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A B S T R A C T   A R T I C L E   I N F O 

This study examines the impact of carbon emission 
reduction, green behaviour, and green economic value on 
sustainability performance, highlighting artificial intelligence 
(AI) and robotic engagement as distinct instruments in the 
Society 5.0 era among Indonesian mining firms during 2022-
2025. A quantitative panel data approach is applied using 
secondary data with purposive sampling, employing the best 
fit model (CEM, FEM, or REM), supported by classical 
assumption tests and robust multiple regression standard 
errors. The results show that carbon reduction, green 
income, and AI significantly enhance sustainability 
performance. AI strengthens the effects of carbon reduction 
and green income, but weakens the role of green employee 
behaviour. In contrast, robotic engagement has a negative 
and insignificant moderating effect, leading to the rejection 
of related hypotheses. This study extends sustainability 
literature through the Resource-Based View (RBV) by 
positioning AI as a strategic resource and distinguishing it 
from robotic engagement. Practically, it suggests firms 
prioritize AI driven strategies while aligning them with 
human behaviour to achieve sustainable performance. The 
novelty lies in a modified proxy model and the separation of 
AI and robotics as distinct constructs. 
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1. INTRODUCTION 

The mining industry faces increasing pressure to align financial performance with sustainability 
accountability in the Industry 5.0 era, where accounting practices are expected to capture not only 
economic outcomes but also environmental and social impacts. This issue is particularly relevant 
within the domain of sustainability accounting, which emphasizes the measurement, recognition, 
and disclosure of non-financial performance alongside traditional financial metrics. Empirical 
research in accounting that specifically examines the role of artificial intelligence (AI) and robotics 
in sustainability remains limited, indicating a gap in the scientific development of accounting 
knowledge. Sustainability reporting has not fully integrated digital technologies in an ethical and 
transparent manner for stakeholders, creating a discrepancy between operational reality and 
disclosed information. As a resource- and energy-intensive sector, mining activities generate high 
carbon emissions, hazardous waste, and land degradation that remain difficult to mitigate and 
consistently measure within accounting systems (Midde and Rao, 2023). At the same time, the 
adoption of artificial intelligence (AI) and robotics is transforming industrial processes through 
autonomous systems, predictive analytics, and precision-based operations, enhancing efficiency 
and safety (Deloitte, 2023; PwC, 2025). Empirical evidence shows that AI-driven monitoring and 
robotic automation can reduce energy consumption and workplace risks (Meng and Okwara, 2025; 
Du et al., 2025). Within the Triple Bottom Line (TBL) framework, these developments relate closely 
to green income, emission reduction, and green employee behavior as key drivers of sustainability 
performance (Gómez Gandía et al., 2025; Baltezarević, 2025; Rahim et al., 2025; Singh et al., 2023). 

Prior findings remain inconclusive. Some studies confirm that carbon reduction and green 
innovation improve sustainability performance (Ibishova et al., 2024; Seroka-Stolka, 2023), while 
others report insignificant effects due to high costs and technological readiness constraints 
(Acemoglu and Restrepo, 2018; Amoujavadi and Nemati, 2024). The role of green employee 
behavior is also conditional on organizational support and digital infrastructure (Arshad et al., 2025; 
Kutaula et al., 2025). These inconsistencies highlight the need for stronger theoretical grounding. 
This study is anchored in the Natural Resource-Based View (Hart, 1995), which explains how 
environmental capabilities create competitive advantage; stakeholder theory (Freeman, 1994), 
which emphasizes responsiveness to stakeholder expectations Baroroh et al., (2025); and legitimacy 
theory (Dowling and Pfeffer, 1975), which underscores the importance of aligning corporate actions 
with societal norms. These theories provide a comprehensive lens for understanding how 
sustainability performance is shaped by environmental actions, economic incentives, and social 
legitimacy amid digital transformation. 

Most prior studies treat AI and robotics as a unified construct, overlooking the distinction 
between algorithmic intelligence and physical automation (Yang et al., 2024; Yu et al., 2025). This 
creates a limitation in accounting-based sustainability analysis, particularly in understanding how 
digital technologies are measured, reported, and linked to firm performance. In addition, prior 
research predominantly measures environmental, social, and economic aspects using disclosure 
indices, which often reflect reporting completeness rather than actual sustainability performance. 
This creates a critical gap, as high disclosure scores do not necessarily indicate real improvements 
in emission reduction, environmental impact, or economic sustainability outcomes. 

Gap of this study develops an integrated framework grounded in the Natural Resource-Based 
View (Hart, 1995), stakeholder theory (Freeman, 1994), legitimacy theory (Dowling and Pfeffer, 
1975), and the Theory of Planned Behavior (Ajzen, 1991). It conceptualizes AI as an intangible 
strategic resource that enhances data-driven sustainability decisions, while robotic engagement 
represents tangible operational capabilities. Unlike prior studies relying on perception-based data, 
this research constructs quantitative proxies for carbon reduction, green income, and robotic 
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engagement using secondary data, thereby strengthening the reliability of sustainability 
measurement (Dhiman et al., 2024; Song et al., 2025). 

Indonesia’s mining sector provides a relevant context due to its high environmental exposure and 
increasing digital transformation (Baltezarević, 2025; World Economic Forum, 2024). Accordingly, 
this study aims to examine whether AI and robotic technologies can drive the Triple Bottom Line 
dimensions, environmental, social, and economic, to enhance sustainability performance. The study 
contributes to the applied accounting literature by providing empirical evidence on how digital 
technologies can be integrated into sustainability accounting practices and reporting. Furthermore, 
it offers a conceptual foundation for future research to extend the framework toward a four-bottom 
line, where technology becomes an integral dimension of sustainability measurement and 
reporting. 

2. METHODS 

This study adopts a quantitative research design using panel data to investigate the effects of 
carbon reduction rate, green employee behavior, and green income on corporate sustainability 
performance, as well as the moderating roles of sustainable artificial intelligence (EAI) and robotic 
engagement. The framework is grounded in the Triple Bottom Line perspective, integrating 
environmental, social, and economic dimensions. Secondary data were collected from annual 
reports, sustainability reports, ESG disclosures, and financial statements of mining companies listed 
on the Indonesia Stock Exchange (IDX) for the period 2022-2025. Additional ESG data were obtained 
from the Katadata ESG Index to ensure consistency and comparability. Purposive sampling was 
applied based on three criteria: (1) mining firms listed on the IDX during 2022-2025; (2) companies 
consistently included in the Katadata ESG Index; and (3) firms that did not report negative gross 
profit during the observation period. Of the 65 listed mining companies, 13 were excluded because 
they were not included in ESG indices, resulting in a final sample of 52 firms and 208 firm-year 
observations. 

Carbon reduction rate is measured following Yin et al. (2023), modified to capture annual 
emission reduction progress, calculated as the change in total carbon emissions from year t-1 to 
year t divided by total emissions in year t. Green employee behavior is proxied using certification 
levels from the Green Building Council Indonesia (GBCI, 2024), scored from 0 (non-certified) to 4 
(Platinum), reflecting structured environmental engagement within the organization. Green income 
is adapted from Jawadi et al. (2025) and measured as the growth in economic value from year t-1 
to year t, divided by the economic value distributed in year t, indicating sustainable economic value 
creation. Sustainable artificial intelligence is assessed using a text-mining approach adapted from 
Yu et al. (2025), employing an AI-related keyword dictionary processed with AntConc (2024 version); 
keyword frequencies are transformed using ln(1 + frequency) to construct a continuous EAI index. 
Robotic engagement follows Xie et al. (2025) and is calculated using the robotic-to-human ratio 
derived from corporate disclosures. Sustainability performance is measured using a composite ESG 
score adapted from the Katadata ESG Index and Damtoft et al. (2025), weighted across 
environmental (50%), social (20%), and governance and economic (30%) dimensions as suggested 
by Putryanda and Purnamasari (2025). 

Panel regression analysis was conducted using the Common Effect Model (CEM), Fixed Effect 
Model (FEM), and Random Effect Model (REM). Model selection was performed sequentially 
through the Chow Test (CEM vs. FEM) and the Hausman Test (FEM vs. REM), followed by the 
Lagrange Multiplier (LM) Test when REM was indicated. The use of multiple panel estimation models 
aims to identify the most appropriate specification and to minimize bias arising from unobserved 
heterogeneity across firms. Classical assumption tests were applied prior to hypothesis testing to 
ensure the validity of the estimator. To enhance robustness and ensure that results remain 
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consistent across different specifications, three additional estimation strategies were employed: (1) 
robust standard error estimation using heteroskedasticity consistent (White) corrections to address 
potential variance bias; (2) lagged independent variable estimation to mitigate reverse causality and 
short-term endogeneity concerns; and (3) alternative variable operationalization by substituting the 
composite ESG score with its environmental sub-index to verify consistency across sustainability 
dimensions. These approaches are intended to confirm that the empirical results reported by Griep 
et al. (2025) and Kan (2025), including the moderating interaction effects of EAI and robotic 
engagement, are stable, reliable, and not sensitive to model selection or measurement variation. 
Furthermore, the methodological design and proxy measurements developed in this study provide 
a practical reference for future researchers employing quantitative approaches with secondary 
data, particularly in examining sustainability performance and digital technology integration across 
different sectors and contexts. The table is shown in Table 1. 

Table.1 Variables measures 

Variable  Measurements and Scale Source 

Carbon 
Reduction 

Rate 

Ratio 

𝐸𝑅𝐷 (%) =
(𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑡−1) − (𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑡)

(𝐸𝑚𝑖𝑠𝑠𝑖𝑜𝑛𝑡)
 

(Yin et al., 
2023) 

Green 
Employee 
Behaviour 

Ordinal 
Score of 4 denotes a Platinum Trophy  

Score of 3 denotes a Gold Trophy  
Score of 2 denotes a Silver Trophy 

Score of 1 denotes a Bronze Trophy 

(Valor et al., 
2024) 

Green 
Income 

Ratio 

𝐺𝐼𝐶 =
(𝐸𝑐𝑜𝑛𝑜𝑚𝑖𝑐  𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑𝑡) − (𝐸𝑐𝑜𝑛𝑜𝑚𝑖𝑐  𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑𝑡−1)

(𝐸𝑐𝑜𝑛𝑜𝑚𝑖𝑐  𝐷𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑒𝑑𝑡)
 

(Jawadi et 
al., 2025) 

Sustainable 
Artificial 

Intelligence 

Nominal 
𝐸𝐴𝐼 = 𝐼𝑛(1 + 𝑇𝑜𝑡𝑎𝑙 𝐴𝐼 𝐾𝑒𝑦𝑤𝑜𝑟𝑑 𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦) 

(Yu et al., 
2025) 

Robotic 
Engagement 

Ratio 

𝑅𝐵𝐸 =  
𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑅𝑜𝑏𝑜𝑡𝑠 𝑜𝑟 𝑁𝑜𝑛𝐻𝑢𝑚𝑎𝑛 𝐸𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡

𝑇𝑜𝑡𝑎𝑙 𝐻𝑢𝑚𝑎𝑛 𝑊𝑜𝑟𝑘𝑒𝑟𝑠
 

(Xie et al., 
2025) 

Sustainability 
Performance 

Nominal 

𝐼𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟 𝑅𝑒𝑣𝑒𝑟𝑠𝑒 𝑆𝑐𝑜𝑟𝑒𝐸𝑆𝐺 = 100 − [(
𝑋𝑖−𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
) 100] 

𝑆𝑃𝑅 = 50%𝐸𝑛𝑣𝑖𝑟𝑜𝑛𝑚𝑒𝑛𝑡𝑎𝑙 + 20%𝑆𝑜𝑐𝑖𝑎𝑙 + 20%𝐺𝑜𝑣𝑒𝑟𝑛𝑎𝑛𝑐𝑒  

(Putryanda 
and 

Purnamasari, 
2025) 

3. RESULTS AND DISCUSSION 
3.1. Statistic Descriptive 

Based on the results of the data processed of the total amount of samples, the analysis with 
multiple linear regression using EViews13, in general, the 2 descriptive statistics can be seen in Table 
2.  
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Table 2. Statistic descriptive summary 

Variables Mean Median Maximum Minimum Std. Dev Skewness Kurtosis 

SPR 5.897 5.952 8.158 3.579 9.913 -0.271 2.690 

ERD 0.039 0.043 0.083 0.012 0.013 0.298 3.038 

GEB 3.129 3.000 4.000 1.000 0.796 -0.622 2.858 

GIC 2.137 1.290 8.400 0.540 2.334 1.333 3.550 

AIE 1.248 1.255 1.681 0.778 0.209 -0.059 2.266 

RBE 0.011 0.009 0.040 0.001 0.007 1.092 4.665 

Observations 208 

Source: Processed Data 
Note: SPR: Sustainability Performance; ERD: Carbon Reduction Rate; GEB: Green Employee 
Behavior; GIC: Green Income; AIR: Sustainable Artificial Intelligence; RBE: Robotic Engagement 

The sustainability performance (SPR) variable, serving as the dependent variable, recorded a 
minimum value of 3.579 for PT Super Energy Tbk and PT Ifishdeco Tbk in 2022. This result reflects 
weak sustainability performance, characterized by low operational efficiency, high environmental 
impact, and limited social contribution. Conversely, the maximum value of 8.158 was achieved by 
PT Bukit Asam Tbk in 2022, a state-owned coal mining company demonstrating outstanding 
sustainability performance through energy and water efficiency, implementation of the 3R program 
(reduce, reuse, recycle) in waste management, biodiversity conservation, and recognition with the 
Gold Rank Award by Indonesia’s Ministry of Environment and Forestry. 

The mean SPR value was 5.897, indicating that the majority (81%) of mining companies in the 
sample exhibit good sustainability implementation: 100 observations scored above 50, and only 24 
scored below 50. The skewness value of -0.271 indicates a left-skewed distribution, suggesting 
slightly more firms with above-average scores, while the kurtosis of 2.690 (close to 3) denotes a 
near-normal distribution that is neither too peaked nor too flat. The standard deviation of 9.913, 
which is lower than the mean (58.970), indicates that the data are relatively homogeneous, with 
low variation across firms. 

For the carbon reduction rate variable, which acts as an independent variable, the minimum 
value of 0.012 was found for PT Golden Energy Mines Tbk in 2023, due to limited progress in the 
clean energy transition, as operations remained heavily dependent on large-scale coal production 
and combustion. The maximum value of 0.083 (8.3%) was achieved by PT Super Energy Tbk in 2024, 
attributed to enhanced operational efficiency and expanded use of gas and renewable energy 
sources. The mean of 0.039 suggests that carbon-reduction levels among Indonesian mining firms 
remain relatively low, with a standard deviation of 0.013, indicating homogeneity in emission-
reduction performance. The skewness of 0.298 (right-skewed) indicates that a few companies 
achieved higher-than-average reduction rates, while the kurtosis of 3.038 indicates a leptokurtic 
distribution that is still near-normal. 

Regarding the green employee behavior (GEB) variable, the minimum score of 1.000 was 
recorded by PT Resources Alam Indonesia Tbk, PT RMK Energy Tbk, PT Cita Mineral Investindo Tbk, 
and PT Kapuas Prima Coal Tbk in 2022, all of which obtained a Bronze rating from the Green Building 
Council Indonesia (GBCI). This reflects the absence of strategic internal policies supporting green 
workplace behavior at that time. The maximum score of 4.000 was achieved by 44 observations 
(35.4%) representing companies with Platinum certification between 2022 and 2025. The mean 
value of 3.129 indicates a generally good level of employee environmental awareness and 
engagement, with 56 samples achieving a Gold rating. The standard deviation of 0.796, lower than 
the mean, suggests data homogeneity. The skewness value of -0.622 (left-skewed) indicates that 
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most companies scored high on GEB, while the kurtosis of 2.858 (close to 3) denotes an 
approximately normal distribution. 

For the green income (GIC) variable, the minimum value of 0.540 was observed in PT Super 
Energy Tbk (2022), corresponding to a green income of IDR 709 billion, whereas the maximum value 
of 8.400 was recorded for PT Bumi Resources Tbk (2022), which achieved a green income of IDR 84 
trillion. The mean value of 2.137 indicates that most companies have begun to realize economic 
benefits from sustainable initiatives. The relatively high standard deviation (2.334) indicates greater 
variability across firms. The positive skewness (1.333) reveals a right-skewed distribution, suggesting 
that most companies have low GIC values while a few have very high ones. The kurtosis value of 
3.550 (>3) indicates a leptokurtic distribution with some extreme observations, although still within 
the acceptable range of normality. 

The sustainable artificial intelligence (AIE) variable ranges from 0.778 for PT Kapuas Prima Coal 
Tbk (2022) to 1.681 for PT Indika Energy Tbk (2025). The latter company demonstrated stronger AI 
integration within its operational and sustainability strategies, while the former remained in the 
early stages of digital transformation with limited infrastructure for AI adoption. The mean value of 
1.248 indicates a relatively high and stable level of AI adoption across the sample, supported by a 
low standard deviation (0.209), implying homogeneity in AI disclosure. The skewness of -0.059 
suggests a slightly left-skewed distribution, while the kurtosis of 2.266 indicates a platykurtic 
distribution, flatter and more evenly spread, with few extreme values. 

The robotic engagement (RBE) variable recorded a minimum value of 0.001 for PT Darma Henwa 
Tbk (2022), indicating minimal robotic integration due to a high reliance on manual labor. 
Conversely, the maximum value of 0.040 was found for PT Super Energy Tbk (2025), which had 
significantly advanced automation initiatives, employing approximately 8-10 robotic units with a 
relatively small workforce (200 employees). The mean value of 0.011 indicates that the average level 
of robotic adoption remains low within Indonesia’s mining sector. The relatively high standard 
deviation (0.007) compared to the mean (0.011) denotes moderate variation in adoption levels. The 
positive skewness (1.092) shows that most companies have low robotic engagement, while a few 
have high levels of adoption. The kurtosis of 4.665 (>3) indicates a leptokurtic distribution with a 
sharp peak and extreme outliers, suggesting substantial disparities in robotic technology 
implementation across mining firms. 

3.2. Model Selected Test 

Robust model selection is conducted using panel data procedures. The Chow test is first applied 
to compare the Common Effect Model (CEM) and the Fixed Effect Model (FEM). If FEM is preferred, 
the Hausman test is subsequently employed to determine whether FEM or the Random Effect 
Model (REM) is more appropriate. A Hausman significance value below 0.05 indicates that FEM is 
consistent and selected, whereas a value above 0.05 supports the use of REM. To ensure robustness, 
three estimation models are specified. 
1st   Estimate → SPR = α + β1ERD + β2GEB + β3GIC + β4EAI + ε 
2nd Estimate → SPR = α + β1ERD + β2GEB + β3GIC + β4RBE + ε 

3rd Estimate → 
 

SPR = α + β1ERD + β2GEB + β3GIC + β4EAI + β5RBE + β6ERD × EAI × β7GEB × 
EAI + β8GIC × EAI + β9ERD × RBE + β10GEB × RBE + β11GIC × RBE + ε 

The Chow test results are shown in Table 3. 
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Table.3 Chow test 

Estimate Effects Test Statistic d.f Prob Interpretation 

1st 
Cross-section F 11.675909 (30,89) 0.0000 Fixed Effect Model 

(FEM) is selected Cross-section Chi-square 195.965312 30 0.0000 

2nd 
Cross-section F 12.410393 (30,89) 0.0000 Fixed Effect Model 

(FEM) is selected Cross-section Chi-square 204.034286 30 0.0000 

3rd 
Cross-section F 10.483396 (30,82) 0.0000 Fixed Effect Model 

(FEM) is selected Cross-section Chi-square 195.419233 30 0.0000 

Source: Processed Data 

The results of the Chow test indicate that the p-values for all models (p-value = 0.0000 < 0.05) 
indicate a significant difference across entities (companies) in the panel data. Therefore, the Fixed 
Effect Model (FEM) is more appropriate than the Common Effect Model (CEM), as FEM can capture 
the influence of unobserved heterogeneity and the unique characteristics specific to each company 
that cannot be directly observed. This finding suggests that each firm possesses a distinct intercept, 
which significantly affects the relationship between the independent and dependent variables. The 
table is shown in Table 4. 

Table.4 Housman test 

Estimate Test Summary Chi-Sq. Statistic Chi-Sq. d.f Prob Interpretation 

1st Cross-section 
random 

20.664710 4 0.0004 
Fixed Effect Model 
(FEM) is selected 

2nd Cross-section 
random 

26.626953 4 0.0000 
Fixed Effect Model 
(FEM) is selected 

3rd Cross-section 
random 

27.201304 11 0.0043 
Fixed Effect Model 
(FEM) is selected 

Source: Processed Data 

The results of the Hausman test reveal a Chi-square value of 20.6647 with 4 degrees of freedom 
(d.f.) and a probability value of 0.0004 for Model 1, a Chi-square value of 26.6269 with 4 (d.f.) and 
a probability value of 0.0000 for Model 2, and a Chi-square value of 27.2013 with 11 (d.f.) and a 
probability value of 0.0043 for Model 3 (combined model). All probability values are below the 0.05 
significance threshold, indicating a systematic difference between the coefficients of the Fixed 
Effect Model (FEM) and the Random Effect Model (REM). The Fixed Effect Model (FEM) is deemed 
the most appropriate estimation approach, as it effectively captures unobserved heterogeneity 
across firms and yields consistent parameter estimates. This result implies that firm-specific effects 
are correlated with the explanatory variables, confirming that the FEM is the most suitable model 
for panel data analysis in this study, particularly within the combined Model 3 framework used to 
test the research hypotheses. 

3.3. Classical Assumption Test 

This study conducted a series of classical assumption tests, including normality, 
heteroskedasticity, multicollinearity, and autocorrelation tests, prior to hypothesis testing. The 
purpose of these diagnostic tests is to ensure that the dataset satisfies the regression model 
assumptions and that the estimated parameters are reliable, unbiased, and efficient. The results of 
these tests are summarized in Table 5. 
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Table.5 Classical assumption test 

Tests Standard  Results Summary 

Normality Test (Jarque-
Bera) 

Probability value 
> 0.05 

 
0.642 Normally distributed 

Autocorrelation Test 
(Durbin-Watson) 

dL<dU<DW<4-
dU<4-dL 

 
1.806 Autocorrelation Free 

Multicollinearity Test 
(Variance Inflation 
Factor) 

Centered VIF < 10 

ERD 
GEB 
GIC 
EAI 
RBE 

ERD*EAI 
GEB*EAI 
GIC*EAI 

ERD*RBE 
GEB*RBE 
GIC*RBE 

1.250 
5.770 
5.887 
8.249 
6.183 
7.047 
4.602 
3.486 
4.794 
7.686 
4.641 

Multicollinearity Free 

Heteroscedasticity 
test (Breusch 
Pegan Godfrey) 

Prob Chi-Square 
(110 < 0.05 

 
0.747 

Heteroscedasticity 
Free 

Source: Processed Data 

The normality test using the Jarque-Bera method yielded a test statistic of 0.884877 and a p-
value of 0.642468, both of which are greater than the significance level of 0.05. This result indicates 
that the residuals are normally distributed, meaning the regression model satisfies the normality 
assumption. Consequently, the residuals are random and exhibit no systematic pattern, ensuring 
that the parameter estimates are valid for subsequent hypothesis testing. 

The Durbin-Watson statistic of 1.806, which lies within the acceptable range of 1.6240 < 1.7914 
< 1.806 < 2.208 < 2.376, indicates that the regression model is free from autocorrelation. This 
suggests that the residuals across periods are random and independent, thus confirming the 
model’s suitability for further hypothesis testing. 

The multicollinearity test results show that all independent variables have Centered Variance 
Inflation Factor (VIF) values below 10, ranging from 1.25 to 8.25. These values fall within the 
acceptable tolerance threshold (VIF < 10), indicating no serious multicollinearity issues among the 
independent variables. Hence, each independent variable uniquely explains variations in 
sustainability performance without excessive mutual influence, implying that the regression model 
satisfies the independence assumption and can be used for valid hypothesis testing. 

The heteroskedasticity test results reveal that the Prob. F (0.4006), Prob. Chi-Square (Obs*R-
squared = 0.3878), and Prob. Scaled Explained SS (0.7473) values all exceed the 0.05 significance 
level. This finding indicates that the model does not suffer from heteroskedasticity, meaning the 
residual variance is homogeneous across observations. Therefore, the model satisfies the 
homoskedasticity assumption, ensuring that the estimated parameters are efficient and unbiased. 

3.4. Hypothesis Test 

The results of the hypothesis test using the fixed-effect model indicate that the independent 
variables, when examined simultaneously, have a significant influence on corporate sustainability 
performance, as shown in the following analysis.  
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The conceptual framework posits that Artificial Intelligence (AI) adoption serves as a strategic 
capability enabling banks to enhance operational efficiency, data-driven decision-making, risk 
management, and innovation capacity. These improvements are expected to strengthen 
sustainability performance across the four dimensions of the Four Bottom Line (4BL): profit, people, 
planet, and technology. AI contributes to sustainable economic value creation through greater 
efficiency and financial performance (profit), supports workforce productivity and human capital 
development (people), promotes resource optimization and environmental responsibility (planet), 
and reinforces continuous innovation and digital transformation capabilities (technology). This 
study argues that AI functions not merely as an operational tool but as a distinct sustainability pillar 
that generates multidimensional value. By positioning technology as an independent dimension 
alongside economic, social, and environmental objectives, the framework extends the traditional 
Triple Bottom Line perspective toward a Four Bottom Line approach that better reflects the 
sustainability challenges and opportunities of the digital era. The integrated framework is illustrated 
in Figure 1. 

Industry 4.0/5.0 era
Era of digitalization

Artificial Intelligence Robotic

Resource Based View Theory

High Investment and Diminishing 
the Social Sustainability 

Research GAP

Sustainability standards have not 
yet fully integrated AI

AI regulations in Indonesia are not 
yet fully developed.

Sustainability Performance

Carbon Reduction Rate 

Green Employee Behavior

Green Income

Triple Bottom Line 

Four Bottom Line 

Technology Adoption 

Longlasting and Updatable

Pro

High Investment and Diminishing 
the Social Sustainability 

Contra

Ammount

Novelty

Novelty
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H3
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Collaboration

H4, H5

H6, H7, H8, H9, H10, H11

 
Source:  Author Design by Ms. Visio 

Figure 1. Integrated Framework of Research Findings 

Table 6. Hypothesis test 

One Tailed  Variable Coef Std. Error t-Statistic Prob. Result 

H1 ERD →SPR 85.03205 42.13935 2.017878 0.0234* Supported 
H2 GEB → SPR -1.142527 1.535067 -0.744285 0.2294* Reject 
H3 GIC → SPR 0.882355 0.397293 2.220917 0.0145* Supported 

H4a EAI → SPR 82.32268 35.03576 2.349676 0.0106* Supported 
H4b RBE → SPR -39.61794 15.88780 -2.493609 0.0073* Contradict 
H5a ERD*EAI → SPR 613.3026 183.4907 3.342418 0.0006* Supported 
H6a GEB*EAI → SPR -8.209380 4.889395 -1.679018 0.0485* Contradict 
H7a GIC*EAI → SPR 0.034449 0.300636 0.114586 0.0451* Supported 
H5b ERD*RBE → SPR 2324.940 4202.259 0.553260 0.2908* Reject 
H6b GEB*RBE → SPR -3.628368 3.383179 -1.072473 0.0286* Contradict 
H7b GIC*RBE → SPR -20.40040 22.07043 -0.924332 0.0358* Contradict 

 Adjusted R-
squared    0.8783* 

 

 Prob (F-statistic)    0.0000*  

Source: Processed Data 
Note: SPR: Sustainability Performance; ERD: Carbon Reduction Rate; GEB: Green Employee Behavior; 
GIC: Green Income; AIR: Sustainable Artificial Intelligence; RBE: Robotic Engagement 

https://doi.org/10.17509/jaset.v18i1


Wicaksono et al., AI and Robotic Engagement as Catalysts for Mining Industry Sustainability…| 58 

DOI: https://doi.org/10.17509/jaset.v18i1  
p- ISSN 2086-2563 e- ISSN 2541-0342 

Based on the results in Table 6, The findings demonstrate that sustainability performance is 
shaped by the interaction of environmental effectiveness, economic value creation, and digital 
technological capabilities within an integrated sustainability framework. Carbon reduction rate 
shows a positive and significant effect on sustainability performance, Meiyanti and Adhariani, 
(2025) confirming that measurable emission reduction constitutes a substantive driver of 
sustainability rather than symbolic disclosure. This result reinforces the natural resource-based view 
(Hart, 1995), which holds that environmental capabilities are strategic assets that enhance long-
term competitiveness (Singh et al., 2023; Seroka-Stolka, 2023). Empirical evidence indicates that 
firms achieving higher levels of emission reduction simultaneously strengthen operational 
efficiency, regulatory compliance, and reputational capital. Legitimacy theory (Dowling and Pfeffer, 
1975) and stakeholder theory (Freeman, 1994) provide additional explanatory power, as emission 
reduction strengthens societal acceptance and stakeholder trust, which subsequently translate into 
improved sustainability outcomes (Arogundade et al., 2023; Baltezarević, 2025; Sharaf-Addin, 
2024). These findings reject the notion that disclosure-based sustainability proxies adequately 
represent real environmental performance, emphasizing the importance of outcome-based 
measurement. 

Green employee behavior exhibits no significant influence on sustainability performance, 
reflecting a structural disconnect between individual-level pro-environmental actions and 
organizational-level outcomes. The theory of planned behavior (Ajzen, 1991) conceptualizes 
behavior as a function of intention, subjective norms, and perceived control (Tang et al., 2023), yet 
empirical results indicate that behavioral intention alone lacks sufficient power to influence 
sustainability performance without institutional reinforcement. Organizational mechanisms such as 
governance systems, performance incentives, and sustainability-oriented culture determine the 
extent to which individual behavior can be translated into measurable outcomes (Arshad et al., 
2025; Valor et al., 2025; Pratiwi et al., 2025). This finding highlights a critical limitation within prior 
literature that overemphasizes behavioral dimensions while underestimating structural enablers. 
Sustainability performance emerges from systemic alignment rather than isolated behavioral 
initiatives. 

Green income demonstrates a positive and significant effect on sustainability performance, 
indicating that economic value Rari Dwi et al., (2025) derived from environmentally oriented 
activities contributes directly to sustainability achievements. This evidence positions sustainability 
as a value-generating mechanism rather than a compliance cost. Stakeholder theory (Freeman, 
1994) explains that market responses to green products and services strengthen legitimacy and 
reinforce sustainable strategies (Alsayegh et al., 2020; Cuong et al., 2025; Rahman et al., 2025). 
Efficient allocation of environmentally related financial resources enhances both economic and 
environmental outcomes, supporting the argument that sustainability integration improves 
resource optimization and long-term value creation. This finding addresses inconsistencies in prior 
studies by demonstrating that the effectiveness of green income depends on its strategic 
management and alignment with sustainability objectives (Kumar et al., 2025; Meng and Okwara, 
2025). 

Sustainable artificial intelligence emerges as a central driver of sustainability performance, 
exerting a positive, significant direct effect while strengthening relationships between 
environmental and economic variables. AI functions as a digital capability that enhances emission 
monitoring, energy optimization, and decision-making accuracy through data-driven processes 
(Dhiman et al., 2024; Bolón-Canedo et al., 2024; Song et al., 2025). The integration of AI extends the 
natural resource-based view by incorporating digital resources as critical strategic assets. The 
significant interaction between AI and carbon reduction confirms that digital technologies amplify 
environmental effectiveness, while the interaction with green income indicates improved economic 
optimization within sustainability initiatives. A negative interaction between AI and green employee 
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behavior reveals a misalignment between technological systems and human capability. Limited 
digital competence, insufficient training, and weak integration frameworks reduce the effectiveness 
of behavioral contributions (Pratiwi et al., 2025; Arshad et al., 2025). These findings indicate that 
technological capability requires complementary human and organizational readiness to generate 
optimal sustainability outcomes. 

Robotic engagement has a negative, significant effect on sustainability performance and weakens 
the influence of sustainability drivers. This result challenges deterministic assumptions regarding 
the positive role of automation in sustainability. Empirical evidence indicates that robotic 
implementation often prioritizes operational efficiency over environmental and social objectives, 
leading to unintended negative consequences (Acemoglu and Restrepo, 2018; Du et al., 2025). 
Stakeholder resistance, workforce displacement concerns, and high implementation costs reduce 
legitimacy and weaken sustainability outcomes (Cheng, 2025; Midde and Rao, 2023). The negative 
moderation effects suggest that excessive automation reduces the contribution of human-centered 
sustainability practices and diminishes the economic benefits derived from green income. 
Theoretical perspectives emphasize that technological adoption must align with stakeholder 
expectations and organizational readiness to generate positive outcomes (Dowling and Pfeffer, 
1975; Freeman, 1994). Robotics, therefore, represents a contingent factor whose impact depends 
on strategic alignment, social acceptance, and sustainability-oriented implementation. 

These findings collectively support a conceptual transition from the traditional triple bottom line 
to a four-bottom-line framework. Economic, environmental, and social dimensions remain 
fundamental, while technology emerges as an embedded and inseparable component of 
sustainability. Technology functions not as an external enabler but as an internalized dimension that 
reshapes sustainability processes, measurement systems, and performance evaluation. The four-
bottom-line framework reflects the structural transformation of sustainability in the digital era, 
where technological capability determines the effectiveness of sustainability integration (Yang et 
al., 2024). 

The implications for the accounting discipline are substantial (Kurniawati, 2025). The expansion 
of digital technologies has generated concerns regarding the displacement of accounting functions. 
Empirical evidence from this study demonstrates an alternative trajectory characterized by 
adaptation rather than substitution. Accounting evolves into an integrative information system that 
incorporates financial, environmental, social, and technological data within a unified reporting 
structure. The presence of artificial intelligence enhances data processing capacity, improves 
measurement accuracy, and enables real-time sustainability reporting. These developments 
strengthen the relevance of accounting by expanding its analytical scope and decision-support 
capabilities. 

Technology serves as a collaborative tool in accounting. Artificial intelligence, data analytics, and 
digital systems support the identification, measurement, and disclosure of sustainability 
performance without eliminating the foundational principles of accounting (Kutaula et al., 2025). 
The integration of technology within the four bottom line framework positions accounting as a 
central mechanism for translating complex sustainability phenomena into structured and decision-
useful information. This transformation reinforces accounting as an adaptive discipline capable of 
responding to technological disruption while maintaining its core epistemological foundation. 

The continuity of accounting knowledge depends on its ability to integrate technological 
advancements into its conceptual and practical frameworks. Adaptation replaces displacement as 
the dominant paradigm. Accounting maintains its relevance by incorporating digital capabilities that 
enhance transparency, accountability, and sustainability measurement. The discipline retains its 
foundational role in supporting economic decision-making while expanding its scope to address 
environmental and social challenges within a technologically embedded context.  
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The Adjusted R-squared value of 0.8783 indicates that 87.83% of the variation in corporate 
sustainability performance is explained by the independent variables in the model. This 
demonstrates that the model possesses strong explanatory power, while the remaining 12.17% of 
the variation is attributed to other factors not captured in this study, such as government policies, 
global market pressures, or non-digital innovations. Moreover, the Prob (F-statistic) value of 0.0000 
(< 0.05) confirms that the regression model is statistically significant as a whole, meaning that all 
independent variables jointly exert a significant influence on sustainability performance. Therefore, 
the model exhibits a high level of goodness-of-fit and provides strong empirical relevance in 
explaining the relationship between digital sustainability drivers (artificial intelligence and robotic 
engagement) and corporate sustainability performance. 

4. CONCLUSION 

This study demonstrates that carbon emission reduction and green income are key 
determinants of sustainability performance, supported by their positive and significant effects. 
Artificial intelligence (AI) strengthens these relationships by improving monitoring accuracy, 
resource efficiency, and environmental decision-making. AI acts as a strategic enabler, amplifying 
the effectiveness of carbon reduction and green income. In contrast, green employee behavior 
does not significantly influence sustainability performance, suggesting that individual initiatives 
require robust organizational systems to yield measurable outcomes. Robotic engagement shows 
a negative direct effect, weakening the contribution of sustainability drivers, suggesting that its 
current implementation remains efficiency-oriented rather than sustainability-driven. 

The findings indicate that sustainability improvement depends on effective collaboration 
between AI and robotics to reduce carbon emissions and enhance sustainability performance. Both 
technologies contribute to emission reduction and green income. However, robotics may increase 
emissions when not properly managed or aligned with environmental objectives. The presence of 
AI and robotics does not, in itself, automatically strengthen green employee behavior without 
robust environmental management. Integrated governance is required to align technology with 
sustainability goals. Regulatory frameworks become the primary driver, emphasizing the need for 
ethical standards on AI and robotic use. The Global Reporting Initiative (GRI) should expand 
reporting standards by incorporating technological dimensions within the four bottom lines. This 
study is limited by inconsistent sustainability disclosures and its focus on the mining sector. Future 
research should expand cross-sector samples, develop the four bottom line framework, and apply 
more robust methods, including endogeneity testing. 
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  E R D   ( % ) =     ( E m i s s i o n  t − 1 ) −   ( E m i s s i o n  t )    ( E m i s s i o n  t )


  G I C =     ( E c o n o m i c     G e n e r a t e d  t ) −   ( E c o n o m i c     G e n e r a t e d  t − 1 )    ( E c o n o m i c     D i s t r i b u t e d  t )
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