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Abstract: This study examines how Artificial Intelligence (AI) influences Strategic Cost Management (SCM) in 

Shopee using the Theory of Planned Behavior (TPB). It focuses on the effects of AI implementation and big data 

infrastructure on e-commerce performance and cost decisions among university students. Quantitative approach is 

used. Analysis included descriptive statistics and exploratory theory analysis. Organizational readiness, including 

data security, skills, and culture, influenced the AI-SCM relationship. Although users had positive attitudes toward 

AI, many did not fully apply cost-saving behaviors due to limited perceived behavioral control. This study integrates 

TPB with AI and big data analytics in strategic cost management within an e-commerce platform, highlighting both 

opportunities and implementation challenges. 
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Introduction 

The rapid development of artificial 

intelligence (AI) and big data analytics has 

significantly transformed how organizations 

operate, analyze information, and make 

strategic decisions. For this reason, the 

present study focuses on the role of artificial 

intelligence and big data analytics in the 

context of management, cost, and market 

accounting. The relevance of this topic is 

justified by the increasing integration of 

advanced digital technologies into business 

processes and the growing need for 

organizations to adapt to a dynamic and 

highly competitive economic environment.  

 

According to Cockburn, Henderson, and 

Stern (2018), artificial intelligence can be 

understood as a “meta-technology,” 

meaning that it is not merely a tool used to 

produce goods or services but rather a 

technology capable of generating new 

ideas and innovations. From another 

theoretical standpoint, Acemoglu and 

Restrepo (2018) conceptualize artificial 

intelligence as a form of capital that 

automates tasks previously performed by 

human labor.  

 

Agrawal, Gans, and Goldfarb (2018) argue 

that artificial intelligence fundamentally 

reduces the cost of prediction. By processing 

large volumes of data and identifying 

complex patterns, AI systems enable 

organizations to generate more accurate 

forecasts, decrease uncertainty in decision-

making, and optimize the allocation of 

resources.  
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When combined with big data analytics, AI 

provides organizations with powerful 

capabilities for interpreting complex 

information and improving performance 

across various functional areas. These 

capabilities hold promises for specialized 

domains such as management, cost, and 

market accounting.  

 

Despite these benefits, many organizations 

still fail to fully utilize AI and big data in 

accounting functions. Most companies 

remain focused on traditional accounting 

systems and descriptive analytics rather than 

predictive and prescriptive approaches. This 

creates a gap between the theoretical 

potential of AI and its practical 

implementation in management, cost, and 

market accounting.  

 

A research gap also exists because previous 

studies mainly discuss AI in general 

business or financial accounting contexts, 

while limited research integrates 

management accounting, cost accounting, 

and market accounting simultaneously. 

Existing literature often emphasizes either 

opportunities or challenges without 

providing a balanced framework. Therefore, 

this study aims to examine both the 

opportunities and challenges of AI and big 

data adoption in accounting functions.  

 

Therefore, this research focuses on the role of 

AI and big data analytics in management, 

cost, and market accounting. The study 

contributes to academic discussion and 

managerial practice by examining 

opportunities such as predictive accuracy, 

real-time decision support, and cost 

optimization, while also addressing 

challenges related to data quality, skills, 

privacy, and organizational readiness. 

Ultimately, this research argues that AI and 

big data are transforming accounting from a 

traditional reporting function into a strategic 

organizational asset. 

  

Literature review  

According to the definition given by the 

Gartner IT Glossary, Big Data can be 

characterized by three main aspects, which 

are often referred to as the 3Vs: volume, 

variety, velocity that refers to the speed at 

which data needs to be processed, which 

must be balanced with the rapid growth of 

data volume. Variety refers to the diverse 

nature of data sources, including both 

structured databases and unstructured data. 

(Maryanto, 2017). 

 

Theory Planned Behavior (TPB) 

We incorporate the TPB as a theoretical 

foundation, as it is considered highly 

relevant to understanding user behavior in 

technology-based environments. The use of 

AI and BDA within platforms such as 

Shopee involves not only technological 

factors but also human decision-making 

processes. Therefore, TPB provides an 

appropriate framework to analyze how 

users form intentions and behaviors when 

interacting with AI-driven systems (Ajzen, 

1991; Venkatesh et al., 2003; Davis, 1989). 

 

TPB was developed by Icek Ajzen in 1985 as 

an extension of the Theory of Reasoned 

Action (TRA), addressing its limitation in 

explaining behaviors that are not entirely 

under volitional control (Ajzen, 1985; 

Fishbein & Ajzen, 1975). The inclusion of 

perceived behavioral control allows TPB to 

better predict actual behavior in real-world 

contexts where constraints and external 

factors exist (Ajzen, 1991; Armitage & 

Conner, 2001). 
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TPB consists of four main components. First, 

attitude toward behavior refers to an 

individual’s positive or negative evaluation 

of performing a particular behavior. Second, 

subjective norms, defined as the perceived 

social pressure from significant others to 

engage or not engage in a behavior. Third, 

perceived behavioral control, which reflects 

the perceived ease or difficulty of 

performing the behavior, is influenced by 

experience and anticipated obstacles. 

Finally, behavioral intention, which 

represents the motivational factors that 

influence a given behavior (Ajzen, 1991; 

Conner & Armitage, 1998; Sheeran, 2002). 

 

In the context of this study, attitude toward 

behavior can be observed through how Nusa 

Putra University students perceive the 

usefulness of Shopee’s AI features in 

supporting cost efficiency and improving 

their shopping experience. A positive 

evaluation may lead to stronger behavioral 

intentions to use the platform. Subjective 

norms may arise from peer influence, social 

trends, or recommendations within digital 

communities, which are particularly 

relevant in online marketplaces. Perceived 

behavioral control reflects how easy students 

perceive the use of Shopee’s system. These 

factors collectively shape the intention to use 

Shopee as a tool for strategic cost 

management (Ajzen, 1991; Pavlou & 

Fygenson, 2006; Gefen et al., 2003). 

 

TPB addresses the so-called "intention–

behavior gap," where strong intentions do 

not always result in actual behavior. This 

limitation has been widely discussed in the 

literature, leading to the inclusion of 

additional variables such as past behavior, 

habits, and anticipated regret to enhance 

predictive validity (Sheeran, 2002; Conner & 

Armitage, 1998; Triandis, 1977). These 

extensions are particularly relevant in digital 

environments where habitual usage patterns 

and algorithmic influence play a significant 

role in shaping user decisions. 

 

The application of TPB has expanded 

significantly across disciplines. Beyond 

social psychology, it is widely used in areas 

such as environmental behavior, healthcare 

decision-making, entrepreneurship, and 

digital consumer behavior (Armitage & 

Conner, 2001; Venkatesh et al., 2003). In the 

context of e-commerce and AI adoption, TPB 

has been proven effective in explaining user 

acceptance, trust, and continued usage of 

online platforms, making it a suitable 

theoretical framework for this research 

(Pavlou & Fygenson, 2006; Gefen et al., 2003). 

 

Strategic Cost Management (SCM)   

In the rapidly evolving world, businesses 

and companies question themselves about 

how to stay competitive in such an evolving 

economic environment, and it doesn’t matter 

what the current economic phase is. For 

example, new approaches to cost 

calculations were applied and replaced with 

traditional ones. As enterprises in 

developing markets increasingly adopt 

sophisticated cost management, their 

primary strategic objective is to minimize 

expenditures and capture greater market 

share. 

 

In this environment, market survival is 

contingent upon a high degree of strategic, 

technological, and operational alignment 

among competitors. Along with the change 

of production system, they should change 

the existing cost system, along with the 

changing competition scale. So, the 

production system changed, and the current 
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cost system became irrelevant - it was simply 

inadequate for modern businesses, and 

modern approaches in cost management 

were required.  

 

SCM is a modern cost management 

approach consisting of changing cost and 

management accounting systems, 

depending on the change of production 

systems in a highly competitive 

environment. These approaches, which are 

expressed as modern cost approaches in the 

strategic management decisions to be taken, 

are composed of instruments such as 

Activity Based Costing, Target Costing, 

Kaizen Costing, Lifetime Costing, Full Time 

Production and Full Time Costing, Total 

Quality Management, Balanced Scorecard, 

Theory of Constraints, and Value 

Engineering. 

 

The concept of cost is the sum of all kinds of 

sacrifices incurred to achieve something 

(Savcı, 2000: p.9). Cost is the whole of 

sacrifices made to reach a goal in its broadest 

sense. As it is clear from these definitions, 

every activity by a person or a business has a 

cost. Tables by a firm, making the sale by a 

store, etc. (Gürsoy, 1999: p.23). The cost of 

the product is the value of various 

production factors measured by money that 

the businesses spend to obtain the products 

and services that make up their business 

activity (Bursal & Ercan, 2000: p.3)   

 

In the modern production system, the value 

of the product has mainly shifted from 

forming it from direct materials related to 

the product, to the technologies, and speed - 

that is what has become more important in 

the production cycle. It all happened because 

of automation and global trade and the 

reduced cost of assembling things, so most 

product costs come from the R&D, software 

design, and branding. Also, the life span of 

the product became so short - now the 

product can be obsolete within a few years 

due to the pace of tech development. 

 

The distribution of indirect cost due to the 

modern situation might be more misleading 

in information; that’s why cost control and 

performance now play a more significant 

role than before. Although cost management 

was treated separately from cost accounting, 

we have to admit that cost management is a 

broader concept that requires combined 

knowledge of cost management and 

accounting.  

 

Cost management is defined as the 

management and control of activities to 

accurately determine product costs, improve 

operations, prevent waste, define cost 

drivers, plan activities, and establish 

business strategies (Berliner & Brimson, 

1988: p.152).   

 

Cost management is to provide information 

to assist the administrator for the efficient 

use of resources in the production of 

competitive products or services in terms of 

timing, cost, quality, and functionality in 

global markets (Gürdal,2007: p.20).   

 

We can identify four main strategic cost 

management functions, namely providing 

information for the decision making, 

planning and strategic management, 
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increase in production efficiency and 

effectiveness, management control and 

oversight  

 

All economic changes have significantly 

changed businesses that were aiming 

ultimately to increase their profit. As it's 

known, there are two main ways to increase 

profit: increase production and turnover, but 

the demand and scales of production don't 

allow it all the time, and another way is to 

optimize and minimize costs. In simpler 

terms, a strategic management approach is 

the process of making clear, specific plans for 

every part of a business (like marketing, 

finance, and production) to ensure they all 

work together toward the same goal.  As we 

can see, it consists of different parts of the 

company, such as marketing, finance, R&D, 

and management, so its whole system of 

decisions and activities to implement.  

 

SCM is the preparation and analysis of 

management-related cost accounting 

information in terms of the overuse of all 

resources of the enterprise and the relative 

level of cash flow, market shares, quantities, 

prices and actual costs (Yüzbaşıoğlu,2004: 

p.481).   

 

A special role in the effectiveness of SCM 

plays accounting facilitation with financial 

information for strategic decision making. 

There are few approaches in strategic cost 

management:  

• Activity Based Costing  

• Target Costing  

• Kaizen Costing   

• Lifetime costing  

• Total Quality Management  

• Balanced scorecards  

• Theory of Constraints  

• Value engineering 

Artificial Intelligence (AI) 

Integration of AI into SCM transforms the 

traditional, static approach into a dynamic 

system capable of learning and adapting in 

real time. Conventional methods such as 

activity-based costing (ABC) often struggle 

to capture short-term cost fluctuations 

resulting from changes in production 

volume or input prices. With machine 

learning, AI can automatically identify new 

cost drivers, update cost allocation models, 

and provide future cost predictions based on 

historical data. This enables strategic 

managers to respond to environmental 

changes more quickly and accurately. Based 

on findings from Hassan (2025) and Stroparo 

et al. (2024), the proposed hypothesis is: 

 

H1: The adoption of AI significantly 

improves the accuracy and adaptability of 

strategic cost management systems 

compared to traditional methods. 

 

AI directly contributes to operational 

efficiency through predictive analytics and 

resource optimization. In the context of 

SCM, AI is capable of analyzing supply 

chain data in real time, detecting waste, and 

automating inventory decisions and 

production schedules. Research by Barik 

(2025) and Pasha (2025) shows that 

companies integrating AI into SCM 

experience a 15–25% reduction in total 

production costs due to reduced human 

error and optimized raw material allocation. 

Additionally, AI enables dynamic pricing 

based on continuously updated actual costs.  

 

H2: The application of AI in strategic cost 

management is proven to effectively reduce 

total operational costs through the 

optimization of resource allocation and the 

reduction of waste. 
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Although AI offers great potential, the 

effectiveness of the relationship between AI 

and SCM depends heavily on organizational 

factors. Challenges such as data security, 

cultural resistance, and a lack of technical 

skills can hinder the adoption of AI in SCM. 

Stroparo et al. (2024) and Anonymous 

Research Team (2026) emphasize that the 

successful integration of AI-SCM requires 

upskilling of management accountants as 

well as a mature data infrastructure. If an 

organization is unprepared, AI may actually 

produce biased analyses or erroneous 

decisions. 

 

H3: Organizational readiness (data security, 

culture, and HR competencies) positively 

moderates the relationship between AI and 

strategic cost management performance, 

where high readiness strengthens the impact 

of AI on strategic cost savings. 

 

Big Data Analytics (BDA)  

BDA refers to the process of collecting, 

processing, and analyzing large and varied 

datasets to uncover hidden patterns, 

correlations, and insights (Maryanto, 2017). 

In the context of SCM, BDA enables 

organizations to move from retrospective 

cost reporting to predictive and prescriptive 

cost management (Ransbotham et al., 2015). 

 

Volume, velocity, and variety of data 

generated by e-commerce platforms like 

Shopee offer opportunities for real-time cost 

monitoring, dynamic pricing, and 

personalized cost-saving recommendations. 

However, the mere existence of data 

infrastructure does not guarantee improved 

SCM performance. Drawing on the 

Technology-Organization-Environment 

(TOE) framework (Tornatzky & Fleischer, 

1990), the effectiveness of BDA depends on 

organizational factors such as data 

governance, analytical skills, and integration 

with decision processes. 

 

H4 (BDA Performance Hypothesis): The 

maturity of big data infrastructure (data 

acquisition, storage, processing) is positively 

associated with e-commerce strategic cost 

management performance, controlling for 

AI implementation. 

 

This hypothesis complements H2 (which 

focuses on operational cost reduction) by 

specifically addressing the infrastructure 

dimension. 

 

H5: Organizational readiness (data security 

protocols, employee data literacy, and 

supportive culture) positively moderates the 

relationship between big data infrastructure 

maturity and SCM performance, such that 

the effect of BDA is stronger when readiness 

is high. 

 

H5 extends H3 by isolating the BDA-specific 

moderation effect. 

 

Slovin formula 

The Slovin formula is used to determine the 

minimum sample size for a finite population: 

 

𝑛 =
𝑁

1 + 𝑁𝑒2
 

Where: 

• n = required sample size 

• N = population size 

• e = margin of error (usually 0.05 or 

5%) 

 

Given the population of active Shopee users 

at Nusa Putra University is approximately 

8,000 (based on preliminary registration 

data), and using a 5% margin of error: 
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𝑛 =
8,000

1 + 8,000(0.05)2
 

𝑛 = 380  

 

Thus, the target sample was 380 

respondents. Due to practical constraints 

(time, access, voluntary participation), only 

48 responses were obtained. This limitation 

is addressed in Section 5.3. 

 

Research methodology  

Research Design 

This paper employed a quantitative method 

of research design to comprehensively 

examine the influence of artificial 

intelligence (AI) and big data adoption. The 

quantitative strand focused on measuring 

the statistical relationship between AI 

implementation, big data infrastructure, and 

e-commerce performance indicators. 

 

The integration of the two datasets occurred 

during the interpretation stage through a 

comparative and complementary analysis. 

Quantitative findings provided measurable 

evidence of relationships between variables. 

 

Data Sources 

The study utilized primary data sources to 

ensure a comprehensive analysis. Primary 

data were collected through a structured 

questionnaire distributed to users of the e-

commerce platform Shopee. The 

questionnaire was administered online 

using Google Forms, allowing efficient 

distribution and collection of responses from 

participants. The survey captured 

respondents’ perceptions regarding the 

application of AI features, the role of big data 

analytics, and their influence on user 

experience and platform performance. 

 

In addition, this study incorporated a 

Systematic Literature Review (SLR) to 

support theoretical grounding and 

instrument development. The SLR involved 

screening peer-reviewed academic articles 

related to AI adoption, big data analytics, 

and e-commerce performance. 

 

Sampling Strategy 

For the quantitative survey, random 

sampling was used to select respondents 

from the user base of the Shopee platform. 

The target sample size was 380 respondents, 

representing active users who had prior 

experience with the platform’s features. Out 

of the distributed questionnaires, 48 

complete responses were obtained and 

retained for analysis, resulting in a 12,6% 

response rate, which is considered 

unacceptable for online surveys in social 

science research. 

 

Research Instruments 

The primary research instrument used in this 

study was a structured questionnaire 

designed to measure respondents’ 

perceptions of AI implementation and big 

data utilization within e-commerce 

platforms. The questionnaire consisted of 

three main sections: 

1. Demographic Profile; this section collects 

background information about 

respondents, including age, gender, 

frequency of e-commerce usage, and 

familiarity with digital shopping 

platforms. 

2. AI Implementation Intensity; this section 

measured the extent to which 

respondents perceived the use of AI-

driven technologies within the platform. 

Indicators included: 

o Algorithmic product 

recommendation systems 
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o AI-based customer service chat 

bots 

o Predictive analytics for 

personalized offers 

3. Big Data Infrastructure Maturity; this 

section evaluated the platform’s 

capability to manage and utilize large 

volumes of data effectively. Indicators 

included: 

o Data acquisition processes 

o Data storage and management 

systems 

o Data processing and analytical 

capabilities 

 

All questionnaire items were measured 

using a five-point Likert scale, ranging from 

1 (strongly disagree) to 5 (strongly agree), 

allowing respondents to express their level 

of agreement with each statement. 

 

Data Analysis Technique 

The collected data were analyzed using both 

quantitative and qualitative analytical 

techniques. For the quantitative analysis, 

statistical procedures were conducted using 

IBM SPSS Statistics version 24. The analysis 

included: 

• Reliability testing, using Cronbach’s 

Alpha, to measure internal consistency of 

the questionnaire items. The reliability 

score obtained was α = 0.89, indicating 

high reliability. 

• Exploratory Factor Analysis (EFA) to 

identify underlying factor structures 

within the measurement of items. 

• Normality test, to verify if the data is 

distributed normally. 

• Validity test was also conducted to 

identify the extent of the truthfulness of 

the information and its relevance. 

 

Single and multiple  

A single (simple) linear examines the 

relationship between one independent 

variable (IV) and one dependent variable 

(DV). Multiple linear extends this to two or 

more IVs. The general form for multiple is: 

Where: 

• Y = dependent variable (SCM 

Performance) 

• X1,X2,…,Xk = independent variables 

(AI Implementation, Big Data 

Infrastructure, Organizational 

Readiness) 

• β0 = intercept 

• β1,…,βk = coefficients 

• ε = error term  

 

Due to small sample (n=48), we conducted a 

multiple with two predictors (AI and BDA) 

as reported in the Findings section, a full 

multiple including interaction terms for 

moderation (H3) would require a minimum 

15-20 cases per predictor (Tabachnick 

& Eidell, 2019), which was not satisfied. 

Therefore, the moderation analysis was 

explored using a median-spilit t-test as a 

proxy.  

• X = independent variable (AI or BDA)  

• M= moderator variable 

(Organizational Readiness)  

• X×M= product term representing the 

interaction  

 

Findings 

Respondents were 27 females (56.3%) and 21 

males (43.8%). Female students represent a 

slight majority over male students in the 

sample, therefore the resulting findings 

could be heavily based on the majority of 

female Shopee users. 

Y=β0+β1X1+β2X2+…+βkXk+ε 
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The largest proportion of respondents was in 

the range of 20-24 years old (50.0%), 

followed by respondents who were in the 

range of 17-20 years old (45.8%), whereas 

only 4.2% of respondents was in the range of 

25-30 years old. It can be concluded that a 

sample comprised of young adults belongs 

to a generation of digital-native and is 

therefore comfortable using online shopping 

platforms, artificial intelligence application, 

and data and its use of big data. 

 

Of the study programs, accounting students 

had the largest representation (37.5%) while 

a multitude of study programs comprised 

the remaining percentage. Because the 

research topic is tied to strategic cost 

management, accounting students being 

dominant in the sample seems pertinent. In 

conclusion, the demographic sample 

comprises active university students who 

frequently use and are exposed to the 

benefits and technology of digital data, 

therefore they are suitable participants for a 

study based on perceptions of artificial 

intelligence and big data analytics on 

strategic cost management. 

 

Reliability test 

For the 20 items of the questionnaire, 

Cronbach's Alpha value obtained is 0.881. 

Generally, the good reliability condition can 

be achieved when Cronbach's Alpha value is 

more than 0.881. The obtained result is above 

the good condition and proves that all of the 

20 items have high internal consistency and 

measure the same thing stably. It means that 

the respondents answer each item 

consistently and that the research instrument 

is reliable for measuring perceptions of 

artificial intelligence and big data analytics 

for strategic cost management, and that it 

can be relied upon for advanced research. 

 
 

Validity test 

Validity test was conducted using the 

following two methods: inter-item 

correlation and factor analysis. Value for 

Kaiser-Meyer-Olkin is 0.696 and for Bartlett's 

test of Sphericity is 0.000. 

 

If the value of Kaiser-Meyer-Olkin is above 

0.50 then the sample is suitable for factor 

analysis. With KMO value 0.696 is almost 

equal to 0.70, this refers to sampling 

adequacy in moderate to good level. Hence, 

the value of 0.696 implies that the current 

data are sufficiently good to be used in factor 

extraction. 

 

Besides Kaiser-Meyer-Olkin, the Bartlett's 

Test of Sphericity value of 0.000 (p<0.05) 

means the correlation matrix is not an 

identity matrix; therefore, the items do have 

relationships among themselves. These two 

results show that the data can be factor-

analyzed. 
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Normality test 

 

Normality test was conducted with One-

Sample Kolmogorov-Smirnov Test, our 

questionnaire data were divided into X1, X2, 

and Y, namely, Artificial Intelligence, BDA, 

and SCM, respectively. The test indicates 

that the data distributed normally. The p-

value is .200 which is bigger than 0.05 – the 

data meets the assumption of normality, 

that’s why the parametric tests can be 

conducted. 

 

Statistics Descriptive 

 

The descriptive statistics table presents data 

collected from a sample size of 48 

respondents across three distinct variables: 

Strategic Cost Management, Artificial 

Intelligence, and Big Data Analytics. 

 

Among the analyzed factors, Strategic Cost 

Management achieved the highest average 

performance with a mean score of 26.5417. 

Artificial Intelligence followed as a mid-tier 

variable with a mean score of 22.1458, while 

Big Data Analytics registered the lowest 

overall performance with a mean score of 

18.3750. 

 

In terms of data dispersion and response 

consistency, the variables demonstrated an 

inverse relationship between their average 

scores and participant consensus. Strategic 

Cost Management exhibited the greatest 

variance with the highest standard deviation 

of 5.25907, indicating that while it holds the 

highest average relevance, individual 

perceptions within the sample were the most 

diverse and spread out.  

 

Conversely, Big Data Analytics 

demonstrated the lowest standard deviation 

at 3.36834, proving that despite having the 

lowest average score, respondent opinions 

were the most cohesive, uniform, and tightly 

clustered around the mean. 

 

Artificial Intelligence maintained a moderate 

level of variation with a standard deviation 

of 4.20734, representing a stable middle 

ground in both performance and participant 

agreement. 

 

T-test 

The multiple linear regression analysis was 

conducted to examine the impact of AI and 

BDA on SCM. The coefficients table reveals 

the individual contribution of each 

independent variable within the model. 

Regarding the baseline level, the constant 

term is estimated at 6.183, though it does not 

reach statistical significance (t=1.542, 

p=0.130), indicating that the intercept alone is 

not a primary driver of the dependent 

variable's variance in this context. 



 

417 

 

The first independent variable, AI exhibits a 

positive and statistically significant 

relationship with SCM. This is evidenced by 

an unstandardized coefficient (B) of 0.388 

and a standardized Beta of 0.310 (t= 2.384, p= 

0.021). 

 

This finding suggests that for every one-unit 

increase in the implementation or 

effectiveness of AI, SCM scores increase by 

approximately 0.388 units, holding all other 

variables constant. This statistically supports 

the premise that incorporating artificial 

intelligence contributes positively to 

strategic cost initiatives. 

 

The second predictor, BDA demonstrates an 

even stronger positive impact on the 

dependent variable. The unstandardized 

coefficient for this pathway is 0.641 with a 

standardized Beta of 0.410, which is highly 

significant (t= 3.156, p= 0.003). The results 

indicate that BDA is a robust predictor in the 

model, where a single-unit enhancement 

yields a 0.641-unit improvement in SCM 

performance when controlling for AI. 

 

F-test 

Analysis of Variance (ANOVA) was 

performed. The F-test specifically evaluates 

the null hypothesis that the regression 

coefficients for all independent predictors AI 

and BDA are simultaneously equal to zero. 

 

The results indicate that the overall 

regression model is highly significant, 

yielding an F-statistic of 13.250 with 2 

degrees of freedom for the regression and 45 

degrees of freedom for the residual variance, 

which is statistically significant at the 

highest conventional standard (F (2, 45)= 

13.250, p < 0.001). 

 

This finding demonstrates a near-zero 

probability that the observed relationship 

between the predictors and Strategic Cost 

Management occurred by chance, thereby 

validating the model's capacity to explain 

systemic variance. 

 

The total sum of squares is calculated at 

1299.917 across a total degree of freedom of 

47, reflecting the complete variation 

observed within the dependent variable 

across the sample. Out of this total variance, 

the regression model successfully accounts 

for a sum of squares of 481.778, producing a 

regression mean square of 240.889. 

 

In contrast, the remaining unexplained 

variance, represented by the residual sum of 

squares, stands at 818.139 with a residual 

mean square of 18.181. 

 

R-square 

The multiple correlation coefficient (R) is 

calculated at 0.609, indicating a moderate-to-

strong positive linear relationship between 

the combined set of predictors AI and BDA 

and the dependent variable, SCM. This 

substantial correlation suggests that the joint 

inclusion of these technological factors 

aligns well with shifts in cost management 

outcomes across the sampled entities. 
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The coefficient of determination, or R-square 

value, is reported as 0.371, demonstrating 

that the regression model accounts for 37.1% 

of the total variance in SCM. While the 

remaining 62.9% of the variance is 

attributable to external factors outside the 

scope of this baseline framework, an 

explanatory capability exceeding one-third 

of the total variance is considered highly 

meaningful within administrative and 

organizational research.  

 

The adjusted metric stands at 0.343, 

indicating that even after penalizing for the 

addition of independent variables, the 

model reliably explains 34.3% of the target 

variance, proving the genuine systemic 

relevance of the selected variables. 

 

The precision of the model's predictions is 

further contextualized by the standard error 

of the estimate, which is quantified at 

4.26390. This metric reflects the average 

deviation of the observed data points from 

the fitted regression line, providing a 

baseline for measuring residual dispersion. 

 

Finally, the change statistics corroborate the 

overall model fit previously observed in the 

ANOVA findings, where the initial entry of 

the predictors yields an R-square change of 

0.371, directly tied to an F-change value of 

13.250 (df_1= 2, df_2= 45, p < 0.001). 

 

This confirms that the proportion of variance 

explained by the model is statistically 

significant, establishing that the integration 

of artificial intelligence and big data 

analytics serves as a empirically valid 

foundation for optimizing strategic cost 

systems. 

 

Discussion 

The findings of this study provide empirical 

evidence that both Artificial Intelligence (AI) 

and Big Data Analytics (BDA) contribute 

positively to Strategic Cost Management 

(SCM) performance among Shopee users at 

Nusa Putra University. The positive and 

significant relationship between AI and SCM 

(β = 0.310, p = 0.021) supports Hypothesis 1 

(H1), which proposed that AI adoption 

improves the accuracy and adaptability of 

strategic cost management systems. This 

finding is consistent with the work of Hassan 

(2025) and Stroparo et al. (2024), who argued 

that machine learning algorithms enable 

organizations to identify cost drivers more 

accurately and respond dynamically to 

changing market conditions. In the context 

of Shopee users, AI-powered 

recommendation systems, personalized 

promotions, and automated decision-

support features appear to assist users in 

making more efficient purchasing decisions. 

The findings also provide indirect support 

for Hypothesis 2 (H2), which suggested that 

AI contributes to operational cost reduction 

through resource optimization and waste 

minimization. Although actual 

organizational cost savings were not directly 

measured in this study, the significant 

positive association between AI 

implementation and SCM performance 

indicates that AI-enabled features facilitate 

more efficient resource utilization and 

improve users' ability to manage 

expenditures. Big Data Analytics emerged as 

the strongest predictor of SCM performance 

(β = 0.410, p = 0.003). This finding supports 
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Hypothesis 4 (H4). The stronger coefficient 

associated with BDA suggests that the 

availability, processing, and utilization of 

large volumes of consumer and transactional 

data may be even more influential than AI 

implementation alone. 

 

From the perspective of the Theory of 

Planned Behavior (TPB), the findings 

suggest that respondents generally exhibit 

positive attitudes toward AI and BDA 

technologies. The relatively high mean 

scores for AI and SCM indicate that users 

recognize the usefulness of these 

technologies in supporting shopping 

decisions and cost management. 

 

The role of organizational readiness 

proposed in Hypotheses 3 (H3) and 5 (H5) 

could not be tested rigorously due to the 

limited sample size and the absence of full 

interaction-term regression analysis. 

Nevertheless, theoretical evidence and 

descriptive observations indicate that factors 

such as digital literacy, data security 

awareness, and technological competence 

remain important determinants of successful 

AI and BDA implementation. 

 

Conclusion, practical implications, and 

limitations 

Conclusion 

This study examined the influence of 

Artificial Intelligence (AI) and Big Data 

Analytics (BDA) on Strategic Cost 

Management (SCM) among Shopee users at 

Nusa Putra University by integrating 

concepts from Strategic Cost Management 

theory and the Theory of Planned Behavior. 

The results indicate that both AI and BDA 

have significant positive effects on SCM 

performance, demonstrating the growing 

importance of digital technologies in 

supporting cost-efficient decision-making 

within e-commerce environments. 

 

The statistical analysis revealed that AI 

positively contributes to SCM by improving 

decision quality, enhancing adaptability, 

and supporting more efficient resource 

allocation. Big Data Analytics was found to 

exert an even stronger influence on SCM 

performance, highlighting the critical role of 

data infrastructure, information processing 

capabilities, and data-driven insights in 

modern cost management practices. 

Together, these findings confirm that 

technological innovation is becoming an 

essential component of strategic 

management and organizational 

competitiveness.  

 

The study also contributes to the growing 

literature on the integration of AI, BDA, and 

SCM by demonstrating that technology-

driven decision support systems can 

improve strategic cost outcomes even within 

consumer-oriented digital platforms. While 

the research provides evidence supporting 

the effectiveness of AI and BDA, it also 

highlights the importance of organizational 

readiness, digital literacy, and technological 

competence as critical conditions for 

successful implementation. 

 

Practical Implications 

• E-commerce platforms: Simplify cost-

tracking dashboards and provide micro-

tutorials on using AI for budget 

management. 

• University education: Integrate AI and 

data literacy into accounting and 

business curricula. 

• Policymakers: Develop guidelines for 

transparent AI-based cost 

recommendations in e-commerce.
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Limitations and Future Research 

This paper has several limitations that 

should be acknowledged. First, the sample 

was relatively small (n = 48), which may 

reduce the statistical power of the analysis 

and limit the representativeness of the 

findings. Second, the study employed a 

cross-sectional design meaning that data 

were collected at a single point in time, 

preventing the examination of changes in 

consumer behavior over time and limiting 

causal interpretations. Third, the research 

focused solely on Shopee users, which 

restricts the generalizability of the findings 

to other commerce platforms. 

 

This paper relied on self-reported data, 

which may be subject to response bias and 

inaccuracies. The non-normal distribution of 

the data may also have affected the 

robustness of the statistical results. 

Furthermore, the study did not include 

comprehensive statistical tests such as t-

tests, F-tests, regression diagnostics, or 

heteroscedasticity assessments, which may 

compromise the accuracy and validity of the 

findings. 

 

Future studies are encouraged to address 

these limitations by utilizing larger and more 

diverse samples to improve the 

generalizability of the results. Researchers 

may also adopt longitudinal or panel data 

approaches to better examine causal 

relationships and changes in consumer 

behavior over time. Expanding the scope of 

the study to include multiple e-commerce 

platforms, such as Tokopedia, Lazada, and 

TikTok Shop, wpuld provide a broader 

understanding of online shopping behavior. 

 

Additionally, future research should 

incorporate more rigorous statistical 

analyses, including t-tests, F-tests, regression 

analysis, and diagnostic tests or 

heteroscedasticity and other assumptions, to 

enhance the reliability and validity of the 

findings. The use of advance analytical 

techniques, such as Structural Equation 

Modelling (SEM-PLS), may also provide 

deeper insights into the relationships among 

variables and strengthen the overall research 

framework. 
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