
uses SEM to evaluate the relationships between Influencer Credibility, Consumer Engagement, Purchase
Intention, Trust, and Brand Equity.

Data Processing and Analysis
Integration of

: . 3A. Demand 3B. Influencer Marketing Results

Research Design

= R Forecasting Impact Analysis (SEM

e Define Research o Secondary Data: (ARIMA Model) Model) . g(());:(]:j;ztem

Problem. Historical o Data Preprocessing Outcomes%v th
Monthly Sales (Stationarity Check). e Measurement Model SEM Insights

¢ Formulate Data Assessment. s
Objectives, ¢ ¢ o Model Identification |$ « Analvze the
Resea'rch e Primary Data: (p, d, q). e Structural Model In ﬂuche of
Questions, and Consumer survey ¢ Estimation. Social Media
Hypotheses. (Social Media e Parameter Engagement on

Users) Estimation. o Hypothesis Testing.

o Develop ¥p g Demand.
Conceptual e Time Period and o Diagnostic Checking e Model Fit Evaluation. o Derive
Framework. Sample Selection (Residual Analysis). Managerial

A . * Path Analysis anc} Implications.
e Forecast Generation Effect Interpretation.
and Accuracy
Evaluation.
Interpretation and
Conclusion Validation and Robustness Check
o Interpret Key Findings.
o Cross-Validation of Forecasting
e Address Research Model. <
Questions. <:| -

e Sensitivity Analysis.

e Conclude on Objectives
and Hypotheses. ¢ Robustness of SEM Results.

e Provide Practical
Implications and Future
Research Directions.

Figure 1. Integrated research framework for consumer demand forecasting

The SEM model from figure 2 is designed to assess how social media influencer marketing affects
consumer behaviour and brand equity. The model contains four main latent variables: Influencer
Credibility (IC), Consumer Engagement (CE), Consumer Trust (CT), and Brand Equity (BE), as well as
the Purchase Intention (PI) dependent variable. All latent variables have multiple observed measures.
Influencer Credibility is measured by the characteristics of an influencer (attractiveness, expertise,
trustworthiness, and authenticity). Consumer Engagement is quantified through interactions and

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII — N ” 35 802



Kalaivani, M. et al: Forecasting consumer ... ... Archives for Technical Sciences 2026, 35(1), 797-810

payments on social media (likes, comments, and shares). Consumer Trust is represented by the different
ways in which consumers can trust a marketer (reliability, confidence, and dependability). Purchase
Intention is assessed through three methods: interest in purchasing, willingness to purchase, and
planning for future purchases. The components of Brand Equity are Brand Awareness, Perceived
Quality, and Brand Loyalty. Each of the structural paths represents a hypothesis (H1-H5) that tests
different relationships between influencer credibility and consumer engagement/trust/brand equity. H1
looks at direct influencer credibility on consumer engagement; H2 considers influencer credibility's
influence on consumer trust; H3 determines whether consumer trust acts as a mediator between
influencer credibility and brand equity; H4 looks at the effect of consumer engagement on purchase
intention; and H5 tests the direct effect of purchase intention on brand equity. Consumer trust acts as a
key mediator in connecting influencer credibility to brand equity by providing an indirect behavioral
path through which influencer marketing increases overall brand perception.

@ @ @ @ @ @ |Model Fit Summary

(CMIN/DF =2.02
] \CFI=0.957
088 0.85 H4 075 020 ITLI = 0.048

Consumer "\ (B=0.76)***/” Purchase SRUR = 00%8. o 00
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Figure 2. SEM model for influencer marketing and brand equity
Model Details for Analysis

The mixed quantitative analytical method to be used in the proposed research includes the use of
forecasting with ARIMA and Structural Equation Modeling. Time series demand forecasting using the
ARIMA model is an excellent way to account for the sequential nature of consumers' purchasing patterns
over time and for periodic seasonal changes in those same purchasing patterns. The methodology used
to identify the appropriate ARIMA parameters for forecasting included testing for stationarity using the
Augmented Dickey-Fuller test, checking for the presence of an autocorrelation and a partial
autocorrelation, and identifying parameters based upon the Akaike Information Criterion (AIC),
Bayesian Information Criterion (BIC), and by minimizing the forecasting errors produced by the
ARIMA model.

The ARIMA model structure is represented as Equation 1:
ARIMA(p,d, q) ey
where p represents the autoregressive order, d denotes differencing order, and g indicates moving

average order. The final optimized forecasting model selected for the study was ARIMA (2,1,2), which
provided improved forecasting accuracy and reduced residual error.
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The general ARIMA forecasting is expressed as Equation 2:

p q
Yf =C+Z wlYt_l+Z 9]€t_]+€t (2)
i=1 j=1

where Y; represents forecasted consumer demand at the time t, ¢ is a constant term, @; denotes
autoregressive coefficients, 6; represents moving average coefficients, and &; indicates residual error.

To analyze the causal relationships between latent constructs related to influencer marketing and brand
equity, SEM was used. The SEM framework has both measurement and structural models. The
measurement model analyses the relationship of latent variables to measured variables, while the
structural model analyses the interrelationship between latent constructs.

The SEM structural relationship is represented as Equation 3:
n=By+IE+ ¢ (3)

where 7 represents endogenous latent variables, B denotes the coefficient matrix among endogenous
variables, I' indicates the coefficient matrix relating exogenous and endogenous variables, € represents
exogenous latent variables, and ( corresponds to structural disturbance terms.

SEM model fitness was evaluated using multiple statistical indicators, including Comparative Fit Index
(CFI), Goodness of Fit Index (GFI), RMSEA, Tucker-Lewis Index (TLI), and Chi-square to degrees of
freedom ratio. Acceptable threshold values were used to validate the structural stability and reliability
of the proposed behavioral framework.

Analytical Procedure

The analysis directly addresses the objectives through the preparation of a detailed analysis; preparation
of data, analysis of basic descriptive statistics and reliability of the survey, completion of stationarity
tests such as differencing, and preparation of the forecasting model via ARIMA using results obtained
in the previous steps; assessment of forecast error through the use of standard error metrics.

In the final stage of analysis, both Confirmatory Factor Analysis (CFA) was run for purposes of
validating the measurement model and verifying latent construct reliability. Once verified, the SEM was
then implemented to estimate causal relationships between influencer credibility, consumer engagement,
consumer trust, purchase intentions, and brand equity. Based on the Path coefficient, Regression Weight,
Significance Level, and Mediating Effects with SEM, the hypotheses can be evaluated in this research.

As aresult of this research’s ARIMA forecasts and SEM behavioral analysis, comprehensive managerial
insights regarding influencer marketing effectiveness, demand forecasting optimization, enhancing
customer engagement, and strategic brand management within digital business environments were
derived.

RESULTS AND DISCUSSION
Sample Details

A total of 1248 valid survey responses from consumers using at least one social media site on a regular
basis were included in the study’s analyses. Respondents were eligible for inclusion if they had
previously purchased from an influencer-marketed product or service, and were included in the study
based on their level of exposure to influencer marketing campaigns or products prior to survey
completion. The sample consisted of 54.6% females and 45.4% males, with almost three-fourths (61.8%)
of respondents being between the ages of 18 and 30, and another 28.4% being between 31 and 45 years
old; 9.8% of the respondents were over 45 years old. Respondents reported interacting with
influencer-created marketing materials (content) on a daily basis on social media platforms like
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Instagram, YouTube, and Facebook, with over 72.3% of the sample indicating this as their frequency of
interaction with these types of advertisements on these platforms.

Based on their work status, it is found that 42.1% are currently employed as professionals, 34.7% are in
school or training, 15.6% are self-employed, and 7.6% are in other types of jobs. Over two-thirds of this
sample (68.9%) indicated that they would be significantly influenced to buy something after viewing
reviews from an influencer. The demographic data acquired through the collecting process also provides
justification for using this sample for evaluating the effectiveness of digital consumers’ behaviors and
influencer marketing strategies.

In regard to the secondary data set used in this study, it included a total of 48 months’ worth of historical
data on sales and consumer engagement metrics based on both retail and e-commerce. Data values
included monthly demand volume, conversion rate, number of likes, comments, shares, the frequency
of interactions, and the total number of reach associated with campaigns; these were all used for
ARIMA-based demand forecasting analytical/analyses.

Reliability and Validity Analysis
Cronbach's Alpha was employed as a method to measure construct reliability through reliability analysis
for each of the measurement constructs. The reliability values obtained were all greater than the adopted

threshold value of 0.70, indicating very good reliability for the constructs under consideration.

Table 1. Reliability and convergent validity assessment of constructs

Construct Cronbach’s Composite Average Variance Extracted
Alpha Reliability (CR) (AVE)
Influencer Credibility 0.88 0.90 0.67
Consumer Engagement 0.86 0.89 0.64
Consumer Trust 0.84 0.87 0.61
Purchase Intention 0.89 0.91 0.69
Brand Equity 0.91 0.93 0.72

Reliability and Convergent Validity of Latent Constructs Used in SEM Frameworks are shown in table
1. The reliability is assessed for Cronbach's Alpha (the internal consistency of measurement items) and
Composite Reliability (CR) for constructs' reliability. In addition, Average Variance Extracted (AVE)
values are calculated to evaluate each construct and associated observed indicators’ convergent validity.
For all constructs, Cronbach's Alpha numbers and CR numbers were above the suggested 0.70, thus
showing that the constructs are highly reliable. All values of AVE were more than 0.50, showing
satisfactory convergent validity as well as reliability of measurements for SEM analysis.

ARIMA Forecasting Results

Using both past sales history and social media interaction metrics to derive predictive estimates of future
consumer demand, an ARIMA forecasting model is applied. Testing for stationarity using an Augmented
Dickey-Fuller test showed that after the first level of differencing was completed, the time series data
set became stationary. The ACF and PACF analysis of the data supported this decision to use the
ARIMA (2, 1, 2) forecasting model.

Overall, the forecasting model exhibited good predictive abilities with low residual errors and high
forecasting accuracy. The predicted demand trend was closely aligned with the historical trend of the
actual sales volume, which indicates that ARIMA functioned correctly for estimating consumer demand
in a digital marketing context.

Forecasting Metrics Formulae

Mean Absolute Percentage Error is calculated using Equation 4:

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII — N ” 35 805



Kalaivani, M. et al: Forecasting consumer ... ... Archives for Technical Sciences 2026, 35(1), 797-810

1 n At - Ft
MAPE = —Z £ tIx100 4)
n t=1

Ag
Root Mean Square Error is calculated using Equation 5:

1 n
RMSE = \/Ezmmt _F,)? (5)

Mean Absolute Error is calculated using Equation 6:

1 n
MAE=-%"" |A,—F,| 6)

n t=1
where A, represents actual demand values and F; denotes forecasted demand values.

Table 2. ARIMA forecasting performance evaluation metrics

Metric Value
Forecasting Accuracy | 95.18%
MAPE 4.82%

RMSE 3.41

MAE 2.76

Correlation Coefficient | 0.93

The table 2 presents a summary of the forecasting effectiveness of the ARIMA model (2, 1, 2) used in
an attempt to project trends for consumer demand. The low values of MAPE and RMSE for the forecasts
indicate that the proposed forecasting methodology was able to reduce the prediction error and
accurately estimate future patterns of consumer demand.

SEM Analysis Results

The SEM analysis was used to analyze the relationships between influencer credibility, consumer
engagement, consumer trust, purchase intention, and brand equity, through a series of confirmatory
factor analyses that indicated adequate model fit and adequate construct validity.

Table 3. SEM fitness evaluation

Fit Index Obtained Value | Recommended Threshold
CFI 0.95 >0.90
GFI 0.93 >0.90
TLI 0.94 >0.90
RMSEA 0.041 <0.08
Chi-square/df 2.11 <3.00

The results for the goodness of fit evaluation of the SEM proposed to explore how social media
influencers affect consumer behaviour and brand equity are shown in table 3. The goodness-of-fit indices
obtained indicate that this SEM has a good level of structural consistency and statistical validity.

In the schematic illustration of figure 3, the factor loadings along with their corresponding errors based
on the SEM goodness of fit indices presented in table 3 are shown. This graphic also allows for a visual
comparison of how well the CFI, GFI, TLI, RMSEA, and Chi-square/df performed in the evaluation of
the Model's fitness for the proposed SEM with respect to examining consumer behaviour and brand
equity using SEM analysis.

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII — N ” 35 806



Kalaivani, M. et al: Forecasting consumer ... ... Archives for Technical Sciences 2026, 35(1), 797-810

2.110
2-00 | =
l.?5 | -
1.50 | -
1.25 -
§ -
g 1.00 | -
0-?5 | -
0-50 | - - - -
0.25 -
m
0.00 -
CFI GFI Tu RMSEA chi-square/df
Model Fit Indices
Figure 3: SEM Model fit evaluation metrics analysis
Table 4: Hypothesis testing and structural path analysis
Hypothesis Relationship Path Coefficient (§) | p-value Result
Hl1 Influencer Credibility — Consumer Engagement 0.81 <0.001 | Supported
H2 Influencer Credibility — Consumer Trust 0.72 <0.001 | Supported
H3 Consumer Trust mediates Influencer Credibility 0.79 <0.001 | Supported
— Brand Equity
H4 Consumer Engagement — Purchase Intention 0.76 <0.001 | Supported
H5 Purchase Intention — Brand Equity 0.83 <0.001 | Supported

The testing of hypotheses and results of standardized structural path coefficients, which were derived
from the SEM in table 4. Support for each of the five hypotheses is statistically significant. Influencer
Credibility had a strong positive influence on both Consumer Engagement (f = 0.81, p < 0.001) and
Consumer Trust (B = 0.72, p < 0.001); therefore, H1 and H2 were both confirmed. H3 was confirmed
by the mediation of Consumer Trust on the relationship between Influencer Credibility and Brand Equity
(B = 0.79, p < 0.001). H4 was confirmed as there was a strong positive influence of Consumer
Engagement on Purchase Intention (§ = 0.76, p < 0.001). Finally, the Purchase Intention variable had a
strong direct effect on Brand Equity (B = 0.83, p < 0.001), thus confirming HS. Overall, the results
suggest that Influencer-driven marketing activities lead to increased trust and engagement with
consumers and, therefore, influence the likelihood of purchasing and enhance overall brand equity
within digital marketing environments.

Discussion

Experimental research shows that influencer marketing has an efficient effect on how consumers
respond to organizations and their positioning within their industries. Specifically, when consumers
view influencer communications as authentic and credible, they tend to show significantly increased
levels of engagement and intent to purchase from that organization compared to all other types of
marketing. The path coefficients produced by the SEM analysis further suggest that an influencer's level
of credibility is a key influencing factor on trust in an organization, as well as feelings of attachment
towards that organization.

ARIMA forecasts also demonstrate that including social media interactions in forecasting analyses
improves the level of predictive accuracy and precision with which demand for products can be
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estimated. The combined use of behavioral analytics and time series analysis through an integrated
analytical framework allowed organizations to assess both market demand and shifts in consumer
perceptions about businesses within the same analysis. Results obtained show that using promotional
campaigns driven by influencers leads to improved customer retention, increased overall brand equity,
and better demand forecasting results for businesses. Thus, applying behavioral modeling and
forecasting provides managers with a complete decision support framework for digital marketing
management and operational planning.

Recommendations and Managerial Implications

Trustworthy influencers whose communication style is similar to that expected by consumers and the
identity of the brand should be prioritized by organizations when considering collaborations.
Authenticity and the quality of engagement and interaction with consumers should be the focus of
marketing campaigns, not simply the frequency of promotional activity.

In addition, businesses should integrate their social media analytics into their forecasting system to
improve demand predictions and efficiency of inventory planning. Organizations can make better
decisions about where to invest in promotional spending through the use of ARIMA forecasting, along
with behaviors analysis via structural equation modeling, to help define their target customers as well as
to improve brand equity in digital marketplaces and to utilize promotional investments more effectively.

Retailers and e-commerce companies benefit from monitoring engagement measures such as likes and
shares, the number of comments, and the frequency of interaction, as these factors are impactful in
determining how someone purchases something and how much they can spend in the future.

Suggestions for Future Research

Later research could broaden the potential for expanding the model to include machine learning and
deep learning models, including LSTM and hybrid neural forecasting methods. Further research might
involve cross-country comparative studies to learn more about cultural differences regarding influencer
marketing effectiveness and how those differences affect consumers.

Further research could also involve the use of sentiment analysis, real-time social media analytics, as
well as multiple forms of customer interaction to receive greater accuracy in forecast results and a greater
understanding of consumer behaviors. Additional studies on a more sector-specific basis of health care,
tourism, financial services, and educational marketing would add to the usefulness of the integrated
ARIMA-SEM framework.

CONCLUSION AND FUTURE WORK

Research on the development of an integrated quantitative model is described above; to do this, data
from ARIMA Forecasting and SEM analysis were combined to analyze how consumer demand shifts,
and study the effects of the emergence of digital marketing influencer-based promotions on brand value.
Results from both methods confirm that digital marketing promotions using persuasive messages and
influencer endorsements significantly affect consumer engagement, purchase intention, trust in products
and/services, as well as overall view of product/service brand. In addition, results from SEM analysis
produced appropriate levels of goodness-of-fit (i.e., CFI = 0.95; GFI = 0.93; TLI = 0.94; RMSEA =
0.041; x2/df=2.11). Furthermore, results of hypothesis testing established positive associations between
influencer credibility and consumer engagement (B=0.81), trust (B=0.72), purchase intention (B=0.76),
and brand value (B=0.83) via the specified relationships among them.

Studies utilizing the ARIMA (2,1,2) forecasting model yield a high degree of accuracy for predicting
future sales and engagement levels for consumers, showing predictions throughout a given time range
of 95.18% accurate, MAPE of 2.2%, RMSE of 3.07, and MAE of 1.38. Through the combination of
analytics related to forecasting, along with models presenting behaviors for consumers, this study
created an analytical framework to help address digital business decisions and optimize marketing
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practices. Through using predictive analytical frameworks for influencer-centred marketing strategies,
the organizations using these frameworks should see improvements in their customer retention rates, as
well as better positioning and possible improvements in efficiency in the forecasting process. Future
research should enhance this framework by incorporating deep learning methods for forecasting,
continually analyzing real-time social media sentiments, and cross-examining data of consumer
interactions with various social media platforms to better predict future behaviors and improve
forecasting productivity across broader sectors.
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