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[bookmark: _Toc221093014]Executive Summary

The study describes the effect of digitalization of SMEs on the productivity of the labor force in Bangladesh. It seeks to determine the tools which are most significant. According to the information presented by the World Bank in 2022, in its Enterprise Survey, I have applied both the methods of econometrics and machine-learning implementation to get beyond the relationships and find the causality. I have two portions of our empirical approach. Part A uses fixed-effects OLS, interaction models, quantile regressions, and propensity-score matching (PSM) to estimate the impacts of adopting digital on productivity controlled by firm variation and due to observed selection bias. Part B applies machine-learning models and methods of explainability to tree models, including SHAP values and Partial Dependence plots (PDPs), to determine non-linear effects and threshold effects of a predictive, non-causal setting. The effects of digital strength on labor productivity point to it being, according to fixed-effects estimates, a positive relationship. Regression of the components also indicates that this growth is mainly due to the transactional tools, especially online payment, which is not due to the presence of online entities, such as just having a website. The interactive model shows that companies that have more experienced managers get increased gains, and this outlines the importance of managerial capacity. The quantile regressions determine high amounts of heterogeneity; the productivity increases are non-significant in low-productivity firms and significantly higher in high-productivity firms. To estimate the causal impact of the use of online payment, we use PSM in which we take it as a discrete treatment. The Average Treatment Effect on the Treated (ATT) has the closest approximation of adding 0.40 log points to the labor productivity of the adopters as compared with non-adopters of the same kind. In a range of corresponding approaches, clustered bootstrap tests and doubly robust estimators, this observation is so. The sensitivity tests show that it is resistant to moderate unknown confounding. It was also tried using an instrument-variable design based upon the diffusion of regions, giving a weak first-stage relevant test, and is therefore hard to interpret causally. The results of the machine-learning algorithms are added to the econometric data. Out-of-sample predictive models are acting in a good manner, and SHAP and PDP analysis show good evidence that the non-linearity exists: productivity growth is more rapid when not less than two digital tools are implemented in the company. Overall, we have identified a capacity-based digital dividend - an improvement of productivity in the presence of transactional digitalization and the capacity of managers, and not the online nature of the firms.
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[bookmark: _Toc221093020]Background of the study
Industry 4.0 has transformed the competitive landscape of companies to emphasize the ability to digitalize the business processes, as well as the decision-making processes. Digital tools transform information into actions to make people more productive by using streams of information, interdependent assets, and analytics (Müller et al., 2024; Yasin, Pang, Cheng, & Miletic, 2021). However, the modern Industry 4.0 literature focuses significantly on the fact that people benefit from adopting technologies not only through their acquisition but through their connections between technologies, organizational routines and external stakeholders within value chains, so the results of adopting technologies are highly contingent on the implementation pathways and complementarities (Kofinti, Orkoh, Frempong, & Annim, 2023; Müller et al., 2024).  In addition, emerging economy organization faces contradicting reality, specifically small and medium enterprises (SMEs); because of their scarcity of resources, skills, and discrepancies in the application of simplified digital solutions. This prevents the majority of such enterprises from reaping the benefits of such a technological revolution (Yasin et al., 2021). According to (Pu, Qamruzzaman, Mehta, Naqvi, & Karim, 2021), One empirical and policy question that arises is whether actionable forms of enterprise-level digitalization can be observed with the use of non-randomly chosen technology and allow increasing productivity accordingly.
Digitalization is a very thrilling and demanding phenomenon. The evidence of firm-level studies proves that digital investments can considerably improve performance globally, and complementarities between digital tools (e.g., internet services and mobile money overall) can play an important role in the performance impact, thus digital returns of the effect of interaction may be substantial rather than additive and linear (Kofinti et al., 2023). However, the study about the implementation of Industry 4.0 in SMEs proves that the barriers and enablers are numerous at the levels of technology, organization, and environment. Thus, the outcome of productivity changes dramatically between companies in the case of integration ability and their establishment in the ecosystem (Yasin et al., 2021). These findings are consistent with the empirical approaches, enabling heterogeneous and possibly non-linear productivity relations that come out of complementarities and stages of integration dynamics (Kofinti et al., 2023).
Bangladesh provides one of the most suitable environments, as it is a country where the business environment is dominated by SMEs, and few innovation-based or technology-related firms pursue different opportunities presented by technology. The evidence peculiar to Bangladesh shows that the enterprise ecosystem response and SME limitations are the primary variables that cause the technological adjustment of SMEs and business sustainability (Pu et al., 2021). According to the World Bank Enterprise Survey (WBES), adopting ICT and practices of its management are correlated with the likelihood of innovations and ought to be viewed as systemic rather than operating as isolated inputs (Verma, Das, & Misra, 2024). Online connectivity, which is provided simply as the existence of web-based company sites, has become essential both in the measurement of enterprises and in the interface of the market, and automated locating of enterprise URLs is now an imposed prerequisite in integrating digital traces in enterprise registers (Zio, 2025). Digital interventions and dissemination mechanisms in other practicable domains also depend heavily on email and internet/web-based modes as a basic digital form of communication (Chapman, Pantoja, Kuchenmüller, Sharma, & Terry, 2021). The combination of these situations in Bangladesh encourages an exploration of whether core, broadly visible, digital connectivity (e.g., web presence) and other quantifiable digital behaviors can be linked to productivity upgrading of enterprises that vary in abilities and limitations in significant ways (Pu et al., 2021; Verma et al., 2024).  
The present paper uses the microdata of WBES in Bangladesh when estimating the digital technology usage by enterprises. We are focused on observable digital tools such as digital connectivity (as web presence/websites), digital finance and other adoption processes (Verma et al., 2024; Бордаєв & Проскурніна, 2024). The outcome that needs to be operationalized through the revenue-per-worker indicators in the WBES framework of methods of MSME performance and digitalization-efficiency rating is labor productivity-sales (revenue) per employee (Verma et al., 2024; Бордаєв & Проскурніна, 2024). The biggest gap in the literature on digitalization-performance (at least in developing economies) is that, most of the literature has focused on aggregate trends or simple regression relationships without accounting for endogeneity and selection bias. Better-endowed companies may not only use digital tools but still be more productive, therefore narrowing comparisons, causing wrong judgments (Kofinti et al., 2023; Verma et al., 2024). Even though the research based on WBES shows correlations between digital adoption and performance, it is usually performed in an observational context wherein adoption is not randomly allocated, and the interpretation of causality is consequently sensitive to both identification strategy and balance of covariates (Verma et al., 2024). Furthermore, the SME and Industry 4.0 integration literature discovers that the heterogeneous effects of adoption barriers, enablers and stage-based processes exist. Linear average-effect models may thus hide threshold effects and valuable complementarities required to develop productivity in actual practice in the real world (Kofinti et al., 2023; Müller et al., 2024). Additionally, accounting and finance will also be digitalized which results in transparency, traceability and explainability. The need to design enterprise-oriented empirical designs that are not only able to explain the time or cause but also can explain what drives outcomes, has led to favoring empirical designs that can explain explanations (Agostino & Costantini, 2021; Myskin, Kraevskyi, & Myskina, 2025).
[bookmark: _Toc221093021]Statement of the problem
In this relation, the paper will attempt to approximate the effects of digital technology use by enterprises on the workforce productivity in Bangladesh. Having a hybrid approach provides causal determination and predictive clarification separated. To come up with cause and effect and interpret results, we will apply propensity score matching (PSM) and provide the Average Treatment Effect on the Treated (ATT) results in the WBES format of microdata (Verma et al., 2024; Бордаєв & Проскурніна, 2024). Simultaneously, the stress test of the ATT with the interpretation of the results in accordance with PSM is premised on the fact that observable selection and an adequate number of overlaps/common support are needed; hence, the result of this type of test is subject to the richness and quality of observed covariates of firms in the context of the WBES (Verma et al., 2024; Бордаєв & Проскурніна, 2024). The variation in projected productivity will also be estimated and applied to explainability through SHAP to offer an explanation of why it wavered in this manner and attribute it to firm-level factors which are explainable. That is in line with enterprise analytics priorities of explainability and tracing of digital decision-support systems (Myskin et al., 2025); and practice of ML pipelines, such as preprocessing, feature selection, and model tuning, is a given. This conservative classification, PSM/ATT and ML/SHAP, owes its origin to the challenges of identification in observational studies of digital-adoption (Kofinti et al., 2023; Verma et al., 2024) as well as to the practical perspective of managing intelligible analytics to make actionable decisions on enterprise upgrade (Myskin et al., 2025).




[bookmark: _Toc221093022]Objectives of the study

The existing study adds to the knowledge in the following ways: First, it builds the evidence of the connection between ICT adoption and the possibility of innovation in Bangladesh WBES by repositioning  labor productivity. It clearly utilizes efficiency measures of WBES-based performance measures and digitalization-volume measuring frameworks (Verma et al., 2024; Бордаєв & Проскурніна, 2024). Second, it is also more inferential than correlation research, and in terms of establishing ATT to adopt digital tools. A matching-based causal research design explicitly taking into consideration the endogeneity of more successful firms being more likely to adopt digital tools (Kofinti et al., 2023; Verma et al., 2024). Third, it alludes to an interpretable Machine Learning (ML) layer that will map heterogeneous productivity drivers in a transparency-based way in accordance with the principles of the modern enterprise analytical system infrastructure (Hilal et al., 2022; Myskin et al., 2025). It constitutes to be one of the very first papers WBES in Bangladesh conducted, where it uses PSM-based causal inference and SHAP-based explainable AI in identifying and describing the sources of firm-level productivity of specific digital tools. The methodology is not outdated, and the previous studies on the problems of the Bangladesh WBES primarily used the classical regression models to study the ICT performance and innovation performance (Verma et al., 2024), yet the industry 4.0-SME literature discusses the non-linear patterns of interaction-intensive that cannot be analyzed using the traditional apparatus (Müller et al., 2024).  
[bookmark: _Toc221093023]Chapter 2: Literature Review
[bookmark: _Toc221093024]Resource-Based View (RBV): Portrayal of the resources that may be pertinent to a product that is dependent on managerial capability, which is applied digitally.  

The research conducted by RBV states that the resources and capabilities are what dictate the performance of any given firm, along with its future improvement, especially in situations where internal capabilities facilitate the innovation and efficiency-promoting practices (Yue, 2025). Internal capabilities as fundamental innovation and performance drivers are used in the context of empirical applications in line with RBV reasoning, and endogeneity-sensitive downwards causation strategies (e.g., instrumental-variable designs) are often employed to bolster the inference on the ability-outcome relationships (Kowsar & Rahman, 2022; Yue, 2025). The works take as resources of the firm digital tools, enterprise systems, digital finance, and web connectivity. The significance of them is indexed with the degree of compatibility within the operations and decision preferences (Stupniker, Radkevich, & Zozulia, 2025). In the same vein, research within the context of the digitalization of accounting systems suggests that successful digitization must have positions, routines, governance, and above all, quality of data, traceability and explainability. In this way, the digital capabilities must be converted to better decisions and performance that necessitate managerial and analytical talents (Stupniker et al., 2025).  
The support of complementarity between digital equipment and managerial aptitude is RBV-accordant, founded in Bangladesh. The use of ICTs, as well as managerial/organizational competence based on WBES microdata, both emanate as significant predictors of a firm to innovate, and this is used to confirm about the fact that digital technology is not an isolated input, but it is integrated with managerial factors (Khan, 2025). The studies of larger enterprise systems generalize that AI-based and cloud-based technologies will improve operational performance, yet they are related to high implementation costs and information/ethical security risks. These barriers can limit the managerial capacity required to manage, administer, and grow digital routines, particularly for companies that have minimal resources (Hassan & Zeebaree, 2025). Overall, RBV offers an internally consistent description of the effects of performance of the utilization of digital tools as productivity-related material that is predetermined by complementary management proficiency and organizational practices that enable integration, regulation and the use of digital information (Guluma, 2021; Khan, 2025).  
[bookmark: _Toc221093025] TOE Framework (Technology - Organization - Environment): Reason for the selection of the variable. 

Technology-Organization-Environment (TOE) is a conceptual model of the study of enterprise systems. It groups the determinants of digital adoption into three, including technological readiness, organizational attributes, and environmental factors (Kowsar & Rahman, 2022). Literature synthesis on ERP-CRM integration systems is used to find out the impact of these TOE drivers on the adoption and impact. The paper indicates that the success of the implementation may be linked with the aspects of technology, organizational capabilities and the circumstances surrounding the situation (Kowsar & Rahman, 2022). On the same note, the theory of modelling of public-sector preparedness to ERP demonstrates that the concept of readiness and success has multiple-phases and is not technology-induced (Hariyanto & Witjaksono, 2025). Environmental and ecosystem constraints are also critical when researching Industry 4.0 in relation to SMEs and to be successful in the introduction of technologies into the supply chain, one has to ensure that major factors are technological, organizational, and environmental and how technologies are integrated into upstream/downstream stakeholders and external partners(Müller et al., 2024; Yasin et al., 2021).  
In this respect, in case correctly examined through the lens of WBES, TOE provides a positive design on the principal variables of this work. We would have digital capabilities of varying types and strengths, external such as web presence, and internal such as ERP-based enterprise integration. This takes into account the role of websites, which are quantifiable digital identities for businesses, and the data ecology is the enterprise systems integration (Zio, 2025). Performance research WBES-based research is a significant organizational control based on the size and age of firms. These are core transformations in the organizational capability preceding the digital adoption and performance, particularly in SME studies of digitalization (Verma et al., 2024). The environmental sector incorporates the location and infrastructure proxy that is suggested by both the covariates of WBES and the place proxies. It is discovered that one of the most significant contributors to successful Industry 4.0 integration can be the external environment and stakeholder integration, which will provide the possibility to offer low-cost digital solutions to SMEs (Yasin et al., 2021). TOE mapping does not contradict with the recent literature utilizing the WBES in developing economies that aims to signify the differences in performance results, such as labor productivity. In this connection, digital uptake is deeply rooted in the firm constraints, market position, and related material not applied in the analysis (Verma et al., 2024; Verma, Das, & Misra, 2025).
[bookmark: _Toc221093026] Digital Tools, Productivity Complementarities and Mechanisms.  

The easiest forms of connectivity are the major opposite of highly integrated internal systems regarding the differences existing in the literature on digitalization-productivity. Sites and business URLs are becoming central indicators of online presence and convenient market interfaces of firms, encouraging automated URL searching processes to measure a significantly large enterprise (Zio, 2025). Parallel to this, e-mail and web-based communication channels are reported to be the rudimentary digital communication and coordination channels that are technology-enhanced. These tools are frequently viewed as information exchange channels, which are of low complexity (Chapman et al., 2021). The ERP and other enterprise information systems, on the other hand is designed as a whole system that connects fragmented data sets and business entities into a single digital architectural design. They render the management practices reactive and analytically empowered. This internal-integration rationale is regularly repeated in the writings of the ERP that identifies the ERP as an instrument of process-integration that allows the coordination, automation, and information-based decision-making through combining the data of operations (Kowsar & Rahman, 2022; Stupniker et al., 2025).
The processes that are valuable to productivity are also variable based on the extent of integration of these tools. The two steps, according to the ERP literature, have a closer relationship between the integrated system and high-quality decision-making, with the efficiency of operations, due to the availability of real-time visibility of the system and the consolidation of information flows. Successful implementation, in turn, will make it possible to increase labor productivity (Pryshliak, Semenenko, & Buyak, 2024; Stupniker et al., 2025). The researches of the industry 4.0 integration also shows that the operational benefits are brought about according to the integration of digital technologies, as well as the internal processes, and outsourcing. In the vast majority of cases, the most positive effects of advanced internal tools are possible when businesses are in line with functions and value-chain relations (Müller et al., 2024; Yasin et al., 2021). However, non-trivial impediments to SMEs, including technological, organizational, and environmental, diminish or drag productivity returns, which translates to unequal results provided preparedness and complementary abilities (Müller et al., 2024; Yasin et al., 2021). Meanwhile, the study on AI-created enterprise systems mentions that the positive productivity relative can be offset by the high costs of implementation and data-management concerns, the volumes of resources and the scale of management turned out to be the predictors of the possible advantages (Hassan & Zeebaree, 2025; Myskin et al., 2025).
The other theme that seems to be noticed is the complement with the quality of management that can be identified in both sources of evidence, because the sources are specific to Bangladesh and to the general sources of evidence. The Bangladeshi WBES data indicate that the management practice, along with the adoption of ICT, is a predictor of the likelihood of the innovation, i.e. the digital tools are not adopted in isolation, but as a component of the managerial and organizational capabilities bundles (Khan, 2025). Enterprise analytics researchers have posited that successful digitalization must be able to create and provide trustworthy, transparent and explainable information flows. These processes transform managers and analysts into knowledge architects who transform data flows into actionable information (Myskin et al., 2025). The performance of firms is influenced by managerial action and governance processes in a broader sense, which means that it is not impossible that the quality of managers can increase or decrease the effect of firm actions on the performance. This is consistent with the hypothesis, which implies that managerial skill and technology adoption are complementary (Guluma, 2021; Khan, 2025). All these are tendencies, implying that the digital returns must not be unconditional. It would have direct implications regarding the productivity effect, given that the data are served using the WBES microformat, where there is non-randomness to adoption and where heterogeneity of capability is significant (Verma et al., 2024, 2025).  
[bookmark: _Toc221093027] Review of the literature (Global): Developed vs. Developing Evidence and the Digital Paradox.  

Mixed findings on the results of digital adoption are obtained in empirical studies into the effects of digital adoption in diverse situations. Grouping chosen identification is most commonly a determinant of the results, and complementarities and conditions of implementations. In a type of research design that is called the difference-in-differences type, which is conducted in Ghana, researchers find out that internet services and mobile money platforms are complementary, and it impacts more when used jointly than when used alone. Other research works have been done in India, which utilizes the WBES data to identify a correlation between digital adoption and other outcomes of firms, such as labor productivity in terms of sales and employment. According to them, digital tools can be used to enhance productivity within large emerging-economies MSME settings (Verma et al., 2024, 2025). Overall, we can say that performance-enabling in developing economies can be the use of digital technologies, but the effect could be restrained by complementary technologies and circumstances (Kofinti et al., 2023; Verma et al., 2024). 
Meanwhile, the literature also identifies reasons that may lead to the production of weak or even negative payoffs by digitalization referred to as a digital paradox. The hypothesis of the SME digital-transformation study asserts that the marginal costs can be less than the benefits in a low-intensity situation, which impedes the performance of organizations. Researchers also find that non-linear inversive-U-form digital transformation-performance or innovation performance are observed (Kharaishvili & Lobzhanidze, 2023; Müller et al., 2024). SME-specific ERP implementation studies also suggest high risks of failure and implementation difficulties, assuming that sophisticated systems do not necessarily produce productivity improvements without proper preparation and implementation capacity (Aroba, 2023; Kowsar & Rahman, 2022). As the Industry 4.0 integration frameworks on SMEs point out, the existence of technological, organizational, and environmental assets and impediments that can either make or break the operational benefits of integrating in post-integration environments, instead of adoption, is what will determine the difference between integration and adoption (Müller et al., 2024; Yasin et al., 2021). It is also important to note that, due to high costs of implementation as well as costs so risks of data and ethics, AI-based digital solutions are associated with enterprise-systems research, being highly consequential in situations, especially in resource-constrained firms and can suppress net productivity gains in other contexts (Hassan & Zeebaree, 2025; Myskin et al., 2025). Overall, this fact contributes to the perspective that the returns in productivity that are observed in the context of digitalization can be heterogeneous and, at times, limited, specifically, under the circumstances of partial, ill-integrated, or cost/ Governance-relevant barriers (Hassan & Zeebaree, 2025; Kharaishvili & Lobzhanidze, 2023; Müller et al., 2024).
It is also significant in that rigorous identification and strength in the studies of adoption-performance must be the approach applied in the global evidence methodological note. Difference-in-differences designs are superior to simple linear models in their ability to be interpreted causally and can identify the effect of complementarity that linear models do not capture (Kofinti et al., 2023; Müller et al., 2024). The reason is that the high utilization of WBES-based performance research can be a very good source of microdata to decipher productivity. Although it is commonly published non-randomly, designs it enforces involve solutions to the issue of selection, endogeneity in assessing the effectiveness of digital tools and productivity outcomes(Verma et al., 2024, 2025). Endogeneity-sensitive procedures in closely related applications of adjacent capability-performance (two-stage least squares studies rely on RBV) also substantiate the common empirical intuition that there are other strategies than naive regression that are required in order to make causal inference when one is observing settings. The two methods of inquiry presented next drive the research study in question with causal inference (matching-based ATT estimation) and predictive/explainable modeling (flexible, hence capable of uncovering heterogeneity and non-linearity in productivity relationships) (Hilal et al., 2022; Myskin et al., 2025; Verma et al., 2024).
[bookmark: _Toc221093028] Evidence and Research Gaps, Empirical Review (Bangladesh).

The firm-level data in Bangladesh indicate that the importance of ICT adoption contributes to enterprise upgrading, but it does not exhibit an effect on productivity. According to the adoption and management practices of ICT, the literature growth claims that ICT adoption and management practices are promotional of innovation as a descriptive and inferential measure of innovation determinants; however, it does not consider the effects on labor productivity and applies counterfactual designs, based on the utilization of Bangladesh WBES microdata (Khan, 2025). Similar work on SMEs in Bangladesh in a COVID-19 context indicates technological adaptation and sustainable consequences, through structured questionnaires and highlights the value of government support to mediate such interaction, thus adding contextual understanding of the forces of adaptation, but not with causal estimates of digital tools in productivity (Pu et al., 2021). In totality, these experiments suggest that digitalization is an asset in businesses, and the problem yet to be resolved is whether the mentioned adoption of digital tools can increase labor productivity, subject to the bias of selection resolution and the mapping of organizational heterogeneity(Khan, 2025; Pu et al., 2021). 
Another gap is associated with the granularity of digital tools. The focus of the Bangladeshi literature is on broad-based ICT adoption, but there is no proper study based on the subject of TOE and enterprise-systems. Indicating that the two categories of tools such as less complex connectivity, and extensive systems can be implemented using different policies with different support systems. The digital tools must be disaggregated to make an inference that is must be policy-relevant (Khan, 2025; Kowsar & Rahman, 2022). In addition to that, the non-linear influence and pattern complemented by non-linear changes in digital transformation are also present in other developing economies. Moderating productivity for feedback in Bangladesh will also be non-linear and non-homogeneous, and demand non-linear average-effect techniques (Kharaishvili & Lobzhanidze, 2023; Kofinti et al., 2023; Müller et al., 2024). Finally, exploratory and traceable analytics will require a productivity study, which could quantify interpretable drivers that is different from quantifying impacts. It also requires actionable managerial and policy implications (Hilal et al., 2022; Myskin et al., 2025). The contribution of the current study to Bangladesh is based on such incentives as stringent measures of impact on the framework of WBES microdata, explainable models of heterogeneous productivity drivers (Khan, 2025; Myskin et al., 2025; Verma et al., 2024).
Meanwhile, the study also identifies reasons that may lead to the production of weak or even negative payoffs by digitalization referred to as a digital paradox. The hypothesis of the SME digital-transformation study asserts that the marginal costs can be less than the benefits in a low-intensity situation. This also impedes the performance of organizations. Researchers are adding more that non-linear digital transformation-performance or innovation performance is observed (Kharaishvili & Lobzhanidze, 2023; Müller et al., 2024). ERP implementation studies show that SMEs are particularly exposed to present the threat of high failure rates and implementation difficulties. The issue of complexity does not necessarily apply to productivity unless the company is well-equipped and capable of using the systems (Aroba, 2023; Kowsar & Rahman, 2022). As the Industry 4.0 integration frameworks on SMEs point out, the existence of technological, organizational, and environmental assets and impediments can either make or break the operational benefits of integrating in post-integration environments. Instead of adoption, it will determine the difference between integration and adoption (Müller et al., 2024; Yasin et al., 2021). Alongside this, the AI-based digital solutions are consequential regarding costs as well as risk of data-security breach that is both high. Therefore, putting them in a single place is an issue, especially for firms with limited resources. There is the ability to repress the net productivity gain through these obstacles (Hassan & Zeebaree, 2025; Myskin et al., 2025). Overall, this fact contributes to the perspective that the returns in productivity that are observed in the context of digitalization can be heterogeneous. Most often, firms face cost or regularity related issue when they adopt this infrastructure partially (Hassan & Zeebaree, 2025; Kharaishvili & Lobzhanidze, 2023; Müller et al., 2024).
[bookmark: _Toc221093029] Hypotheses Development 

[bookmark: _Toc221093030]H1(Tool strength): Advanced internal tools, such as ERP systems, are more effective in disseminating labor productivity compared to low- tech tools.  
Integrated Enterprise systems and ERP applications are built as enterprise-wide systems designed to unify the processes and data into a single digital ecosystem. Not only does it enable them to make decisions based on the data, but it is also a better way to operational excellence, labor efficiency, etc., compared to low-integration communication tools (Pavlova, 2022; Pryshliak et al., 2024; Stupniker et al., 2025). Applying to lower levels of connectivity, websites, URLs, email, and other web-based communication have lower operational efficiencies in terms of advantages than a process integration to various enterprises (Chapman et al., 2021; Zio, 2025). It has been proven that ERP establishment requires successful implementation. Although, despite introducing integrated systems to the process, the latter may fail to introduce substantial productivity advantages as opposed to mere connectivity instruments (Aroba, 2023).  
[bookmark: _Toc221093031]H2 (Complementarity): There is no complementarity between managerial quality and the returns to digital.  
The adoption of ICT and managerial practices can be made to stimulate innovation in the WBES study, such that the management capacity and IT adoption have a combined effect on enterprise upgrading (Khan, 2025). The literature regarding the topic of enterprise analytics shows that the benefits of digitalization are related to governance and explainability. Managers and analysts can curate data streams and analytics processes to increase performance. This can be used to demonstrate the fact that the quality of management determines the quality of organizational operations and can contribute to higher returns on digital productivity (Guluma, 2021).  
[bookmark: _Toc221093032]H3 (Non -linearity): Digital adoption productivity is a non-linear curve.  

SME digital transformation research has discovered that the inverse U-shaped trends show that, the low intensity digitalization can hurt performance because the marginal costs exceed the marginal benefits (Kharaishvili & Lobzhanidze, 2023; Müller et al., 2024). Simultaneous interaction-based use of digital devices, e.g. internet services and mobile money, has been argued to create non-additive relationships that are interaction-intensive and generate patterns of productivity of a non-linear nature (Kofinti et al., 2023; Verma et al., 2024). According to Myskin et al. (2025), explainable machine learning is an appropriate tool to determine heterogeneity and non-linear productivity drivers, which would not be perceived through plain linear models, e.g., SHAP-like decomposition.
[bookmark: _Toc221093033]Chapter 3: Data and Variable Designs
[bookmark: _Toc221093034]Data Source and Unit of Analysis

The source of the dataset used for the empirical analysis is the firm-level microdata from the WBES of  Bangladesh (2022). WBES offers universal measures of company performance (sales, employment), the organizational features (exporter or not, ISO certification) and the environmental features of a business that may influence the utilization of technology and its productivity. According to a unit of observation, the enterprise observed in the cross-section of Bangladesh WBES is the same as that observed in the enterprise survey research, which deals with productivity and technology adoption (Bank, 2022b; Syverson, 2011).
In addition to the variables of the WBES core questionnaire, the data includes certain questions using a B-READY follow-up module (identified by the _BR suffix in the data pipeline). These follow-up items can particularly measure electronic tax compliance behavior (e-filing and /or e-payment), which, in Bangladesh, could not be consistently measured using the core WBES instrument because the variable is measurable using the follow-up module. This preferred standard will be further comprehensive in quantifying digital firm-level capability to consider digitization both on market-facing (digital presence, digital payments) and compliance (digitization of tax process).
The data has been filtered, and it consists of 998 observations. As the primary outcome has been made, 967 firms that do not contain a missing log labor productivity exist. The estimation of econometric models is done on a restricted sample size after the exclusion of cases that do not have core covariates (n = 947). The missingness that remains in the machine-learning pipeline is handled in its pipeline by imputing to avoid information leakage and protect reproducibility.
[bookmark: _Toc221093035]Data Cleaning and Preprocessing
[bookmark: _Toc221093036]CPI deflation detailing the monetary variables (real sales)

As the labor productivity is being determined based on the sales declared by firms, all the monetary values are in real terms. The nominal sales CPI-deflation is computed on a volume of annual series of CPI that is closely equated to the fiscal year of the business (redacted in the questionnaire or using the harmonized fiscal year variable based on relevance) of the same business. This deflation brings about internal comparability among the firms that differ between the firms in the cross-section within the fiscal year. It adjusts in-sample heterogeneity in the fiscal year, rather than permitting time series filtering, as WBES is cross-sectional. Where () denotes the CPI-deflated sales in firm (i) (Bank, 2022a). 
[bookmark: _Toc221093037]Winsorization (1st / 99th  percentiles) so that it is less sensitive to outliers.

The distributions of Sales and Employment enterprise surveys usually include extreme values and are noisy. In view of decreasing sensitivity, the bottom 1-percentile of real sales and employment distribution and the top 1-percentile are winsorized, and the percentage of the labor productivity has been constructed using the winsorized distributions as ( ) and (   ). This conservative conversion holds the rank in order with the vast majority of the sample, and it imposes constraints on the leveraging of the extreme values (Wooldridge, 2010).
[bookmark: _Toc221093038]Reproducibility, missing data and sample limitations.

Phase A of the analysis uses econometric models, which entail the removal of listwise observations that do not have the outcome or even any of the core covariates, for fixed effects and clustered inferences. The missingness (around 15 per cent) in the tax digitization variable is higher compared to other digital indicators, which determine component specification (greater than index specification). In Phase B, which is a machine learning procedure, retains as many samples as possible by using imputation inside the modeling pipeline (numeric: median imputation; categorical: modal imputation). The benefit of it is that, during the preprocessing, it attempts to use the training set information of each split, hence refraining from leaking.
[bookmark: _Toc221093039]Constructing and Measuring Variables
[bookmark: _Toc221093040]Conclusion: the productivity of the log labor

According usual enterprise-survey tradition, the log-transformed labor productivity is operationalized as real sales per worker (Syverson, 2011). The generic outcome:
[bookmark: _Toc221043147]                                                                                                      (1) 
The skewness of the distribution of firm-performance is brought down by the log transformation and guides the coefficients in the linear models so that it can be discussed as semi-elasticities.
[bookmark: _Toc221093041]Indicators showing digitalized ability

The concept of digitalization is measured in terms of five distinct variables that are represented by the indicators capturing digital presence, capabilities of transaction and digitization of compliance. It is a stand that the economic significance of the adoption of digitalized concept can be determined in the restricted scale of aspects of visibility/connectivity, or infiltrates transactional and administrative processes, whereby the coordination and process gains have more potential to be transformed into productivity (Brynjolfsson & Hitt, 2000; Milgrom & Roberts, 1990).
· Web presence ( ): Has a value of 0 when the firm does not announce it has a site or a social-media page, and value of 1 when it does. This mediates the very basis of digital presence, external connection.
· Payments with card (): the firm either accepts or makes card payments 1, 0 - otherwise.
· Mobile money (): the firm either accepts or makes mobile money payments 1, 0 - otherwise.
· Online payments (): the firm either accepts or makes mobile money payments 1, 0 - otherwise.
· Electronic tax compliance (): the firm either reports online filing and/or online payments for tax 1, 0 - otherwise.
These indicators are supportive factors of firm digital capability; payments and tax digitization which indicating of more profound involvement of operations than that of web presence only.
[bookmark: _Toc221093042]Digital Index (0 -5): assume the breadth/intensity

To reduce the adoption details, we develop an index that is the sum of:

[bookmark: _Toc221043148]
with a discrete scale from 0 to 5. It quantifies the breadth of digital capability, which is similar to the complementarities where practice and technology bundles can make higher returns than individual adoption (Brynjolfsson & Hitt, 2000; Milgrom & Roberts, 1990).
[bookmark: _Toc221093043]Govern, condition, and instrument build-up

The selective controls refer to the ones that indicate Technology-Organization-Environment logic and conventional productivity/adoption specifications (Tornatzky, Fleischer, & Chakrabarti, 1990; Wooldridge, 2010). The size of firms (log employment, ln_emp_i), the age of firms (log age, ln_age_i), managerial experience (mgr_exp_i), exporter (exporter_i), ISO certification (ISO_i) and infrastructure reliability (poweroutage_i) are the chosen variables. The selection of managerial experience most commonly influences the productivity effect of technology adoption (Bloom & Van Reenen, 2007). As fixed effects along phase A and categorical features among phase B, the contextual controls are added, which are sector and region.
On an endogeneity check, we use a regional diffusion tool derived from a local average of digital intensity without the focal firm:  


Here, (r) shows the region, and () is the number of firms that are observed in that region (r). This instrument permits the diffusion of the locality and ecological preparedness, which may change the alteration tendency.
[bookmark: _Toc221093044]Variable definitions and Construction

Table 1: Variable construction and construction from the dataset and historical reviews
	[bookmark: _Toc221041236]Variable
	Symbol/Code
	Type
	Construction/
Definition
	Role and Rationale

	Log Labor Productivity
	lp_w
	Continuous
	
	Key outcome: normal enterprise productivity proxies sales on the worker.

	Web presence
	web_presence
	Binary
	1, when the firm has a website or social media pages
	No-frills digital presence/connectivity.

	Card Payments
	pay_card
	Binary
	1, when the firm uses card payments
	Digitization of the transactions; eliminates payment frictions.

	Mobile Money
	pay_mobile
	Binary
	1, when firm uses mobile money
	It is digitized in terms of transactions; there can be effects of segment/composition.

	Online Payments
	pay_online
	Binary
	1, when firm uses online payments
	Integrated capability on transactions; central treatment on PSM.

	Electronic Tax
	e_tax
	Binary
	1, e-file and/or e-pay taxes
	Digitization compliance; channel of administrative efficiency.

	Digital Index 0-5
	digital_index
	Discrete
	Sum of 5 digital indicators
	Complementarities are harnessed by adoption breadth.

	Firm Size
	ln_emp
	Continuous
	
	Organizational capacity; scale is related to productivity and adoption.

	Firm Age
	ln_age
	Continuous
	
	Lifecycle/learning: regulates the influence of maturity.

	Manager Experience
	mgr_exp
	Continuous
	Years of managerial experience
	Adoption and capability are complementary H2.

	Exporter
	exporter
	Binary
	1, when exporting by firm
	Productivity is associated with market orientation.

	ISO Certification
	iso
	Binary
	1, when ISO certified
	Standardization of processes; capability prototype.

	Power Outages
	power_outage
	Binary
	1, when infrastructure is  reliable
	Environment/infrastructure constraint.

	Sector FE
	delta_s
	FE
	Sector fixed effects
	Technology controls sector/market structure.

	Region FE
	gamma_r
	FE
	Region fixed effects
	Manages local infrastructure/ecosystem.

	IV Instrument
	z_ir
	Continuous
	Regional mean digital index excluding firm
	The adoption diffusion approximates the 2SLS strength.






[bookmark: _Toc221093045]Chapter 4: Methodology
[bookmark: _Toc221093046]Introduction: Theoretical Framework
The analysis is based on the Technology-Organization-Environment (TOE) model supplemented by additional concepts of the economics of organization dealing with capability and complementarity. In terms of the three domains, TOE defines the process and outcome of technology adoption to the following: (i) the technology domain, such as availability of digital technology and features; (ii) the organization domain, such as resources and managerial capacity to adopt it; and (iii) environment domain such as local infrastructural and market conditions that creates possibility and relevancy (Tornatzky et al., 1990).
Our chosen five operationalized technology domains of digital capabilities include the availability of the presence of web, three payment methods (card, mobile money and online) and electronic compliance with tax from the Bangladesh WBES 2022 microdata and B-READY follow-up module. The metrics help us to locate generic digital presence and actual embedded digitization related to transactions, and provide us with the sense that it is more likely that those technologies that are being incorporated into the transactional procedures will affect productivity through reducing friction in the payment processing, reconciliation, compliance, and administration processes.
The organization’s domain is composed of firm size, firm age, exporter status, ISO certification and experience of managing. Firm size and age denote resource capacity and learning-by-doing, organizational sophistication and exposure to competition, along with quality pressures, with respect to exporter status and certificate of ISO. The wisdom of complementarity is based on the experience of managers: productivity benefits of digital tools are often linked to the complementary type of organizational capital, meaning that the managers are capable of redesigning routines, managing the implementation, training employees and monitoring data and processes (Bloom & Van Reenen, 2007; Brynjolfsson & Hitt, 2000). This is what H2 is based upon, and according to which, it is anticipated that a positive correlation will exist between the strength of the digital adoption and the managerial capability.
The environment domain is controlled by sector and region fixed effects and infrastructure restrictions (power outages). The different systems of market structure and infrastructure that may influence the adoption as well as the productivity absorb the contextual heterogeneity in these controls. To deal with endogeneity, we use a diffusion-based measure: regional mean digital adoption without the targeted firm. This instrument is a duplication of an environmental inception push (ecosystem readiness), which is an element that influences the inclination of a company to adopt. These theoretical constructs all make a direct directive to our hypotheses: H1 predicts a higher productivity effect of transaction-integrated capabilities versus basic web presence; H2 predicts a complementary relationship with managerial capability; and H3 predicts a nonlinear adoption-productively relationship which exhibits thresholds and diminishing returns as companies alternate between minimal and greater digital adoption.
[bookmark: _Toc221093047][image: ]Research Design: Conceptual Framework[bookmark: _Toc221040665]Figure 1: Conceptual framework of chosen variables in the study

[bookmark: _Toc221093048]Design and identification logic of the two phases

Endogenous digital adoption is also a possibility since there is a possibility that more productive firms may be more disposed to adopt digital tools (reverse causality). The ability of omitted capabilities of firms may influence both adoption and productivity (omitted variables). To overcome these problems, an empirical working process is founded upon a two-stage plan. The first stage is the one that deals with causal-specialized econometric inference, and the second stage is a non-causal prophetic examination.
The estimated parameters of the relationship between digitalization and continuous log labor productivity based on more powerful designs include fixed-effects OLS with clustered inference, interaction models, distributional heterogeneity (quantiles), matching (PSM) with discrete treatment, and instrumental variables (2SLS) with endogeneity tests, which are all provided as interpretable parameters of phase A. In Phase B, establishes target of high productivity of classification and evaluate flexible models ( regularized logistic regression, tree ensembles and deep learning). Explainability instruments (SHAP and partial dependence plots) elaborate the arrangement of the prediction and promote the appearance of the "digital curve" not explicitly by causation.

Phase A: Econometric Strategy
[bookmark: _Toc221093049] Cluster robust baseline OLS with fixed effects

A degree of conditionality between the strength of digital adoption and labor productivity, keeping observed firm characteristics and heterogeneity of environments constant. The model is:
[bookmark: _Toc221043150]

and where  is the log labor productivity of firm (i) in industry (s) in region(r);involves( and ();  and (), are sector and region fixed effects; and () is an idiosyncratic error.
The estimation of this will use cluster-robust variance estimation at the sector*region level. This is the reason behind collective shocks and correlation between companies within the same industry in a location (e.g., the quality of infrastructure, local market conditions). We define cluster identifier (c(i) = s \(r)), and we define cluster robust SEs.
The conditional relationship of one coefficient, represented by the maintained assumption, only holds when the model is true; it cannot be thought of as some form of deterministic causality because of the selection possibilities on the unobservable.
The five adoption indicators are the replacement of the index to decide what tools are the driving force of the association:

The developed H1 is directly indicated in the relative magnitudes of (), In which basic presence and transaction integrated capabilities are distinguished.

[bookmark: _Toc221093050] Interaction model: Complementary role amongst the transaction integrated managerial experience.

The assessment of H2 tests whether the digital returns hinge on managerial capability. The model is:
[bookmark: _Toc221043152]
                                                                                    
here  is the remainder of the controls (the interacted term is to be added due to redundancy). The key parameter is , a positive value of  will give an advantage to complementation between digital ability and experience in management. According to this model, marginal relations are applied to digitally intense environments as indicated by:
[bookmark: _Toc221043153]

Following interpretation of thresholds, such as digital adoption transforms productivity positively beyond an exact experience level.
[bookmark: _Toc221093051] Quantile regression: unexplainable variation in productivity distribution.

Examine the difference in the association between digital and productivity amid low and high productivity firms, which is in line with the heterogeneity condition in H3. An estimate of each of the quantiles of the data, such as:
[bookmark: _Toc221043154]

Distributional heterogeneity (e.g. stronger interrelations between the frontier firms) is defined by variations in distributional quantile-sensitive differences in . As quantile regression using fixed effects and clustered dependence can only be analytically inferred with a cluster bootstrap with replacement resampling of clusters of sector*region, to retain uncertainty, a cluster  . Bootstrap draws are used that rerun the estimates of the cluster-robust version of the confidence interval and, as such yields cluster-robust confidence intervals, which, in terms of the number of mechanisms, behave in accordance with the underlying clustering logic. The variances are used: 0.10,0.25,0.50,0.75, and 0.90.

[bookmark: _Toc221093052] Propensity Score Matching (PSM): ATT online payment adoption   

Because H1 is the hypothesis on cause and effect, causally estimate the discrete, policy-relevant treatment of the adoption of the online payment. The treatment model is:
[bookmark: _Toc221043155]

The propensity score model is:
[bookmark: _Toc221043156]


In the prosperity score model includes ( and ();  and (), in the fixed-effect sector*region. We perform nearest-neighbor 1:1 matching without substitution, without replacing the model score; it actually places a caliper of 0.01/0.05/0.1 on the propensity score. Common support is assessed through the analysis of the overlapping of the distributions of the propensity scores that are estimated. Here the equation:
[bookmark: _Toc221043157]

assumed the mean difference in the () among the treatment of firms and controls that are matched.  Uncertainty is obtained using a clustered bootstrap sector*region level with account for cluster dependence and matching. To reduce the sensitivity scale of the PSM model, we will also report AIPW. We will also use the Rosenbaum bounds for matched pairs to look for hidden bias. The AIPW double robust theory:
[bookmark: _Toc221043158]
The equation of the Rosenbaum sensitivity parameter:
[bookmark: _Toc221043159]

[bookmark: _Toc221093053] Instrumental Variables (2SLS): endogenous digital intensity evaluation  

Test the test of a continuous digital intensity regressor using a strength test to address endogeneity checking. Use of  from equation (3) to get the regional average of digitalized adaptation without the firms. Two-stage least squares. Initial diagnostics:

[bookmark: _Toc221043160]
The second stage:
[bookmark: _Toc221043161]

We report:  
(i) first-stage relevance, which is reflected by the coefficient on  and first-stage F statistic;  
(ii) the achievement of the (clustering) standard errors at the level of the sector*region;  
(iii) a conversational openness of the exclusion restriction. The identifying assumption is that, when one conditions on region fixed effects and infrastructure controls, the transport of regions has an impact on productivity because it influences its adoption by a firm. These assumptions cannot be tested, yet the outcomes of the IV are viewed as being like the measures of strength rather than the cause.  

Phase B Machine Learning Strategy (Prediction and Explainability)  
This part of the methodology follows the causal econometric analysis by making predictions of the firms that shall fall within the high-productivity category, as well as ranking the most informative predictors. The stage is evidently non-causal and is meant to estimate nonlinearities, thresholds and interaction patterns that are not causal and can be missed by linear regressions and is highly leaky.  
[bookmark: _Toc221093054] Sample, target construction and leakage safe preprocessing

Define HighProd as a binary outcome, meaning high productivity:  
[bookmark: _Toc221043162] = 1 when the  is larger than P 75  (the 75 th percentile of the log() in the sample), 0 otherwise.  In order to have balanced partitions for classes, we have stratified an 80/20 train-test split of HighProd. All transformations are run as one modelling pipeline to eliminate data leakage and are only trained with the training data in each split and each fold. Median-imputed are numerical predictors. Modal-imputed categorical predictors  has considerably more missing cases. Sector and region are one-hot coded such that they still keep contextual controls. The training-only procedures with predicted probabilities are calibrated in case probability interpretation is required (e.g. isotonic regression).  
Phase B: ML for Predictive and Explanation 
[bookmark: _Toc221093055] Predicted model in the baseline: LASSO logistic regression

We take an estimated transparent benchmark to be an L1-penalised logistic regression (LASSO). The model provides:  
(i) an evident point of prediction success;  
(ii) a parsimonious screening model feature-selection algorithm.  
Making use of stratified cross-validation of the training set modifies the punishment. Evaluation of ROC-AUC and Brier score is done, PR-AUC is reported to explain the imbalance of classes.  

[bookmark: _Toc221093056] Tree ensemble models: primary models 

To approximate two families of tree-ensembles to model nonlinearities, threshold and interaction, we do so via approximation:  
· Random Forest: It is a model that groups the nonlinear splits and reduces the variance through bagging.  
· Gradient Boosting:  The error-correcting trees are built sequentially, increasing their accuracy.  
Hyperparameters are fitted with 5-fold stratified cross-validation based on the training set alone. The model is selected using out-of-sample ROC-AUC, which is backed up with PR-AUC and Brier score. Financial reporting is done on the held-out test set.  

[bookmark: _Toc221093057] Deep-learning benchmark and explainability

The deep-learning benchmark TabNet, which is trained on structured/tabular data, is evaluated by obtaining the data through early stopping on independent variables and cross-validation, respectively. TabNet is presented as a scale of strength; it is introduced based on its stable and competitive performance, and it provides a clear and robust check, along with cross-validating the model's performance.  
[bookmark: _Toc221093058] Explainability and Predictability

From the model, explainability will be applied on the system using the most effective final classifier (typically a top tree ensemble), and SHAP values are calculated to summarize global importance of features. We can evaluate:  
[bookmark: _Toc221043163]	              (17)
(i) a SHAP summary (bee-swarm) plot;  
(ii) an order of the top-10 predictors comes out.  
The partial dependence plots (PDPs) are used to plot nonlinearities in digital predictors, i.e. digital intensity and online payments, which are considered descriptive in the form of digital curves in the variation of probability predicted high-productivity due to these variables holding other covariates constant. Explainability is also applied to two specifications to avoid the overlap of constructs and result in distortions:  
[bookmark: _Toc221043164]
(i) the index model (digital index + controls + context);  
(ii) components model (web presence, payment indicators, (electronic tax) + controls + context).  
Top predictors are heuristically measured by stability across specification (and where this is possible, across repeated splits, as well). The outputs of SHAP and PDP are known to be accounts of the predictive surface, and the paper strictly used them to predict features. Non-causal effects and causal statements are assigned to Phase A.

[bookmark: _Toc221093059]Chapter 5: Empirical Results
[bookmark: _Toc221093060]Phase A: OLS baseline 

The composite digital index indicates positive and is significantly correlated with log labor productivity using the model, which has fixed-effects of sector and region and standard-errors clustered by sector*region. The coefficient is estimated to be 0.0962 (SE =  0.0366, p-value = 0.0115) using an analytic sample of 947. Therefore, according to the log point, it implies that a one-unit increase in the digital capability results in an increase in the labor productivity of about 9 – 10 %, and it is conditional on the overall setting of organizational and environmental factors with fixed effects. It is this initial discovery where we initiate and evaluate the later design mutations with channel effects, complementarity, heterogeneity and quasi-causal checks. Notably, productivity has a significant positive correlation with firms having exporting business and ISO certification. However, firm size has a significantly small negative effect on labor productivity, with a coefficient estimated to be - 0.1277 (SE =  0.0346, p-value = 0.0006).

[bookmark: _Toc221041237]Table 2: FE clustered baseline OLS and clustered inference (digital index)
	OLS, estimation
	Dep. Var.: 
	lp_w
	
	

	Observations:
	947
	
	
	

	Fixed-effects:
	sector: 7,
	region: 8
	
	

	Standard-errors: 
	Clustered 
	(cluster_sr)
	
	

	
	Estimate 
	Std. Error
	t value
	Pr(>|t|)

	digital_index
	0.0962
	0.0366
	2.6272
	  0.0114 *

	ln_emp
	-0.1277
	0.0346
	-3.6894
	  0.0005 ***

	ln_age
	-0.0031
	0.0589
	-0.0518
	  0.9589

	mgr_exp
	-0.0052
	0.0043
	-1.2088
	  0.2325

	exporter
	0.2579
	0.1219
	2.1161
	  0.0394 *

	iso
	0.6709
	0.1739
	3.8579
	  0.0003 ***

	power_outage
	0.0862
	0.1156
	0.7452
	  0.4597

	Signif. codes:
	0 '***' 
	0.001 '**'
	0.01 '*' 
	0.05 '.' 0.1 ' ' 1

	RMSE: 1.07871
	Adj. R2
	: 0.1588
	

	 
	Within R2
	: 0.0507
	





In the situation of substituting the index with the individual technology indicators, we are presented with a great heterogeneity regarding the tools (sample n = 793). Paying online implementation (pay_online) is highly significant and positively affected with about 0.4461 and p-value = 0.000651. The adoption of mobile payment (pay_mobile) has a negative, significant effect of - 0.3185, p-value = 0.0398. All the rest of the capabilities are based on minor or inaccurate estimates: web_presence is about 0.0409, p-value = 0.7062; pay_card of almost 0.0156, p-value = 0.8777 and e_tax of about 0.1715, p-value = 0.1573. These results indicate that digitization (online payments) only creates a positive effect on productivity, and no other digital presence has led to productivity gains. Moreover, not all channels have a positive relationship with productivity in the cross-section.


[bookmark: _Toc221041238]Table 3: Cross-sectional identification of digital tools' actual effect on labor productivity
	OLS estimation,
	Dep. Var.: lp_w
	
	
	
	

	Observations:
	793
	
	
	
	

	Fixed-effects: 
	sector: 7, 
	region:
	8
	
	

	Standard-errors: 
	Clustered
	 (cluster_sr)
	
	

	
	Estimate
	Std. Error
	t value
	Pr(>|t|)

	web_presence
	0.0409
	0.1078
	0.3792
	0.7062

	pay_card
	0.0156
	0.1007
	0.1546
	0.8777

	pay_mobile
	-0.3185
	0.1508
	-2.1123
	0.0398 *

	pay_online
	0.4461
	0.1225
	3.6423
	0.0007 ***

	e_tax
	0.1715
	0.1194
	1.4363
	0.1573

	ln_emp
	-0.1511
	0.0394
	-3.8336
	0.0004 ***

	ln_age
	-0.0512
	0.0576
	-0.8892
	0.3782

	mgr_exp
	-0.0058
	0.0044
	-1.2997
	0.1998

	exporter
	0.2058
	0.1545
	1.3324
	0.1889

	iso
	0.6398
	0.1824
	3.5073
	0.0010 ***

	power_outage
	0.0658
	0.1258
	0.5231
	0.6033

	Signif. codes:  
	0 '***'
	0.001 '**'
	0.01 '*'
	0.05 '.' 0.1 ' ' 1

	RMSE: 1.05197
	Adj.R2: 
	0.1864
	
	

	 
	Within R2: 
	0.0737
	
	

	
	
	
	
	



[bookmark: _Toc221093061]Interactional model 

The complementarity test is to acknowledge whether or not managerial skill can influence the relationship between productivity and digital adoption. The correlation between the two is good and noteworthy, as digital_index*mgr_exp is about 0.00649 (SE = 0.00253, p = 0.0135). Additionally, digital_index has the primary effect on the same regression of 0.0411, p-value = 0.424 and 0.0146, p-value = 0.0223 of mgr_exp. All these allow concluding that the marginal payoff of the increased digital tools can positively depend on the experience of the managers; the more experienced the firms will be able to use and integrate the technologies and, consequently, the higher the payoff. However, the average approach can even mute the adoption effects in low-capability environments, but with high managerial experience, it turns into a positive effect for firms.

[bookmark: _Toc221041239]Table 4: Interaction model (complemented with managerial experience with a digital index for labor productivity)
	OLS estimation, Dep.
	Var.: lp_w
	
	
	

	Observations: 947
	
	
	
	

	Fixed-effects: 

	sector: 7,  

	region: 8
	
	

	Standard-errors: Clustered 
	(cluster_sr)
	
	
	

	
	Estimate
	Std. Error
	t value
	Pr(>|t|)

	digital_index
	-0.0411
	0.0510
	-0.8061
	0.4241

	mgr_exp
	-0.0146
	0.0062
	-2.3593
	0.0223 *

	ln_emp
	-0.1301
	0.0346
	-3.7567
	0.0005 ***

	ln_age
	-0.0040
	0.0578
	-0.0684
	0.9458

	exporter
	0.2459
	0.1199
	2.0498
	0.0458 *

	iso
	0.6786
	0.1732
	3.9183
	0.0003 ***

	power_outage
	0.0892
	0.1169
	0.7634
	0.4489

	digital_index:mgr_exp
	0.0065
	0.0025
	2.5637
	0.0135 *

	Signif. codes:  0 '*
	**' 0.001 '*
	*' 0.01 '*
	' 0.05 '.'
	0.1 ' ' 1

	RMSE: 1.07419     
	Adj. R2:     0.1649
	
	
	

	
	Within R2: 0.0587
	
	
	



[bookmark: _Toc221093062][bookmark: _Hlk220330939]Quantile regression 

An increasing trend of correlation to digital-productivity cooperation takes place across the productivity distribution of quantile regressions of cluster-bootstrap standard errors. On digital_index coefficients are growing in values monotonically, starting with the greatest percentile (10th  percentile = 0.0345, (SE = 0.0411)); second greatest (25th  percentile = 0.0372, (SE = 0.0362)); third percentile (50th  percentile = 0.0705, (SE = 0.0411)); almost near least percentile(75th  percentile = 0.1020, (SE = 0.056)) and the least percentile (90th  percentile = 0.1430, (SE = 0.0920)). The given trend demonstrates that the conditional digital relationships in the high-productivity firms are stronger than those of the low-productivity firms. The findings reaffirm that the closer the companies are to the productivity frontier (perhaps, with more all-encompassing complementary resources), the more they are able to transform digital adoption into increased output per worker.



[bookmark: _Toc221041240]Table 5: Quantile regression (heterogeneity in the distribution of productivity)
	Tau = 0.1
	
	

	term
	estimate
	cluster_boot_se

	1 digital_index
	0.0345
	0.0411

	Tau = 0.25
	
	

	term
	estimate
	cluster_boot_se

	1 digital_index
	0.0372
	0.0362

	Tau = 0.5
	
	

	term
	estimate
	cluster_boot_se

	1 digital_index
	0.0705
	0.0411

	Tau = 0.75
	
	

	term
	estimate
	cluster_boot_se

	1 digital_index
	0.1020
	0.0556

	Tau = 0.9
	
	

	term
	estimate
	cluster_boot_se

	 1 digital_index
	0.1430
	0.0920



[bookmark: _Toc221093063] ATT and Propensity Score Matching (PSM)

[bookmark: _Hlk220345625]To obtain a quasi-causal approximation of transaction digitization, we apply what is known as Propensity Score Matching (PSM), i.e. pay_online as the treatment. It is a matched final sample of 209 treated and 209 matched controls (obtained with the help of a sample of 284 treated and 660 matched controls, which consists of 944 participants in total where the covariate balance improved subaerially. All the mean difference satisfies the |SMD| < 0.10 threshold, where the largest one is about 0.072 aligning with selection-on-observables assumption.

[bookmark: _Toc221041241]Table 6: Propensity Score Matching (PSM)
	Summary of
	Balance
	for All
	Data:
	
	
	

	
	Means
Treated
	Means Control
	Std. Mean Diff.
	Var. Ratio
	eCDF Mean
	eCDF Max

	distance
	0.5039
	0.2135
	1.1924
	1.6173
	0.3227
	0.5362

	ln_emp
	3.7646
	3.2105
	0.3362
	1.4566
	0.0892
	0.1727

	ln_age
	2.8459
	2.869
	-0.0337
	0.9228
	0.0107
	0.0592

	mgr_exp
	21.6162
	22.4576
	-0.064
	1.2975
	0.034
	0.1118

	exporter
	0.2007
	0.1015
	0.2476
	.
	0.0992
	0.0992

	iso
	0.1761
	0.0742
	0.2673
	.
	0.1018
	0.1018

	power_outage
	0.757
	0.75
	0.0164
	.
	0.007
	0.007

	sector1
	0.1585
	0.1515
	0.019
	.
	0.0069
	0.0069

	sector2
	0.0352
	0.1712
	-0.7379
	.
	0.136
	0.136

	sector3
	0.1725
	0.1288
	0.1158
	.
	0.0437
	0.0437

	sector4
	0.1408
	0.1636
	-0.0655
	.
	0.0228
	0.0228

	sector5
	0.1549
	0.1
	0.1518
	.
	0.0549
	0.0549

	sector6
	0.169
	0.0939
	0.2003
	.
	0.0751
	0.0751

	sector7
	0.169
	0.1909
	-0.0584
	.
	0.0219
	0.0219

	region1
	0.2394
	0.247
	-0.0177
	.
	0.0075
	0.0075

	region2
	0.1197
	0.2167
	-0.2986
	.
	0.0969
	0.0969

	region3
	0.0704
	0.1379
	-0.2636
	.
	0.0675
	0.0675

	region4
	0.1901
	0.0379
	0.388
	.
	0.1523
	0.1523

	region5
	0.0211
	0.1727
	-1.0542
	.
	0.1516
	0.1516

	region6
	0.1444
	0.0909
	0.1521
	.
	0.0535
	0.0535

	region7
	0.1972
	0.0333
	0.4118
	.
	0.1638
	0.1638

	region8
	0.0176
	0.0636
	-0.35
	.
	0.046
	0.046

	
	Means
Treated
	Means Control
	Std. Mean Diff.
	Var. Ratio
	eCDF Mean
	eCDF Max
	Std. Pair Dist.

	distance
	0.4223
	0.4053
	0.0695
	1.1728
	0.0128
	0.0766
	0.0707

	ln_emp
	3.7484
	3.7085
	0.0242
	0.984
	0.0184
	0.0622
	0.9629

	ln_age
	2.8687
	2.8956
	-0.0393
	0.832
	0.0156
	0.0478
	1.1221

	mgr_exp
	22.6364
	22.9474
	-0.0236
	1.3445
	0.0363
	0.11
	1.006

	exporter
	0.2105
	0.2153
	-0.0119
	.
	0.0048
	0.0048
	0.8004

	iso
	0.1818
	0.1531
	0.0754
	.
	0.0287
	0.0287
	0.5779

	power_outage
	0.6938
	0.7321
	-0.0893
	.
	0.0383
	0.0383
	1.071

	sector1
	0.1435
	0.134
	0.0262
	.
	0.0096
	0.0096
	0.6027

	sector2
	0.0478
	0.067
	-0.1038
	.
	0.0191
	0.0191
	0.5192

	sector3
	0.1818
	0.1962
	-0.038
	.
	0.0144
	0.0144
	0.7978

	sector4
	0.1627
	0.1531
	0.0275
	.
	0.0096
	0.0096
	0.7703

	sector5
	0.1388
	0.1388
	0
	.
	0
	0
	0.2297

	sector6
	0.1531
	0.1435
	0.0255
	.
	0.0096
	0.0096
	0.5362

	sector7
	0.1722
	0.1675
	0.0128
	.
	0.0048
	0.0048
	0.7022

	region1
	0.2919
	0.2201
	0.1682
	.
	0.0718
	0.0718
	0.7288

	region2
	0.1388
	0.1866
	-0.1474
	.
	0.0478
	0.0478
	0.7075

	region3
	0.0957
	0.1148
	-0.0748
	.
	0.0191
	0.0191
	0.6358

	region4
	0.1244
	0.1196
	0.0122
	.
	0.0048
	0.0048
	0.4268

	region5
	0.0287
	0.0096
	0.1331
	.
	0.0191
	0.0191
	0.2662

	region6
	0.1818
	0.2105
	-0.0817
	.
	0.0287
	0.0287
	0.7079

	region7
	0.1148
	0.1053
	0.0241
	.
	0.0096
	0.0096
	0.3848

	region8
	0.0239
	0.0335
	-0.0728
	.
	0.0096
	0.0096
	0.2911

	Sample Sizes:
	
	
	
	
	
	

	
	Control
	Treated
	
	
	
	

	All
	660
	284
	
	
	
	

	Matched
	209
	209
	
	
	
	

	Unmatched
	451
	75
	
	
	
	

	Discarded
	0
	0
	
	
	
	



[bookmark: _Toc221041242]Table 7: Balance Measures for conducting PSM and ATT
	Balance Measures
	
	
	
	
	

	
	Type
	Diff.Un
	Diff.Adj
	M.Threshold

	distance
	Distance
	1.1924
	0.0695
	Balanced,
	<0.1

	ln_emp
	Contin.
	0.3362
	0.0242
	Balanced,
	<0.1

	ln_age
	Contin.
	-0.0337
	-0.0393
	Balanced,
	<0.1

	mgr_exp
	Contin.
	-0.064
	-0.0236
	Balanced,
	<0.1

	exporter
	Binary
	0.0992
	-0.0048
	Balanced,
	<0.1

	iso
	Binary
	0.1018
	0.0287
	Balanced,
	<0.1

	power_outage
	Binary
	0.007
	-0.0383
	Balanced,
	<0.1

	sector_1
	Binary
	0.0069
	0.0096
	Balanced,
	<0.1

	sector_2
	Binary
	-0.136
	-0.0191
	Balanced,
	<0.1

	sector_3
	Binary
	0.0437
	-0.0144
	Balanced,
	<0.1

	sector_4
	Binary
	-0.0228
	0.0096
	Balanced,
	<0.1

	sector_5
	Binary
	0.0549
	0
	Balanced,
	<0.1

	sector_6
	Binary
	0.0751
	0.0096
	Balanced,
	<0.1

	sector_7
	Binary
	-0.0219
	0.0048
	Balanced,
	<0.1

	region_1
	Binary
	-0.0075
	0.0718
	Balanced,
	<0.1

	region_2
	Binary
	-0.0969
	-0.0478
	Balanced,
	<0.1

	region_3
	Binary
	-0.0675
	-0.0191
	Balanced,
	<0.1

	region_4
	Binary
	0.1523
	0.0048
	Balanced,
	<0.1

	region_5
	Binary
	-0.1516
	0.0191
	Balanced,
	<0.1

	region_6
	Binary
	0.0535
	-0.0287
	Balanced,
	<0.1

	region_7
	Binary
	0.1638
	0.0096
	Balanced,
	<0.1

	region_8
	Binary
	-0.046
	-0.0096
	Balanced,
	<0.1

	
	
	
	
	
	

	Balance tally differences
	
	
	
	

	
	count
	
	
	
	

	Balanced, <0.1
	22
	
	
	
	

	Not Balanced, >0.1
	0
	
	
	
	

	
	
	
	
	
	

	Variable with the greatest mean difference
	
	

	Variable Diff.
	Adj
	M.Threshold
	
	
	

	region_1
	0.0718
	Balanced,
	<0.1
	
	

	
	
	
	
	
	

	Sample sizes
	
	
	
	
	

	
	Control 
	Treated
	
	
	

	All
	660
	284
	
	
	

	Matched
	209
	209
	
	
	

	Unmatched
	451
	75
	
	
	



The covariate balance or Love plot is showing substantial difference between adopters and non-adopters while matching mostly for the case of firm size, sector, and regions. But after the matching all of them is showing an absolute standardized mean difference below the 0.10 threshold, validating the matching process conducted the balancing task successfully between the treated and control groups.
[image: ]






[bookmark: _Toc221040666]Figure 2: Love plot for validating PSM ATT

For further validation of the PSM, overlap plot has been constructed. The propensity score distributions illustrating clear usual support after getting matched and supported by the ATT estimates. This graph also shows reduction of the dependency on extrapolation.
[image: ]







[bookmark: _Toc221040667]Figure 3: Overlap plot graph to show chances of dependency


The primary PSM cluster bootstrap ATT is 0.4096 with CI [0.103,0.712]. The matched weights estimated ATT is 0.3965 with a CI of [0.120, 0.673]. The AIPW estimators yield a similar ATT of about 0.4096; CI of [0.148,0.722]. Explaining under log productivity terms, treated firms exhibit substantially higher productivity compared to observably treated non-adopting firms under selection-on-observables. The ATT value is also mirroring the coefficient of the component-OLS on pay_online, which not only triangulates between two methods of estimation but also points to the issue of unobserved selection.
[bookmark: _Toc221041243]Table 8: PSM cluster bootstrap summary
	PSM cluster bootstrap summary:

	att
	se
	p025
	p975

	0.409558
	0.163419
	0.102646
	0.712045



[bookmark: _Toc221041244]Table 9: PSM AIPW cluster bootstrap summary
	AIPW cluster bootstrap summary:

	att
	se
	p025
	p975

	0.405809
	0.132632
	0.148347
	0.722343



[bookmark: _Toc221041245]Table 10: PSM matching based on different caliper
	PSM matching variants:
	
	

	caliper
	replace
	att
	n_t
	n_c

	0.01
	FALSE
	0.449573
	199
	199

	0.05
	FALSE
	0.396507
	209
	209

	0.1
	FALSE
	0.35654
	223
	223

	0.05
	TRUE
	0.362923
	284
	153



ATT in clustered PSM regression adjusted: The adjustment of PSM estimate indicating online payment adoption increases labor productivity by around 40 log points relative to matched non-adopters while being statistically significant under clustered inference.
[bookmark: _Toc221041246]Table 11: ATT in PSM clustered regression adjusted summary
	Call:
	
	
	
	
	
	
	

	estimatr::lm_robust(formula = lp_w ~ pay_online, data = df_m, 

	    weights = weights, clusters = cluster_sr)
	
	

	
	
	
	
	
	
	
	

	Weighted, Standard error type:  CR2 
	
	
	

	
	
	
	
	
	
	
	

	Coefficients:
	
	
	
	
	
	

	
	Estimate
	Std. Error
	t value
	Pr(>|t|)
	CI Lower
	CI Upper
	DF

	(Intercept)
	13.4447
	0.1449
	92.808
	8.72E-31
	13.1448
	13.7446
	22.69

	pay_online
	0.3965
	0.1342
	2.955
	6.72E-03
	0.1202
	0.6728
	25.01

	
	
	
	
	
	
	
	

	Multiple R-squared:  0.0251,  Adjusted R-squared:  0.0228

	F-statistic: 8.734 ,  
	on 1 and 48 DF
	p-value: 
	0.0048
	
	
	
	



The Rosenbaum sensitivity analysis is based on 209 matched pairs shows the PSM ATT is around 0.40 log points and the unobserved selection is around 1.25. Any stronger hidden bias can affect the overall outcome but diffusion based IV is weak with F =1.45 at first stage. The strongest causal-oriented evidence comes from PSM and doubly robust AIPW estimates.
[bookmark: _Toc221041247]Table 12:Rosenbaum Sensitivity test summary
	Rosenbaum bounds (matched pairs) — pay_online ATT
	
	

	Matched pairs used: 209
	
	
	
	
	

	Rosenbaum Sensitivity Test for Hodges-Lehmann Point Estimate
	

	Unconfounded estimate....  0.3956
	
	
	
	

	Gamma
	Lower bound Up
	per bound
	
	
	
	

	1
	0.39563
	0.39563
	
	
	
	
	

	1.25
	0.19563
	0.59563
	
	
	
	
	

	1.5
	-0.0043695
	0.69563
	
	
	
	
	

	1.75
	-0.10437
	0.89563
	
	
	
	
	

	2
	-0.20437
	0.99563
	
	
	
	
	

	Note: Gamma is Odds of Differential Assignment To
	
	
	

	Treatment Due to Unobserved Factors
	
	
	
	

	IV sample size (revised instrument): 947
	
	
	
	

	
	
	
	

	$ lp_w: num
	[1:947] 15.7 15.7 15.6 13.4 15.6 ...
	
	

	$ digital_index: num
	[1:947] 0 3 1 4 3 1 1 3 3 0 ...
	
	
	

	$ z_rs_excl    : num
	[1:947] 1.39 1.29 1.36 1.56 1.29 ...
	
	

	$ ln_emp       : num
	[1:947] 5.05 4.72 4.83 5.3 4.32 ...
	
	

	$ ln_age       : num
	[1:947] 1.79 2.94 3.22 3.78 2.48 ...
	
	

	$ mgr_exp      : num
	[1:947] 40 55 35 10 11 1 36 33 14 20 ...
	
	

	$ exporter     : num
	[1:947] 1 1 1 1 1 0 0 0 0 0 ...
	
	
	

	$ iso: num
	[1:947] 1 1 1 1 1 0 0 1 0 0 ...
	
	
	

	$ power_outage : num
	[1:947] 1 0 1 1 1 1 0 1 1 1 ...
	
	
	

	$ sector       : Fac
	tor w/ 7 levels "1","2","3","4",..: 1 1 1 1 1 1 1 1 1 1 ...
	

	$ region       : Fac
	tor w/ 8 levels "1","2","3","4",..: 6 6 6 3 6 3 6 5 7 5 ...
	

	$ cluster_sr   : Fac
	tor w/ 50 levels "1.1","2.1","3.1",..: 34 34 34 15 34 15 34 27 40 27 ...

	Min.
	1st Qu. 
	Median
	Mean     
	3rd Qu.
	Max.
	
	

	0.25
	0.8947
	1.2597
	1.3495
	1.6491
	3.2069
	
	



[bookmark: _Toc221093064]Instrumental Variables (2SLS) endogeneity test

In order to run a robustness test, which will go against the potential endogeneity, we use a regional diffusion tool of digital index in a 2SLS equation. The regional mean adoption equals the regional mean adoption without the firm. The first stage F-statistics is quite low where, F = 1.45 and p-value = 0.2290. The Wu-Hausman test has the value of p-value = 0.1672, indicating no significant difference between the OLS and the IV estimation. Overall, we can see that it can be confirmed that the IV results reinforce the initial result that larger digital intensity is positively related to larger productivity, although the fact that the first stage weak diagnostics shows the usage of IV as supplementary evidence of the causal estimates.
[bookmark: _Toc221041248]Table 13: Instrumental Variables (2SLS) endogeneity test (digital index instrumented) Second stage
	TSLS estimation -
	Dep. Var.: l
	p_w
	
	

	
	Endo.    : d
	igital_index
	
	

	
	Instr.   : z
	_rs_excl
	
	

	Second stage: Dep
	. Var.: lp_w
	
	

	Observations: 947
	
	

	Fixed-effects: se
	ctor: 7,  reg
	ion: 8
	
	

	Standard-errors:
	Clusterd 
	(cluster_sr)
	
	

	
	Estimate
	Std. Error
	t value
	Pr(>|t|)

	fit_digital_index
	1.3021
	1.8338
	0.7101
	0.4810

	ln_emp
	-0.4277
	0.4585
	-0.9328
	0.3555

	ln_age
	0.0950
	0.1759
	0.5398
	0.5918

	mgr_exp
	-0.0043
	0.0073
	-0.5923
	0.5564

	exporter
	0.2078
	0.2443
	0.8506
	0.3991

	iso
	-0.0271
	1.1262
	-0.0241
	0.9809

	power_outage
	0.13859
	0.178751
	0.7753
	0.4418

	Signif. codes:  0
	'***' 0.001
	'**' 0.01
	'*' 0.05
	'.' 0.1    '  1

	RMSE: 1.6424
	Adj. R2: 0.15
	3761
	
	

	
	WithinR2: 0.04
	5019
	
	

	F-test (1st stage), 
	digital_in
	dex: stat 1.448
	, p = 0.2292
	DoF., on 1 and 926 

	
	Wu-Haus
	man: stat 1.9106
	, p = 0.1672
	DoF., on 1 and 925 


 
[bookmark: _Toc221041249]Table 14: IV 2SLS - First Stage
	IV (2SLS) — First Stage
	

	
	iv_revised
	

	Dependent Var.:
	digital_index
	

	
	
	

	z_rs_excl
	-0.1532
	-0.2045

	ln_emp
	0.2506***
	-0.0372

	ln_age
	-0.0838
	-0.0589

	mgr_exp
	-0.0009
	-0.0041

	exporter
	0.0346
	-0.1784

	iso
	0.5854**
	-0.1812

	power_outage
	-0.0416
	-0.1017

	Fixed-Effects:
	----------
	--------

	sector
	
	Yes

	region
	
	Yes

	S.E.: Clustered
	
	by: cluster_sr

	Observations
	
	947

	R2
	
	0.35537

	Within R2
	
	0.15449

	Signif. codes: 
	0 '***' 0.001**'
	'0.01 '*' 0.05  '.' 0.1


[bookmark: _Toc221093065]Summarized Results of the Econometric Analysis

[bookmark: _Toc221041250]Table 15:Overall summary of the causality analysis except the PSM model
	 
	OLS (Index)
	OLS (Tools)
	OLS (Interaction)
	IV (2SLS, revised)

	digital_index
	0.096*
	
	-0.041
	

	
	(0.037)
	
	(0.051)
	

	ln_emp
	-0.128***
	-0.151***
	-0.130***
	-0.428

	
	(0.035)
	(0.039)
	(0.035)
	(0.458)

	ln_age
	-0.003
	-0.051
	-0.004
	0.095

	
	(0.059)
	(0.058)
	(0.058)
	(0.176)

	mgr_exp
	-0.005
	-0.006
	-0.015*
	-0.004

	
	(0.004)
	(0.004)
	(0.006)
	(0.007)

	exporter
	0.258*
	0.206
	0.246*
	0.208

	
	(0.122)
	(0.154)
	(0.120)
	(0.244)

	iso
	0.671***
	0.640***
	0.679***
	-0.027

	
	(0.174)
	(0.182)
	(0.173)
	(1.126)

	power_outage
	0.086
	0.066
	0.089
	0.139

	
	(0.116)
	(0.126)
	(0.117)
	(0.179)

	web_presence
	
	0.041
	
	

	
	
	(0.108)
	
	

	pay_card
	
	0.016
	
	

	
	
	(0.101)
	
	

	pay_mobile
	
	-0.318*
	
	

	
	
	(0.151)
	
	

	pay_online
	
	0.446***
	
	

	
	
	(0.122)
	
	

	e_tax
	
	0.171
	
	

	
	
	(0.119)
	
	

	digital_index × mgr_exp
	
	
	0.006*
	

	
	
	
	(0.003)
	

	fit_digital_index
	
	
	
	1.302

	
	
	
	
	(1.834)

	Num.Obs.
	947
	793
	947
	947

	R2
	0.177
	0.211
	0.183
	0.172

	FE: sector
	X
	X
	X
	X

	FE: region
	X
	X
	X
	X

	+ p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001


 
[bookmark: _Toc221041251]Table 16: Primary PSM ATT bootstrap and AIPW ATT Estimators
	Estimator
	ATT
	SE
	CI_95
	B (bootstraps)

	PSM ATT (nearest; caliper=0.05)
	0.4096
	0.1634
	[0.103, 0.712]
	200

	AIPW ATT (doubly robust)
	0.4058
	0.1326
	[0.148, 0.722]
	200



[bookmark: _Toc221093066]Phase B: LASSO logistic regression

This phase of machine learning is used to predict whether a firm belongs to a high-productivity group (top quartile of log labor productivity) in the context of digitalization. It also attempts to tell how nonlinearities and interactions occur, and in fact, claims that the results are not intended to be causal. The data leakage protection operates on a stratified 80/20 split in the workflow and simply preprocesses the training data (median/mode imputation and one-hot encoding of sector/region), and does calibration of the training data.
LASSO is adopted as a transnational ground where it fits a linear decision boundary to employ an L1 penalty, which drops a large number of coefficients to zero to provide an easy-to-understand screening model of feature selection. At the test set, which has been calibrated, has LASSO performance with ROC-AUC = 0.723, PR -AUC = 0.493 and Brier = 0.167. This proves that LASSO can only pick up a signal at the level of additive, which is more or less linear relationships. Consequently, it is likely to collapse if ‘HighProd’ is nonlinear and interaction-intensive effects between digital capabilities, organizational characteristics, and context.



[image: ]
[image: ][bookmark: _Toc221040668]Figure 5: PR-AUC lasso logistic regression







[bookmark: _Toc221040669]Figure 4: ROC-AUC of the Lasso logistic regression

[image: ][bookmark: _Toc221040670]Figure 6: Calibrated lasso logistic regression










[bookmark: _Toc221093067] Random Forest (RF)

From the calibrated RF, ROC-AUC=0.769, PR-AUC=0.544, Brier = 0.157 and this is much more successful in discrimination and calibration than LASSO. This development goes hand in hand with the argument that nonlinearities and interactions are relevant in defining high-productivity firms. At the 0.5 decision threshold, the confusion matrix gives values as [[141, 4], [42, 7]], and it indicates majority of the true positives are lost. The obtained accuracy is 0.636, but the recall is 0.143, along with an F1 value of about 0.233. Because of such low sensitivity with the imbalance of classes, Phase B is oriented at ROC -AUC, PR-AUC and Brier and not on focusing on the mentioned measures. The low sensitivity is concealed by the model accuracy of 0.763 at the 0.5 cutoff of all three classical models.
[image: ]Figure 7
[bookmark: _Toc221040671]Figure 7: ROC-AUC of Random Forest regression



[image: ][bookmark: _Toc221040672]Figure 8: PR-AUC of Random Forest Regression





Figure 8
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[bookmark: _Toc221040673]Figure 9: Calibrated Random Forrest Regression










[bookmark: _Toc221093068] Gradient Boosting (GB)

GB is highly comparable to RF: ROC-AUC = 0.762, PR-AUC = 0.528, Brier = 0.158, and both are equally accurate at 0.5 with the precision value of 0.763. The near-tie means that the ensemble families in this data represent similar interaction/nonlinear structure. Random Forest is slightly better in terms of the total ranking and quality of probabilities.

[image: ]Figure 10
[bookmark: _Toc221040674]Figure 10: ROC-AUC OF Gradient Boosting
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[bookmark: _Toc221040675]Figure 11: PR-AUC of Gradient Boosting






[image: ]Figure 12
[bookmark: _Toc221040676]Figure 12: Calibrated curve of the gradient boosting method








It is observable that with respect to the ROC-AUC, PR-AUC, and the Brier scores, tree ensembles are just better in all the models. Substantively, it substantiates the understanding of Phase B, which states that the digitalization positively increases high productivity. However, mapping remains poorly defined because of a single linear index. Instead, it is most likely concerning thresholds (e.g. to moving from 0 to a degree of adoption) and complements firm capability and situational patterns that the ensembles capture by creation. The overall conclusion remains prophetic: it is more of a model-implied structure compared to causal impact.

[bookmark: _Toc221041252]Table 17: Comparison between three machine learning models
	Confusion Matrix
	@0.5:
	
	
	
	
	

	
	[[141      4]
	
	
	
	
	

	
	[42        7]]
	
	
	
	
	

	
	
	
	
	
	
	

	
	Test-set comparison
	
	
	
	
	

	
	
	model
	ROC_AUC
	PR_AUC
	Brier
	Accuracy@0.5

	1
	Random Forest
	(calibrated)
	0.7689
	0.5441
	0.1573
	0.7629

	2
	Gradient Boosting
	(calibrated)
	0.7622
	0.5281
	0.1581
	0.7629

	0
	LASSO Logit
	(calibrated)
	0.7232
	0.4934
	0.1673
	0.7629

	
	
	
	
	
	
	

	
	Precision@0.5
	Recall@0.5
	F1@0.5

	1
	0.6364
	0.1429
	0.2333

	2
	0.6364
	0.1429
	0.2333

	0
	0.6364
	0.1429
	0.2333

	
	
	
	

	
	Best model: Random Forest (calibrated)





[bookmark: _Toc221093069]TabNet: Deep learning

TabNet slightly improves on the total metrics: ROC-AUC= 0.773, PR-AUC= 0.545, Brier= 0.155 and accuracy= 0.778. And it also works-point-sensitive at a cutoff point of 0.5 (precision = 0.667, recall = 0.245, F1 = 0.358). As per the methodology, it will be reported as a robustness benchmark and could only be pointed out in situations where the cross-validated performance has been found to be stable and competitive.
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[bookmark: _Toc221040677]Figure 13: PR-AUC OF TabNet
[bookmark: _Toc221040678]Figure 14: ROC-AUC of Tabnet
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[bookmark: _Toc221040679]Figure 15: Calibrated curve of the deep learning









[bookmark: _Toc221041253]Table 18: Comparing table between outputs of ML
	Updated
	Model comparison (incl TabNet):
	
	
	
	
	

	
	
	model
	ROC_AUC
	PR_AUC
	Brier
	Accuracy@0.5

	3
	TabNet
	(deep learning)
	0.7729
	0.5446
	0.1548
	0.7784

	0
	Random Forest
	(calibrated)
	0.7689
	0.5441
	0.1573
	0.7629

	1
	Gradient Boosting
	(calibrated)
	0.7622
	0.5281
	0.1581
	0.7629

	2
	LASSO Logit
	(calibrated)
	0.7232
	0.4934
	0.1673
	0.7629

	
	
	
	
	
	
	

	
	Precision@0.5
	Recall@0.5
	F1@0.5

	3
	0.6667
	0.2449
	0.3582

	0
	0.6364
	0.1429
	0.2333

	1
	0.6364
	0.1429
	0.2333

	2
	0.6364
	0.142857
	0.2333






[bookmark: _Toc221093070]SHAP output (global significance; descriptive)  

The most appropriate classical model in the study, which is the Random Forest regression (calibrated). SHAP mean absolute values, which indicate context is highly informative, especially sector dummies, and the region indicators. Here, the predictors, such as pay_mobile, pay_online, ln_emp, ln_age, mgr_exp, and digital_index is a few of the economically interpretable predictors listed as ranked close to the top. This is to say that transaction-related digital tools and organizational capacity contain plenty of information on which to categorize the high-productivity firms. and this is in line with the complementarity logic as postulated in Phase A, but not the view of causation.

[bookmark: _Toc221041254]Table 19: Top 10 feature selection from the variables
	Feature 
	mean_abs_shap
	

	17
	sector_6
	0.05679

	14
	sector_3
	0.03285

	3
	pay_mobile
	0.03086

	7
	ln_age
	0.02289

	6
	ln_emp
	0.02273

	4
	pay_online
	0.02109

	8
	mgr_exp
	0.01908

	0
	digital_index
	0.01594

	12
	sector_1
	0.0136

	23
	region_5
	0.01323




[image: ]Figure 16
[bookmark: _Toc221040680]Figure 16: SHAP model to show the variables impact on the scale













[bookmark: _Toc221093071]PDP (the digital curve; descriptive)

The partial dependence plots indicate a casual glance at nonlinearity. When considering the pay_online case, the probability of high productivity will increase by an estimate of 5.00 % points, when non-adoption will change into an adoption with other features maintained at the empirical distribution level. The increase of PDP in the case of digital index is steep from  0 to around 1-2 tools, followed by a level-off decline. At any further decline at a significantly increased index value, which may be explained by a support/sparsity artifact (high concentration of firms with 4-5 tools). This tendency is the analog of threshold/diminishing-return narratives (H3-style nonlinearity) of Phase B. It is being introduced as a prediction, but not as a causation.

[image: ][image: ][bookmark: _Toc221040681]Figure 17: PDP curve based on online payment adoption affecting productivity
Figure 17
[bookmark: _Toc221040682]Figure 18:  PDP curve based on digitalization effecting productivity



[bookmark: _Toc221093072]Chapter 6: Robustness Check
[bookmark: _Toc221093073]Alternative performance (sales-based performance): 

To ensure that our findings are driven not exclusively by the fact that we have formed the measure of labor-productivity. We have re-evaluated the predictive pipeline with another aim. We have chosen firms in the top quartile of real sales (HighSales, defined in terms of ln/minimized real sales). The predictive performance is given as ROC-AUC = 0.909; PR-AUC = 0.855; Brier = 0.087; n_test=194; pos_rate_test = 0.253. The results are high, and the same group of covariates is also useful for another performance measure.
[bookmark: _Toc221093074]Alternative cut-off points of high performers:

 The classification aspect has been tightened up to the top 20% to capture high productivity in a more sophisticated threshold. As the results are quite clear, differentiation and calibration were superior at the stricter threshold than at the less strict cut (ROC -AUC = 0.621; PR -AUC = 0.303; Brier = 0.164; n_test = 194; pos_rate_test = 0.201). It is this reduction that led to a harder scenario to classify, and it proves that the provided performance can be attributed to the dominance of classes rather than over-fitting.
[bookmark: _Toc221093075]Division of sectors (manufacturing and non-manufacturing): 

To justify whether the results applied to production environments, we estimated the model on a case-by-case basis. The manufacturing group showed poorer results are ROC-AUC=0.567; PR-AUC=0.367; Brier=0.188; n_test=106; pos_rate_test=0.255 compared to the non-manufacturing group, where it is about; ROC-AUC=0.653; PR-AUC=0.311; Brier=0.178; n_test=88; pos_rate_test=0.239.  It's now quite clear that the variations are sector-specific

[bookmark: _Toc221041255]Table 20: Robustness comparison table based on different core points
	check
	ROC_AUC
	PR_AUC
	Brier
	n_test
	pos_rate_test
	placebo_sd
	placebo_p05
	placebo_p95

	alt_outcome_highsales
	0.909
	0.855
	0.087
	194
	0.253
	
	
	

	alt_threshold_highprod_top20
	0.621
	0.303
	0.164
	194
	0.201
	
	
	

	sector_split_manufacturing
	0.567
	0.367
	0.188
	106
	0.255
	
	
	

	sector_split_nonmanufacturing
	0.653
	0.311
	0.178
	88
	0.239
	
	
	

	placebo_label_shuffle
	0.475
	
	
	
	
	0.057
	0.39
	0.552



[bookmark: _Toc221093076]Placebo test (label shuffle): 
To make sure performance on the model is not an artifact, a placebo diagnostic shuffling has been conducted. To prevent rerun outcome labels, the pipeline is being rerun. The amount of differentiation was brought down to chance (placebo ROC-AUC = -0.475), and the results were grouped around chance (SD = 0.057; p05 = 0.390; p95 = 0.552). These findings contribute to the legitimacy of the fact that these data actually have a real structure in terms of the main-model AUCs.
[image: ]Figure 19
[bookmark: _Toc221040683]Figure 19: Label-Shuffled ROC-AUC curve showing distribution








[bookmark: _Toc221093077]Causal analysis-strength (PSM balance and IV diagnostics): 
The balance diagnostics of the quasi-causal matching design (in which online payments are used as treatment). They significantly improved after receiving treatment with matching. The propensity score distance has reduced comparing Diff.Un = 1.1924 and Diff.Adj = 0.0128. All the covariates met the balance criterion ( threshold < 0.1). The second stage IV endogeneity test proved to be relevant and produced a significant second stage estimate of the digital intensity (beta = -0.0803; p-value = -0.0419). It was found that the weak-instrument test was quite significant (3048.559; p < 2 10 -16) and the Wu-Hausman test was not significant to reject the OLS exogeneity (p = 0.402). This is deduced from the common support matched sample (200 treated and 200 controls).

[bookmark: _Toc221093078]Chapter 7: Discussion 

This paper has evaluated the possible association and ways labor productivity relationship with firm digitalization in Bangladesh by a hybrid econometric-machine learning design. Phase A is providing the econometric data in the fixed-effects OLS, interaction terms, quantile analysis and propensity-score matching so that the knowledge can go beyond the basic correlations. Phase B comprises non-causal, but major informative predictions with explainability methods such as SHAP values and Partial Dependence Plots. They exhibit nonlinear digital curves, along with assessing variables that are best to explain the difference between high- and low-productivity firms. 
Synthesis: OLS versus PSM. While OLS has a strong relationship, PSM illustrates that the causal effect of online payments does not replicate web presence in general. The log labor productivity is positively and significantly related to the wider digital adoption (digital index) in the baseline fixed-effects OLS with a coefficient of around 0.096. The aspect of variables is in a fixed effect, such as sector, region, and typical company controls, which provides strong validation that using one additional digital tool is associated with a high level of productivity premium. Although OLS alone cannot exclude the risk of reverse causality, as more efficient companies can draw different conclusions. Similarly, selection on unobserved abilities, such as superior management, can make adoption and performance better. 
The identical results complement the interpretation process in terms of focusing on the aspect of integration of capability in transactions. Given the assumption that online payment is the treatment and that the adopters are observed towards locationally near non-adopters in terms of size, age, managerial experience, exporter, ISO, outages and sector/region. The estimated average treatment effect on the treated remains large; the estimate stands at about 0.4096 log points, SE = 0.1634. Adding strong post-matching balance diagnostics creates the most probable causal-oriented substantial observation of the paper. Which is online payment adoption is related to higher productivity within firms that have observable similar characteristics. Comparatively, the web presence is poorly forecasted in the regression of components, which brings to light that being online is not being digitally productive. The Rosenbaum sensitivity check also indicating the PSM ATT log point is around 0.40. However, any stronger hidden bias can attenuate the effect. In the IV/2SLS, the first stage shows weak where f= 1.448; p-value = 0.229 and also in the second stage, the findings are not statistically significant. Although the Wu-Hausman p-value is 0.1672, which indicates that it cannot overturn the OLS findings, it does not strongly confirm causality.
The difference between the web presence and online payments consistently reflects in the process integration mechanism. Generic visibility is a relatively inexpensive aspect to execute and requires minimal adjustments to an organization’s practices; therefore, its productivity impact is likely to be indirect and heterogeneous, either through branding, customer discovery, or signaling. On the other hand, Online payments require a minimal degree of operational integration, i.e. merchant onboarding, reconciliation, record-keeping and, in some cases, platform intervention. In addition, this integration can notably reduce the friction of transactions, faster conversion of cash and improve traceability. It is also more closely suited to sales per worker compared to other channels. However, it should be mentioned that not all digital finance proxies have a positive correlation with component regression. Payment by mobile has a negative correlation, which can most likely be attributed to the fact that mobile money is a more common phenomenon in smaller, less-capitalized companies, and not to the fact that mobile technologies inevitably lead to less productive things. 
At this stage, complementary capabilities are the most likely to have the highest productivity impacts through the use of digital tools. Their interaction model presents a positive and significantly large term of digital_index*mgr_exp (beta = 0.0065), which indicates that the impact of digital on managerial experience is positive. The adoption will be more and more productivity-relevant as the firms will be able to expand managerial capacity to adopt and handle digital routines. This heterogeneity is justified by quantile estimates: the coefficient of digital index is small in the low-end of productivity distribution (0.03 - 0.04 at the 10th - 25th  percentiles), but is bigger in the high-performance firms (0.10 - 0.14 at the 75th - 90th percentiles). This trend implies the capability threshold perspective in which adoption yields higher returns in association to organizational capital along with absorptive capacity. 
ML Insight: In Phase B, Tree-based ML models capture high-productive firms that are strongly out-of-sample identification followers (ROC-AUC = 0.77). The empirical importance of nonlinearities and interactions is that they give them an edge over a linear reference. SHAP analysis shows that pay online and digital index are the best predictors, although managerial experience also has great importance as an enabler. When explained precisely on the predictive aspect, SHAP scores reveal that context (sector and region) is a significant influencing factor. However, at the firm level levers, both (pay online) and (digital index) are significantly important, while the enabling factor is managerial experience (mgr exp). It is further observed that the consistent interaction between the econometric model (Phase A) and the SHAP story (Phase B) validates the narrative that high productivity is linked to capability bundles (digital plus managerial) rather than an individual, so-called, checkbox technology. 
PDP Insight: According to the Partial Dependence Plots, the existence of a threshold effect: Only when working with more than two digital tools, the probability of high productivity goes up. The inflection point is between the low and high levels of digitization, as per the digital index PDP. Above the low level of digitization to more comprehensive offerings (over two tools) are the additional increase in the estimated tendencies of becoming a high-productivity company. The inference is less stable when the indexes are very high because the firms reporting four to five tools are rare, which is why marking these regions of the curve requires attention. Pay online PDP indicates a jump in the high-probability of product-adopters, which validates the Phase A conclusion, which is that transactional digitization is essential. 
The first constructed hypothesis is getting supported on the context of advance internal tools are assuring productivity compared to mare digital presence. The second hypothesis is getting rejected as managerial experience has an actual effective implication on the similar course. Lastly, third hypothesis is getting partially accepted as non-linear patters are classified but not properly explained. The context of the underlying message is clear: management capital is required to utilize digital tools. The presence of a Facebook page or mere online existence cannot guarantee high productivity. Here, transactional ability is one of the vital tools. To attain the benefits of productivity, managers should highlight the tools that are incorporated as components to transactions and back-office processes, including payments, reconciliation, and compliance. Followingly, investing in employee training, process redesign, and also leave favorable operational KPIs that tie the adoption to quantifiable benefits. Policy remarks are complementary infrastructure required so that obstacles can be reduced to the adoption of online payments (interoperability, trust, merchant onboarding). It also needs to go hand in hand with management ability development so that firms can make more through adoption. 
The combined OLS, PSM, ML explainability and the PDPs; all tell one thing in support of a capability-based digital dividend: the productivity improvement is most evident when digitization becomes transactional and managerial capacity offers effective implementation.
[bookmark: _Toc221093079]Chapter 8: Conclusion
[bookmark: _Hlk220455794]The paper examines how the digitalization of firms impacts labor productivity using the Bangladesh WBES 2022 microdata and what capabilities can be digitized with significant influence. The findings support the potential of the digital dividend with respect to capability. It is seen in the output of fixed-effects OLS that the more the digital adoption index (digital index), the more the productivity. However, not all digital tools prove to be very helpful. The impact of the transactional tools, including online payment, is the most favorable one, and the mere presence of the web does not create any favorable situation, considering other variables are constant.
            The methodological approach used was beyond correlation and more about causality, along with non-linear prediction. Good covariate balance by propensity score matching (PSM) on online payment use (pay online) gave us an ATT of around 0.4096 log points. This demonstrates that organizations that have integrated digitally related users into the operations of their transactions are more appropriate. At our convenience, ML models were also utilized to uncover nonlinear patterns. Out of sample accuracy of tree-based models was ROC-AUC = 0.77. SHAP analysis has known that paying online and digital index were significant predictors, and managerial experience was a significant variable. The partial dependence plots show that there is a digital curve where having more than two digital tools results in higher productivity.

 
[bookmark: _Toc221093080]Suggestions for future research

The conclusions have three limitations. Firstly, the information is cross-sectional, and it is not possible to determine when the costs of adoption, learning or adjustment took place. Second, using matching or controls will not help to remove all bias of unobserved capabilities; all the instrumental-variable assumptions rest on exclusion restrictions that are not testable. Third, we used the experience in management as a proxy of quality of management rather than more practice-based measures.
Future research should employ panel data to estimate adoption trends and productivity payoffs or adopt quasi-experimental designs using exogenous shocks such as the adoption of payment infrastructure, implementing a platform, and manager training programs. These would help to distinguish the actual productivity effects of the selection bias and how a policy can transform the digital strategy into permanent productivity improvements.
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