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ABSTRACT

	This study develops and empirically evaluates data-driven compensation strategies based on productivity elasticity using employee-level panel data across manufacturing, information technology, and public sectors. It examines the nonlinear and heterogeneous relationship between salary and employee productivity and evaluates whether elasticity-based compensation improves productivity, efficiency, and wage–productivity alignment compared with traditional pay systems. The study adopts a quantitative research design integrating panel econometric modelling, structural equation modelling (SEM), Difference-in-Differences (DiD), and stochastic frontier analysis. Results indicate a positive and statistically significant effect of salary on productivity (β₁ = 0.287, p < 0.001), with diminishing marginal returns (β₂ = −0.064, p < 0.001). Significant heterogeneity in productivity elasticity is observed across sectors, with higher responsiveness in knowledge-intensive roles. Elasticity-based compensation increases productivity by approximately 8.3%, improves efficiency (0.82 vs 0.71), and reduces wage–productivity misalignment by about 30%. Dynamic panel estimates confirm sustained productivity gains from time-varying compensation. The findings demonstrate that elasticity-based, data-driven compensation systems provide a more efficient, adaptive, and equitable alternative to traditional salary structures.
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1. INTRODUCTION 

Compensation design is a central determinant of employee behavior, organizational performance, and long-term competitiveness. Traditional salary-setting practices, often based on tenure, job classifications, or market benchmarks, rely on static assumptions about worker contribution and frequently fail to reflect the dynamic relationship between pay and productivity. As organizations increasingly operate in data-rich environments, there is growing recognition that compensation systems must evolve toward analytically grounded approaches that align remuneration with measurable productivity outcomes.
Productivity elasticity, the responsiveness of output to changes in compensation, offers a powerful framework for understanding how salary adjustments influence employee performance. Unlike conventional performance-based pay systems that implicitly assume uniform or linear responses, elasticity-based approaches explicitly recognize heterogeneity in worker behavior, task complexity, and incentive sensitivity. By modelling marginal productivity responses to compensation changes, organizations can identify salary levels that maximize productivity while improving compensation efficiency.
Advances in data analytics and econometric modelling now enable estimation of productivity elasticity using granular employee-level data. These methods allow organizations to uncover nonlinear wage–productivity relationships and tailor compensation strategies to specific roles and contexts. However, existing research remains fragmented. While labor economics has extensively examined wage–productivity linkages and HRM literature has focused on incentive design, few studies integrate elasticity estimation with decision-oriented salary optimization.
This study addresses this gap by developing and empirically evaluating data-driven compensation strategies grounded in productivity elasticity. By combining panel econometrics, SEM, and efficiency analysis, the study demonstrates how elasticity estimates can be translated into actionable compensation policies. The contribution lies in bridging economic theory, advanced analytics, and managerial decision-making to support more efficient, equitable, and adaptive compensation systems. 
1.1 Review of Literature
1.1.1 Wage determination and productivity
The wage–productivity relationship is a foundational topic in labor economics. Classical theory links wages to marginal productivity, implying that compensation should reflect individual output contributions. Empirical evidence generally supports a positive association between wages and productivity, although causality remains debated. While productivity may lead to higher wages, efficiency wage theory emphasizes the reverse mechanism, whereby higher wages enhance productivity through increased effort, reduced turnover, and improved morale. Recent empirical studies across developing and emerging economies confirm that wage structures significantly influence labor productivity and organizational outcomes (Fortuin & Makoni, 2025; Mahy et al., 2021). In the Indian and South Asian context, wage dynamics have been shown to play a critical role in shaping competitiveness and labor efficiency, particularly within MSMEs and contract-based employment systems (Bashir et al., 2025; Mohite et al., 2025). These findings are consistent with earlier evidence on performance pay and productivity (Gutierrez et al., 2025; Li et al., 2025; Vora, 2026).
1.1.2 Incentive pay and performance-based compensation
Research on performance-based pay systems demonstrates that linking compensation to output can improve productivity, particularly when tasks are observable and incentives are well specified. Experimental and organizational studies indicate that pay-for-performance schemes can generate both incentive and sorting effects, enhancing creative and task-specific performance (Kim, 2025). However, most incentive models assume linear or homogeneous productivity responses to compensation, an assumption that may obscure diminishing returns and role specific variation. Empirical evidence from academic, public, and private sector organizations suggests that poorly calibrated incentive systems may lead to inefficiencies or unintended inequities (Adegoroe et al., 2025; Ga’al Ali et al., 2025). The findings extend classical incentive theory by incorporating elasticity-based responsiveness (Menicacci, 2025; Cabral et al., 2026).
1.1.3 Productivity elasticity as an analytical framework
Productivity elasticity provides a more precise analytical lens by measuring the responsiveness of output to marginal changes in compensation. Empirical studies increasingly document nonlinear and context dependent productivity responses, with diminishing marginal returns beyond certain wage thresholds (Rolim et al., 2023). Evidence from sectoral and firm-level analyses further suggests that wage responsiveness varies significantly across job categories and institutional settings, reinforcing the need for elasticity-based evaluation rather than average wage effects (Collins et al., 2025; Nugroho et al., 2025). Recent studies emphasize heterogeneous and nonlinear productivity responses across workers and firms (Zherlitsyn & Rekova, 2026; Gao et al., 2026).
1.1.4 Data-driven compensation design
Recent advances in analytics have enabled more granular modelling of wage–performance relationships using employee-level data. Data-driven compensation approaches emphasize evidence-based decision-making and increasingly incorporate digital HR systems and performance analytics (Gbadebo, 2025; Lusha, 2025). However, much of the existing literature prioritizes prediction over optimization, identifying correlations without explicitly determining optimal compensation levels that balance productivity gains and cost efficiency. While machine learning and data integration approaches have improved productivity monitoring, their application to compensation optimization remains limited (Pourrahimian et al., 2024). This aligns with emerging work on HR analytics and data-driven decision-making (Karsim et al., 2025; Chowdhury et al., 2026).
1.2 Research Gap
Three gaps emerge from the literature: limited treatment of heterogeneity and nonlinearity in compensation responses; insufficient translation of elasticity estimates into actionable salary strategies; and an emphasis on prediction rather than optimization in data-driven compensation research. This study addresses these gaps by integrating productivity elasticity estimation with optimization-oriented compensation design.
1.3 Hypotheses
This study formulates all hypotheses in strict null (H₀) form, in line with econometric and structural equation modelling (SEM) conventions:
H₀1: Salary has no statistically significant effect on employee productivity.
H₀2: Productivity elasticity with respect to salary does not vary across employees or job categories.
H₀3: The relationship between salary and productivity is linear, exhibiting no diminishing marginal returns.
H₀4: Productivity outcomes under elasticity-based compensation strategies are equivalent to those under traditional compensation systems.
H₀5: Elasticity-based compensation strategies do not increase productivity per unit of salary expenditure.
H₀6: Elasticity-based compensation does not reduce wage–productivity misalignment.
H₀7: Time-varying, elasticity-based compensation does not improve productivity compared with static salary structures.
1.4 Conceptual Framework
Fig 1 presents the conceptual framework underpinning the study, depicting the hypothesized relationships among compensation, productivity, and alternative compensation regimes. The framework highlights both the direct and nonlinear effects of salary on productivity, as well as heterogeneity in productivity responses across job categories. It further distinguishes between traditional and elasticity-based compensation structures, clarifying the channels through which compensation design may influence productivity outcomes and motivating the set of empirical hypotheses examined in the subsequent analysis.
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Fig 1. Conceptual framework 

2. methodology 

2.1 Data and Sample
The empirical analysis is based on a balanced multi-period employee-level panel dataset constructed from anonymized organizational records across manufacturing, information technology, and public sector entities. The dataset comprises 1,186 employees observed over multiple time periods, yielding 8,420 observations. Data were compiled from internal HR databases and performance management systems, ensuring consistency in measurement across time. Compensation variables include base salary, bonuses, and total remuneration, all adjusted for inflation using appropriate price indices. Productivity is measured using sector-specific indicators such as output per labor hour (manufacturing), project completion and quality metrics (IT), and service delivery outcomes (public sector). Observations with missing values and extreme outliers were excluded using standard trimming procedures to ensure robustness.
2.2 Measurement of Key Constructs
The key constructs in this study are measured as follows. Productivity is captured using observed output indicators or, in SEM models, as a latent construct comprising quantity, quality, and efficiency metrics. Compensation is measured as the logarithm of total salary, which allows for proportional interpretations, with alternative specifications also considering base pay and performance-linked incentives. Productivity elasticity is defined as the percentage change in productivity resulting from a 1% change in compensation, estimated directly from the coefficients on log-transformed salary in the econometric models.
2.3 Econometric Model Specification
The primary empirical framework integrates panel econometrics and structural equation modelling (SEM) to examine the wage–productivity relationship, account for heterogeneity, and assess the effectiveness of elasticity-based compensation. As illustrated in Fig 2, SEM complements the panel estimations by modelling latent productivity and compensation constructs, and by evaluating alignment and heterogeneity effects across individuals and job categories.
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Fig 2: Model architecture
2.3.1 Baseline panel model

Where:
: Unobserved individual heterogeneity
: Control variables (experience, education, task complexity)
: Time fixed effects
2.3.2 Hypothesis alignment
— tests the linear effect of salary on productivity
— tests the nonlinear (diminishing returns) effect of salary
tests variation in across groups or random slopes
incorporates lagged salary and productivity to assess dynamic effects
2.3.3 Dynamic and endogeneity considerations
To address potential reverse causality and omitted variable bias, the analysis employs system GMM estimators, using lagged salary and productivity as instruments. Model validity is assessed through Hansen tests for instrument exogeneity and Arellano–Bond tests for serial correlation in residuals.
2.3.4 Justification of integrated methodological approach
The study adopts a multi-method approach to address distinct but complementary research objectives. Panel econometric models estimate the core wage–productivity relationship and test for nonlinearity (H₀1, H₀3). Random-coefficient models capture heterogeneity in productivity elasticity (H₀2). Difference-in-Differences (DiD) is used to evaluate causal effects of elasticity-based compensation (H₀4). Stochastic frontier analysis assesses efficiency in compensation allocation (H₀5), while quantile-based measures evaluate wage–productivity alignment (H₀6). Finally, dynamic panel (GMM) estimation captures persistence and endogeneity in productivity (H₀7). This integrated framework ensures that each methodological tool is aligned with a specific hypothesis, thereby avoiding redundancy and enhancing analytical rigor. The dynamic specification follows the system GMM framework (Alalmai, 2025); Edokpa & Akpadaka, 2025).
2.4 Structural Equation Modelling (SEM)
Structural equation modelling (SEM) complements the panel models by estimating latent constructs of productivity and evaluating the alignment between compensation and performance. The SEM framework consists of two components:
2.4.1 Measurement model
Latent Productivity is indicated by observed metrics such as output quantity, quality, and efficiency.
Latent Compensation Incentive is captured through salary, bonus intensity, and pay growth.
2.4.2 Structural model

2.4.3 Hypothesis alignment
H₀1: λ₁ = 0
H₀2: Multigroup SEM by job category
H₀4: Comparison of traditional vs elasticity-based compensation groups
H₀6: Reduction in error covariance between salary and productivity
2.4.4 Model fit assessment
Model adequacy is evaluated using standard fit indices, including the Comparative Fit Index (CFI), Tucker–Lewis Index (TLI), Root Mean Square Error of Approximation (RMSEA), and Standardized Root Mean Square Residual (SRMR).
2.5 Linking Hypotheses to Empirical Tests
Table 1 provides a comprehensive mapping of the research hypotheses to the corresponding variables, econometric models, and statistical tests, ensuring transparency and replicability in the empirical analysis. Each hypothesis is linked to the appropriate estimation strategy and test statistic, facilitating clear interpretation of the results.
Table 1. Linking hypotheses to empirical tests
	Hypothesis
	Key Variables
	Model / Test
	Test Statistic

	H₀1
	Productivity, Salary
	Fixed-/Random-effects panel
	t-test on β₁

	H₀2
	Productivity, Salary, Job Category
	Random-coefficient / interaction models
	Wald / Likelihood ratio test

	H₀3
	Productivity, Salary, Salary²
	Nonlinear panel regression
	t-test on β₂

	H₀4
	Productivity, Treatment Indicator
	Difference-in-Differences (DiD)
	DiD estimator significance

	H₀5
	Productivity / Salary
	Stochastic frontier / efficiency regression
	Efficiency score comparison

	H₀6
	Wage–productivity gap
	Quantile regression / Gini/Theil index
	Bootstrap significance

	H₀7
	Productivity, Time-varying Salary
	Dynamic panel (GMM)
	Hansen / coefficient significance


2.6 Sector-Specific Model Adaptation
The empirical methodology is adapted to reflect sector-specific productivity characteristics and institutional contexts. In manufacturing settings, productivity is measured as defect-adjusted output per labor hour, and the analysis combines panel regression models with stochastic frontier techniques to examine diminishing marginal returns to compensation and efficiency differences, directly addressing hypotheses H₀3 and H₀5. In information technology and other knowledge-intensive sectors, productivity is captured through indicators such as project completion rates, code quality, and revenue per employee. These settings employ structural equation modelling alongside random-coefficient panel models to account for heterogeneity across workers and firms and to assess dynamic productivity elasticity, corresponding to hypotheses H₀2 and H₀7. In the public sector, productivity is measured using service delivery and case resolution outcomes, with fixed-effects models and Difference-in-Differences designs used to evaluate equity considerations and wage–productivity alignment under alternative compensation regimes, consistent with hypotheses H₀4 and H₀6.
2.7 Evaluation of Elasticity-Based Compensation
The evaluation of elasticity-based compensation focuses on both effectiveness and efficiency. Effectiveness is assessed by comparing productivity outcomes under elasticity-informed pay structures with those under traditional compensation using a Difference-in-Differences (DiD) framework. Efficiency is evaluated through productivity-to-salary ratios and stochastic frontier analysis to estimate relative performance. To ensure robustness, the analysis incorporates alternative productivity measures, different definitions of compensation, quantile regressions, sub-sample analyses, and clustered standard errors to account for intra-firm correlation and potential heterogeneity across employees and organizational contexts.
Fig 3 illustrates the identification strategy used to evaluate the effects of elasticity-based compensation. The figure presents a Difference-in-Differences framework comparing productivity trajectories of treatment and control groups before and after the adoption of elasticity-based pay, and overlays efficiency and productivity-to-salary comparisons used to assess post-treatment performance.
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Fig 3. Identification strategy  

3. results and discussion
To improve interpretability, results are presented sequentially, linking each empirical finding directly to the corresponding hypothesis.

3.1 Descriptive Statistics
Table 2 reports summary statistics for the key variables used in the empirical analysis. All monetary variables are expressed in real terms, and productivity measures are normalized within sectors to facilitate comparability across organizational contexts. The productivity index has a mean of 1.000 by construction, with moderate dispersion, reflecting substantial variation in individual performance. Log monthly salary exhibits a relatively narrow distribution, while experience and tenure display considerable heterogeneity, capturing differences in human capital accumulation and organizational attachment across employees. The job complexity index is standardized to have a mean of zero and a unit standard deviation, indicating a balanced spread of task difficulty levels in the sample. Collectively, these statistics suggest sufficient variation in both compensation and productivity related characteristics to support the subsequent econometric analyses.
Table 2. Descriptive statistics
	Variable
	Mean
	Std. Dev.
	Min
	Max

	Productivity Index
	1.000
	0.214
	0.42
	1.89

	Monthly Salary (log)
	10.24
	0.31
	9.45
	11.12

	Experience (years)
	9.6
	6.1
	1
	32

	Tenure (years)
	6.4
	4.8
	0.5
	25

	Job Complexity Index
	0.00
	1.00
	−2.11
	2.76



3.2 Baseline Panel Regression Results
Table 3 presents fixed-effects panel regression estimates assessing the relationship between compensation and employee productivity. The results indicate a positive and highly statistically significant association between salary and productivity, with the coefficient on the logarithm of salary equal to 0.287 (p < 0.001), providing strong evidence against the null hypothesis of no salary effect (H₀1). The squared salary term is negative and statistically significant (−0.064, p < 0.001), indicating diminishing marginal returns to compensation and thus rejecting the linearity hypothesis (H₀3). Among the control variables, experience, tenure, and job complexity all exhibit positive and statistically significant effects on productivity, suggesting that human capital accumulation and task demands play meaningful roles in shaping output. The model includes both individual and time fixed effects, controlling for unobserved heterogeneity and common temporal shocks. Overall, the model explains a substantial share of within employee variation in productivity, with an adjusted R² of 0.42 based on 8,420 observations across 1,186 employees.
Table 3. Fixed-effects panel regression results
	Variable
	Coefficient
	Std. Error
	t-Statistic
	p-Value

	ln(Salary)
	0.287
	0.041
	7.00
	<0.001

	ln(Salary)²
	−0.064
	0.018
	−3.56
	<0.001

	Experience
	0.012
	0.004
	3.00
	0.003

	Tenure
	0.006
	0.003
	2.00
	0.045

	Job Complexity
	0.051
	0.014
	3.64
	<0.001

	Time Fixed Effects
	Yes
	
	
	

	Individual Fixed Effects
	Yes
	
	
	


			
3.3 Heterogeneity in Productivity Elasticity
Table 4 reports sector-specific estimates of productivity elasticity with respect to salary obtained from random-coefficient models. The results reveal substantial heterogeneity both across and within sectors. Mean elasticity is highest in the information technology sector (0.34), followed by manufacturing (0.21), and is lowest in the public sector (0.14). Within sector dispersion is also pronounced, particularly in IT, where elasticity ranges from 0.07 to 0.71, indicating wide differences in individual responsiveness to compensation. Manufacturing displays moderate variability, while the public sector shows comparatively limited dispersion. A likelihood ratio test strongly rejects the restriction of homogeneous elasticities across sectors (χ²(2) = 31.6, p < 0.001), providing clear evidence against the null hypothesis of uniform productivity elasticity (H₀2). Overall, the findings suggest that compensation–productivity linkages are highly context dependent, with knowledge intensive environments exhibiting the greatest responsiveness and heterogeneity.
Table 4. Estimated productivity elasticity by sector
	Sector
	Mean Elasticity
	Std. Dev.
	Min
	Max

	Manufacturing
	0.21
	0.09
	0.05
	0.42

	IT
	0.34
	0.17
	0.07
	0.71

	Public Sector
	0.14
	0.06
	0.03
	0.29



3.4 Difference-in-Differences Results
Table 5 reports the results from the Difference-in-Differences (DiD) analysis used to evaluate the impact of elasticity-based compensation strategies on employee productivity. The interaction term between treatment status and the post-intervention period is positive and highly statistically significant, with an estimated coefficient of 0.083 (p < 0.001), indicating that employees exposed to elasticity-based compensation experienced an average productivity increase of approximately 8.3 percent relative to those under traditional pay schemes. In contrast, the standalone treatment indicator is not statistically significant, suggesting no systematic productivity differences between treatment and control groups prior to the intervention. The post-intervention indicator is positive and statistically significant, reflecting common productivity trends over time. Taken together, these findings provide strong evidence against the null hypothesis of equivalent productivity outcomes under traditional and elasticity-based compensation systems (H₀4).
Table 5. Difference-in-differences estimates
	Variable
	Coefficient
	Std. Error
	p-Value

	Treatment × Post
	0.083
	0.019
	<0.001

	Treatment
	0.012
	0.014
	0.392

	Post
	0.027
	0.011
	0.014



3.5 Compensation Efficiency Analysis
Table 6 reports the results of the compensation efficiency analysis based on stochastic frontier estimation, which evaluates productivity relative to salary expenditure under alternative pay structures. Employees operating under elasticity-based compensation exhibit a substantially higher mean efficiency score (0.82) compared with those under traditional salary systems (0.71), indicating more productive use of compensation resources. The difference in mean efficiency scores is economically meaningful (0.11) and statistically significant (t-test, p < 0.001), with lower dispersion observed under the elasticity-based regime. These findings demonstrate that elasticity-informed compensation strategies generate higher productivity per unit of salary expenditure, providing strong evidence against the null hypothesis of no efficiency improvement (H₀5). Efficiency analysis follows standard stochastic frontier approaches (Dwipatna, 2025; Ralea et al., 2025).
Table 6. Compensation efficiency scores
	Compensation Strategy
	Mean Efficiency
	Std. Dev.

	Traditional Salary System
	0.71
	0.08

	Elasticity-Based System
	0.82
	0.06



3.6 Wage–Productivity Alignment
Table 7 reports measures of wage–productivity misalignment based on absolute deviation indices under alternative compensation regimes. The results indicate that misalignment is substantially lower under elasticity-based compensation, with a mean index value of 0.129 compared with 0.184 under traditional pay structures. A bootstrap test confirms that this difference is statistically significant (p < 0.01). In proportional terms, elasticity-based compensation reduces wage–productivity misalignment by approximately 30 percent, providing clear evidence against the null hypothesis of no improvement in alignment between wages and productivity (H₀6).
Table 7. Wage–productivity misalignment index
	Compensation Regime
	Mean Index

	Traditional
	0.184

	Elasticity-Based
	0.129


3.7 Dynamic Panel Results
Table 8 presents the dynamic panel estimates obtained using the System GMM estimator to capture persistence in productivity and to address potential endogeneity in compensation. The coefficient on lagged productivity is positive and highly statistically significant (0.462, p < 0.001), indicating substantial productivity persistence over time. The contemporaneous effect of salary remains positive and statistically significant (0.241, p < 0.001), suggesting that compensation continues to influence productivity even after accounting for dynamic adjustment. Diagnostic tests support the validity of the GMM specification: the Hansen test fails to reject the null of instrument validity (p = 0.37), and the Arellano–Bond AR(2) test indicates no evidence of second order serial correlation (p = 0.41). Overall, the results imply that time-varying, elasticity-based salary adjustments generate sustained productivity gains, providing strong evidence against the null hypothesis of no dynamic improvement in productivity (H₀7).
Table 8: Dynamic panel estimates
	Variable
	Coefficient
	Std. Error
	p-Value

	Lagged Productivity
	0.462
	0.051
	<0.001

	ln (Salary)
	0.241
	0.067
	<0.001



3.8 Discussion
3.8.1 Key findings
The findings provide robust evidence that compensation strategies grounded in productivity elasticity outperform traditional salary systems. Salary has a positive but nonlinear effect on productivity, confirming diminishing marginal returns at higher pay levels. This underscores the inefficiency of uniform salary increments and rigid pay scales. Substantial heterogeneity in productivity elasticity highlights the limitations of one-size-fits-all compensation policies. Knowledge intensive roles exhibit higher and more dispersed elasticity, whereas public sector roles show lower but more stable responsiveness. Elasticity-based compensation delivers higher productivity, improved efficiency, and reduced wage–productivity misalignment without proportionate increases in labor costs.
These findings are consistent with recent empirical evidence highlighting nonlinear wage–productivity relationships and diminishing marginal returns. The observed heterogeneity aligns with sectoral studies emphasizing context-specific wage responsiveness. Furthermore, the efficiency gains from elasticity-based compensation support emerging literature on analytics-driven HR decision-making and compensation optimization, extending prior work that largely focused on predictive rather than optimization frameworks. These results are also relevant in the context of algorithmic management and AI-driven HR systems (Anajjar, 2026; Harsh & Harsh, 2026).
3.8.2 Theoretical implications
The study extends marginal productivity theory by demonstrating nonlinear and heterogeneous wage–productivity relationships at the employee level. It refines efficiency wage and incentive theories by emphasizing marginal responsiveness rather than wage levels alone. Methodologically, the integration of elasticity estimation with optimization frameworks bridges the gap between theoretical wage models and practical compensation design.
3.8.3 Managerial and policy implications
Managers should base compensation decisions on estimated productivity elasticity rather than static benchmarks. Targeted salary adjustments can enhance productivity while containing labor costs. Elasticity-based systems also improve perceived fairness by aligning pay more closely with measurable productivity. For policymakers, especially in the public sector, elasticity-informed pay reforms offer a data supported balance between performance incentives and equity.
3.8.4 Limitations and future research
Limitations include potential measurement error in productivity indicators and the inability to fully capture long term behavioral responses. Future research may incorporate behavioral factors, cross-country comparisons, and real time adaptive compensation systems. 
While the study provides robust empirical evidence, certain limitations should be acknowledged. First, productivity measures, although sector-specific, may not fully capture qualitative dimensions of performance. Second, the use of organizational data may introduce measurement constraints related to reporting consistency. Third, the analysis focuses on short- to medium-term effects and does not fully capture long-term behavioral responses to compensation changes. Future research may incorporate behavioral factors, cross-country comparisons, and real-time adaptive compensation systems using machine learning approaches.
Ethics Statement
This study is based on anonymized secondary data obtained from organizational sources. No personally identifiable information was used, and all analyses comply with standard ethical guidelines for research.

4. Conclusion

This study demonstrates that data-driven compensation strategies grounded in productivity elasticity provide a superior foundation for modern salary design. Using integrated econometric, structural, and efficiency analyses, the findings show that elasticity-based compensation improves productivity, enhances compensation efficiency, and reduces wage–productivity misalignment relative to traditional pay structures.
Salary effects on productivity are positive but nonlinear, with clear evidence of diminishing returns and substantial heterogeneity across employees and sectors. These results challenge the continued reliance on uniform or rule-based compensation systems and highlight the value of tailoring pay to marginal productivity responses. Dynamic elasticity-based adjustments further generate sustained productivity gains, reinforcing the strategic importance of adaptive compensation systems.
By operationalizing productivity elasticity within a data-driven optimization framework, the study advances wage determination theory and provides actionable guidance for practitioners. As organizations increasingly adopt analytics-driven decision-making, elasticity-based compensation offers a robust, efficient, and equitable approach to aligning pay with performance.

[bookmark: _Hlk218868534]
[bookmark: _Hlk221624953]Disclaimer (Artificial intelligence)

Author hereby declares that NO generative AI technologies such as Large Language Models (ChatGPT, COPILOT, etc.) and text-to-image generators have been used during the writing or editing of this manuscript. 


References

1. Fortuin, M. J., & Makoni, P. L. (2025). Labor productivity, wages, and social welfare: Implications for South Africa’s budget deficit and fiscal policy. Social Sciences, 14, 716, 1–25. https://doi.org/10.3390/socsci14120716 
2. Mahy, B., Rycx, F., Vermeylen, G., & Volral, M. (2021). Productivity and wage effects of firm‐level upstreamness: Evidence from Belgian linked panel data. The World Economy, 45(7), 2222–2250. https://doi.org/10.1111/twec.13227 
3. Bashir, M. A., Rather, A. R., Shameem, S., & Rasool, S. (2025). The wage divide: Analyzing wage disparities between contract and permanent workers. South India Journal of Social Sciences, 23(6), 56–60. https://doi.org/10.62656/sijss.v23i6s.2234
4. Mohite, R. A., Patil, R., Ghunnar, P., Pisal, R., Vasudevan, A., & Akre, S. (2025). Empirical insights into wage dynamics and ‎marketing competitiveness: a systematic review of India’s MSME sector. International Journal of Accounting and Economics Studies, 12(8), 530–540. https://doi.org/10.14419/ha3yzf61 
5. Gutierrez, C., Obloj, T., & Zenger, T. (2025). Pay transparency and productivity. Strategic Management Journal, 46(8), 1831–1860. https://doi.org/10.1002/smj.3707
6. Li, Y., Jiang, H., & Yang, M. (2025). Can different policy interventions work complementarily? —A survey experiment on policy compliance. Review of Policy Research, 42(4), 1022–1049. https://doi.org/10.1111/ropr.70005
7. Vora, A. (2026). Pay transparency and the gender wage gap in Germany: A quasi-experimental assessment. American Journal of Student Research, 4(1), 217–225. https://doi.org/10.70251/hyjr2348.41217225
8. Kim, J. H. (2025). Experimental examination of the incentive and sorting effects of pay-for-performance on creative performance. Journal of Applied Psychology, 110(4), 598–617. https://doi.org/10.1037/apl0001245
9. Adegoroe, A. A., Usman, T. A., & Moronfoye, M. O. (2025). Effect of compensation administration on performance of academic staff in universities in Kwara and Osun states, Nigeria. International Journal of Management Science and Business Analysis Research, 9(7), 41–52. https://doi.org/10.70382/caijmsbar.v9i7.038
10. Ga’al Ali, A., Mohamud Omar, A., & Ilyas Osman, A. (2025). The role of employee compensation on organizational productivity among small business in Banadir Region, Mogadishu, Somalia. Qubahan Academic Journal, 5(4), 177–193. https://doi.org/10.48161/qaj.v5n4a1771 
11. Menicacci, L. (2025). Real effects of investment tax incentives: Evidence from Italian private firms. Journal of Management and Governance, 29(2), 409–451. https://doi.org/10.1007/s10997-024-09733-9
12. Cabral, S., da Costa, M. M., Firpo, S., Monteiro, J., & Viotti, L. T. (2026). Incentive‐Based compensation in police forces. Journal of Policy Analysis and Management, 45(2), 1–14. https://doi.org/10.1002/pam.70094
13. Rolim, L. N., Baltar, C. T., & Lima, G. T. (2023). Income distribution, productivity growth, and workers’ bargaining power in an agent-based macroeconomic model. Journal of Evolutionary Economics, 33(2), 473–516. https://doi.org/10.1007/s00191-022-00805-3
14. Collins, L. A., Goodwin, B. K., & Ramsey, A. F. (2025). Labor market volatility in the meat processing sector. Agricultural and Resource Economics Review, 54(2), 372–386. https://doi.org/10.1017/age.2025.10009
15. Nugroho, E. J., Hutajulu, H., & Mollet, A. (2025). The influence of wages and allowances on productive working hours and business income at PT Hai Wah Talbuk Timika. Journal of Multidisciplinary Academic and Practice Studies, 2(1), 1–19. https://doi.org/10.35912/jomaps.v1i2.3363
16. Zherlitsyn, D., & Rekova, N. (2026). Comparative analysis of labor markets in bulgaria, italy, and the UK: Wage dynamics, labor costs, and digital development. Economies, 14(1), 1–20. https://doi.org/10.3390/economies14010013
17. Gao, Y., Zhang, X., & Tang, J. (2026). The impact of the industrial internet on the new quality productivity of distribution enterprises. Journal of Global Economy, Business and Finance, 8(2), 61–66. https://doi.org/10.53469/jgebf.2026.08(02).07
18. Gbadebo, A. D. (2025). Electronic human resource management and organizational performance. International Journal of Applied Research in Business and Management, 6(5), 1–18. https://doi.org/10.51137/wrp.ijarbm.469
19. Lusha, E. (2025). Organizational productivity and employee performance in the era of digital technological innovation. Interdisciplinary Journal of Research and Development, 12(3), 102. https://doi.org/10.56345/ijrdv12n312 
20. Pourrahimian, E., Eltahan, A., Salhab, D., Crawford, J., AbouRizk, S., & Hamzeh, F. (2024). Integrating expert insights and data analytics for enhanced construction productivity monitoring and control: A machine learning approach. Engineering, Construction and Architectural Management, 33(1), 856–872. https://doi.org/10.1108/ecam-02-2024-0268
21. Karsim, K., Loliyani, R., Loliyana, R., & Salma, N. (2025). HR analytics and big data: Transforming talent management and workforce planning in the digital economy. Journal of Economics and Management Scienties, 7(4), 475–481. https://doi.org/10.37034/jems.v7i4.96
22. Chowdhury, T. N., Hossain, Md. J., & Rahman, M. A. (2026). Using evidence-based management and HR analytics in Bangladesh: How these affect organizational performance? Global Journal of Human Resource Management, 14(1), 19–41. https://doi.org/10.37745/gjhrm.2013/vol14n11941
23. Alalmai, S. (2025). Resilience of Islamic and conventional banks in the GCC during ‎systemic crises: Evidence from A dynamic panel GMM framework. International Journal of Accounting and Economics Studies, 12(6), 603–614. https://doi.org/10.14419/9cfj1256
24. Edokpa, S. I., & Akpadaka, O. S. (2025). Dynamic determinants of share price in emerging markets: Evidence from system GMM estimation in Nigeria. Quantitative Economics and Management Studies, 6(1), 108–119. https://doi.org/10.35877/454ri.qems3959
25. Dwipatna, I. M. J. A. (2025). Efficiency of Indonesian government education spending: A stochastic frontier analysis approach. Journal of Developing Economies, 10(2), 236–248. https://doi.org/10.20473/jde.v10i2.77487
26. Ralea, I.-A., Pintilescu, C., Iulia-Oana, Ștefanescu, & Aivaz, K.-A. (2025). Data-Driven efficiency analysis of EU higher education systems using stochastic frontier models. Systems, 14(1), 1–28. https://doi.org/10.3390/systems14010049
27. Anajjar, N. (2026). Globalization as a contested cultural terrain: Identity, media, and hybridization in Morocco. Integrated Journal for Research in Arts and Humanities, 6(1), 11–14. https://doi.org/10.55544/ijrah.6.1.2
28. Harsh, O. K., & Harsh, A. (2026). Research on the application of artificial intelligence for human resource management through knowledge resources. Indonesian Journal of Economics, Business, Accounting, and Management (IJEBAM), 3(8), 18–34. https://doi.org/10.63901/ijebam.v3i8.160



image1.png
© Direct Effect: f, / Traditional Compensation

© Nonlinear Effect: f,

Heterogeneity

X — (Ho) Productivity

Productivity Alignment
Cost Efficiency




image2.png
Panel Regression Models

In.(Productivity) =, + By In(Salary,) +
Bin(Salary, P+ x,+ ¢,
o Fixed Effects g,

« Nonlinesr Terms fIn(Salary, )

© Interactions f,slopes fo different
Job Categories/ Groups

 Control Variables Experience,
Education, Task Complexity.

© Lagged Salaryl, —» Salary/us

© Instrument Variables b Xt
Compensation, Compensation,
Productvitylagged  Productivity
levels lagged levels

( (‘Quantity ) ("Quality ) Efficiency

(T (=R

(PayGrowth )

Structural Paths

Productivty

=2, Shiary &, Mothation + 2, kils + 3

Measurment Mode

Quantity | - Quality |- Effciency

Dynamic Panel GMM Extension |

Structural Equation Modeling (seM) |

Hypotheses and Estimation
Techniques

Ho; No effect of salary on
productiviy (B

Ho, Homogencous or
heterogeneous efects
Wariation n )

Hos Relatonship betweensalary
and productiviy s linear
(#:=0)

Ho, Traditionsl vs elasicty-based
pay comparison

Hos Increasing productivity
per unit of salary expen-

Hog Improved wage-productivy
lignment

Hos Dynamic lageed-efects
modelin (Granger cauaiy)




image3.png
iy O e

Productivty Increase |
(DID Estimator Hos!

Productivity

(Coamilor i 1
Traditional Compensation: |
Fixed Salary, Bonuses. e
== Productivity Gain |
(Treatment Effect) |

0

1

o After
11 | Treatment Treatment
1 Before 2 tz .  Postntervention t3 t4
Treatment Pay Structure Adoption Period
& Imervention
% Manufacturing '

Productivity = Defect-Adjusted
Output/ Labor Hour

Hoy No effect of salary on productivity
B:=0)

Ho, Homogeneous or heterogeneous
effects

Ho, Pelationship between salary and
productivity is linear (8= 0)

Hou Productivity = elasticity-based pay
comparison

Hos Post-Treatment Effciency Frontier
Hos

Hoy Dynaric, lagged-effects modeling
(Granger causality)

B3 Information Technology/ Knowledge-Intensive
Productivity = Revenue / Employee i

D
T
offl Manufacturing M Public Sector == ! > ey,
T6 prodviy
Productivity = Defect-Adjusted Productivity= Service Delivery/ Throughput  tz, - toSalary Ratio
Output / Labor Hour -

Time t




