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Abstract 

This study presents a comprehensive, interpretable machine learning analysis of the 2024 

Stack Overflow Developer Survey to investigate the market value of developer skills and the 

effectiveness of various learning pathways. Employing XGBoost models and SHAP (Shapley 

Additive Explanations) value interpretation, we estimate skill premiums, value impacts, and 

learning method ROI across developer subgroups. Results reveal that while experience remains 

the strongest compensation driver, specific technical skills (notably in cloud computing, AI/ML, 

and DevOps) yield substantial market premiums. Learning approaches emphasizing 

documentation and community engagement demonstrate the highest ROI, with effectiveness 



varying by career stage and role. The findings inform both human capital theory and HRD 

practice by (1) quantifying the relative value of specific technical skills across contexts; (2) 

identifying optimal learning pathways for different career stages; and (3) providing actionable 

frameworks for skill investment and learning resource allocation. The Learning Pathway Matrix, 

derived from the analysis, offers HRD professionals a strategic tool to align workforce 

development with market demands and organizational goals. This research establishes a 

methodological foundation for evidence-based HRD in technical domains and bridges the gap 

between data-driven skill valuation and strategic human resource development. 

Keywords: Skills analytics; Human resource development; Explainable AI; Learning 

pathways; XGBoost 

  



Introduction 

Background and Rationale 

The rapid evolution of technology has intensified the demand for skilled software 

developers, challenging organizations to identify which technical skills yield the highest market 

value and which learning pathways most effectively foster these competencies. Despite the 

proliferation of learning resources and the increasing complexity of technical roles, human 

resource development (HRD) professionals lack robust, empirical frameworks to guide skill 

investment and learning strategy. This gap has significant implications for both individual career 

development and organizational performance in the knowledge economy. The growing 

importance of technical skills in the digital economy has been well-documented (World 

Economic Forum, 2024), yet organizations continue to struggle with aligning workforce 

development initiatives to changing technological demands. According to Deloitte’s 2023 Global 

Human Capital Trends report, 72% of organizations report significant skill gaps in technical 

domains, with 65% lacking confidence in their learning and development approaches (Schwartz 

et al., 2023). This challenge is particularly acute in software development, where the rapid pace 

of technological change creates a constantly evolving landscape of valuable skills and 

competencies (Chun & Katuk, 2021). 

Traditional approaches to HRD in technical domains have been hindered by several 

limitations. First, skill valuation has typically relied on subjective assessments or aggregate 

market reports that lack granularity and context-specificity (Garavan et al., 2021). Second, 

learning pathway optimization has often been based on anecdotal evidence or general learning 

theories rather than empirical data on effectiveness (Duvivier et al., 2022). Finally, most HRD 

frameworks treat skill valuation and learning optimization as separate concerns, failing to 



integrate these dimensions into a coherent strategic approach (Swanson & Holton, 2009). This 

study addresses these limitations by applying interpretable machine learning techniques to large-

scale developer survey data, providing both rigorous evidence on skill valuation and actionable 

insights for learning pathway optimization. By integrating these dimensions, we develop a 

comprehensive framework for strategic HRD in technical domains that can guide both individual 

development and organizational workforce planning. This novel approach is in line with 

emerging calls for strategic human capital analytics to inform HR decisions (Samson & 

Bhanugopan, 2022). 

Research Questions and Logical Flow 

This study addresses four interrelated research questions, each building logically upon the 

last to form a comprehensive HRD strategy framework: 

1. RQ1: What drives value? What technical skills, learning approaches, and other factors 

most significantly influence developer market value (as measured by compensation)? 

(Key drivers identified via mean absolute SHAP values.) 

2. RQ2: What is the premium/ROI potential? What is the estimated market premium 

associated with specific skills and learning approaches, and what is the potential return on 

investment (ROI) for different learning pathways? (Premiums estimated using mean 

SHAP values and a value impact formula.) 

3. RQ3: How does value vary? How does the market value of skills and the effectiveness of 

learning approaches vary across career stages, job roles, and regions? (Subgroup 

variation analyzed via stratified SHAP and premium calculations.) 

4. RQ4: How can explainable AI guide HRD? How can interpretable machine learning 

insights be translated into actionable HRD strategies for skill development and learning 



resource allocation? (Learning effectiveness/ROI synthesized into a “Learning Pathway 

Matrix.”) 

By addressing these questions, the research bridges the gap between data-driven skill 

valuation and actionable HRD practice, providing both theoretical insight and practical tools for 

workforce development. This integrated approach aligns with Swanson’s (2001) tripartite 

framework of HRD theory, which emphasizes the interconnections between psychological, 

economic, and systems theories in effective human resource development. The progression of the 

research questions follows a logical sequence that moves from descriptive understanding 

(identifying what drives value) to prescriptive application (determining how to optimize learning 

pathways). This structure reflects the strategic HRD process described by Gilley et al. (2002), 

which underscores the importance of evidence-based decision-making in workforce development 

initiatives. By integrating advanced machine learning techniques with established HRD 

frameworks, this study extends both the methodological and theoretical boundaries of the field. 

  



Literature Review and Theoretical Framework 

Human Capital Theory and Skill Valuation 

Human capital theory (Becker, 1964) provides a foundational lens for understanding the 

economic value of skills and knowledge. In this framework, skills are viewed as investments that 

yield returns through increased productivity and earnings (Card, 1999). Individuals and 

organizations make rational decisions about skill acquisition based on expected returns, 

balancing the costs of development against projected benefits. However, applying human capital 

theory to technical domains introduces several challenges due to rapid skill obsolescence, high 

specificity of technical competencies, and complex interactions among different skills. 

Traditional human capital research has focused on formal education as a proxy for skill, 

associating wage premiums with higher education levels (Card, 1999). Yet, in technical fields, 

granular skills (e.g., proficiency in specific programming languages or platforms) are often more 

relevant for labor market outcomes than general educational attainment. Recent studies have 

begun to address this limitation by examining returns to specific technical competencies. For 

example, Deming (2017) highlighted the importance of combinations of cognitive and social 

skills for career advancement in technical roles, while Chun and Katuk (2021) demonstrated 

differential returns to various programming languages depending on their application domains 

and market demand. 

The literature on skill valuation in technical fields has also identified significant 

limitations in current approaches. First, most studies examine individual skills in isolation, 

failing to account for the interaction effects and complementarities that characterize real-world 

skill portfolios (Brynjolfsson & Mitchell, 2017). Second, research on skill value typically 

employs static models that do not account for the dynamic nature of technology markets, where 



skill premiums can change rapidly with technological shifts (Autor, 2015). Finally, existing 

studies often treat the developer population as homogeneous, overlooking important variations 

by role, career stage, and organizational context (Chun & Katuk, 2021). This study addresses 

these gaps by employing a comprehensive approach that examines both individual skills and 

their interactions, accounts for contextual factors such as career stage and role specialization, and 

utilizes interpretable machine learning to model complex relationships between skills and market 

outcomes. By applying SHAP (Shapley Additive Explanations) analysis, we can identify not 

only which skills are most valuable, but also how this value varies across different segments of 

the developer population. This approach aligns with Mincer’s (1974) extended human capital 

model, which emphasizes the importance of context-specific factors in determining returns to 

human capital investments. 

Adult Learning Theory and Learning Pathways 

The technical learning landscape has evolved dramatically in recent decades, 

transitioning from primarily institution-based education to a diverse ecosystem encompassing 

formal education, intensive bootcamps, self-directed learning, mentorship, and community-based 

approaches (Duvivier et al., 2022). This evolution reflects broader trends in adult learning 

theory, which emphasizes self-direction, experiential learning, and the importance of context in 

skill acquisition (Knowles et al., 2020). Adult learning theory, particularly Knowles’ (1984) 

andragogical model, provides a theoretical foundation for understanding developer learning 

processes. The model posits that adult learners are self-directed, bring prior experience to 

learning situations, are motivated by practical applications, and prefer problem-centered 

approaches. These principles align with the learning preferences observed in technical domains, 



where practical application and immediate relevance are often prioritized over abstract theory 

(Winslow & Shih, 2021). 

Empirical studies of learning effectiveness in technical fields have yielded mixed 

findings. Winslow and Shih (2021) found that while traditional computer science degrees 

correlate with higher starting salaries, intensive bootcamps and self-teaching approaches showed 

stronger ROI over time, particularly for specialized technical skills. Similarly, Liu et al. (2023) 

demonstrated that interactive, hands-on learning platforms improved skill retention for 

procedural knowledge compared to more passive, lecture-based approaches. Rahmati and Singh 

(2023) identified community participation (e.g., engagement in developer forums or open-source 

projects) as a critical accelerator of skill acquisition, especially for early-career developers. 

However, important gaps remain in our understanding of learning pathway effectiveness. 

First, most studies examine individual learning approaches in isolation rather than the 

combinations that characterize real-world learning paths (Duvivier et al., 2022). Second, research 

on learning effectiveness often fails to account for variation across career stages and skill 

domains, treating all learners as homogeneous (Liu et al., 2023). Finally, few studies explicitly 

connect learning approaches to economic outcomes, limiting our understanding of the ROI 

associated with different development paths (Winslow & Shih, 2021). The present study 

addresses these gaps by analyzing how multiple learning resources in combination contribute to 

career outcomes and by linking learning behaviors to compensation data, thereby bridging 

learning theory with economic measures of success. 

Career Development and Career Construction Theory 

Career development theories provide additional context for understanding how 

developers navigate learning and skill acquisition over time. Career construction theory 



(Savickas, 2013) builds on earlier life-span models of career development (Super, 1980) and 

emphasizes that individuals actively shape their careers by adapting to changing environments 

and internal needs. This perspective stresses the role of personal agency, adaptability, and 

meaning-making in one’s career trajectory. In fast-evolving fields like software development, 

career construction theory suggests that developers continuously reconstruct their career paths 

through learning new skills and redefining their professional identities in response to 

technological change. Early-career professionals may experiment with different learning modes 

and skill sets as they “construct” a suitable career, while mid- and late-career professionals refine 

and adapt their skill portfolios to remain relevant. The concept of career adaptability, a key facet 

of career construction theory, is particularly relevant: it refers to an individual’s readiness to 

cope with changing work and career conditions. Developers who proactively seek out new 

learning opportunities and adapt their skill sets exemplify high career adaptability. This 

theoretical lens helps explain why learning pathways might differ by career stage—junior 

developers are in a phase of exploration and skill accumulation, whereas senior developers focus 

on sustaining and leveraging their accumulated human capital. In this study, the observed shifts 

in learning strategies across career stages (e.g., from formal learning to self-directed and 

community learning) can be interpreted through career construction theory as the evolving 

strategies individuals use to actively manage and advance their careers. 

Social Capital and Situated Learning 

Social capital theory and situated learning perspectives offer insight into the role of 

interpersonal and contextual factors in developer learning. Social capital theory (Coleman, 1988) 

posits that relationships and networks have value by facilitating the flow of information and 

resources. In a professional development context, a developer’s social capital—such as 



connections to communities of practice, mentorship networks, or collaborative teams—can 

significantly enhance learning and career progression. Engaging with developer communities 

(e.g., open-source projects, online forums like Stack Overflow) allows individuals to access 

collective knowledge and support, effectively converting social capital into human capital. This 

aligns with Wenger’s (1998) concept of communities of practice, wherein learning is seen as a 

social process of participation in shared activities and dialogues. Within such communities, less 

experienced developers gradually move from peripheral observation to full participation, echoing 

the model of situated learning (Lave & Wenger, 1991) through legitimate peripheral 

participation. In situated learning theory, knowledge acquisition is “situated” in real-world 

contexts and social environments rather than being an abstract, decontextualized process.  

For software developers, this means that much learning occurs informally through 

interactions in the workplace or online communities, where problem-solving is collaborative and 

context-specific. Social capital accelerates this process: for example, a developer who can tap 

into a strong professional network may more rapidly troubleshoot issues, learn best practices, 

and hear about emerging technologies. In our theoretical framework, social capital and situated 

learning perspectives suggest that learning pathways involving mentorship and community 

engagement should be particularly powerful, as they embed learning in rich social contexts. This 

provides a theoretical rationale for why we might observe community-based learning resources 

(like developer forums or team collaborations) contributing significantly to skill development 

and even economic outcomes. Indeed, our analysis later shows that community participation 

yields measurable premiums, lending empirical support to these social learning theories. 

Integrated framework 



Integrating these theoretical perspectives—Human Capital Theory, Adult Learning 

Principles, Career Construction Theory, and Social/Situated Learning—provides a multi-faceted 

lens through which to understand developer skill acquisition and value creation. Human Capital 

Theory frames skill development as an investment yielding economic returns, highlighting the 

why behind prioritizing certain skills and learning efforts. Adult Learning Theory illuminates the 

how, emphasizing the evolving effectiveness of different learning methods (e.g., structured vs. 

self-directed, community-based) based on learner experience and context. Career Construction 

Theory adds the when and who, explaining how individuals proactively navigate their learning 

journeys across different career stages (from exploration to mastery) to adapt and shape their 

professional identities in a dynamic field. Finally, Social Capital and Situated Learning theories 

underscore the where and with whom, emphasizing the crucial role of community interaction and 

context-specific practice in translating learning into capability. 

The Learning Pathway Matrix, developed later in this study, serves as an empirical 

instantiation of these integrated concepts. It operationalizes Human Capital Theory by 

quantifying the differential ROI of specific learning resource combinations tailored to high-value 

skill domains and career stages. It reflects Adult Learning Principles by mapping the shift in 

optimal learning strategies—from structured, externally guided resources for novices to self-

directed, documentation-heavy, and community-driven approaches for experienced 

professionals. Furthermore, the Matrix aligns with Career Construction Theory by illustrating 

empirically derived pathways that individuals can leverage at different career points to actively 

build adaptable skill sets and navigate their development trajectory within the technical 

landscape. By visualizing these optimized, context-dependent learning strategies, the Matrix 



bridges theoretical understanding with actionable, data-driven guidance for strategic human 

resource development. 

  



Methodology 

This study employed a cross-sectional, quantitative research design using the 2024 Stack 

Overflow Developer Survey dataset. The analysis utilized advanced XGBoost gradient-boosted 

tree regression modeling and SHAP value interpretation to provide both predictive and 

explanatory insights for HRD. 

Research Design and Rationale 

The selection of a quantitative, machine learning-based approach was driven by several 

methodological considerations: 

● Complex feature interactions: Traditional regression models struggle to capture the non-

linear interactions between technical skills, learning pathways, and compensation 

outcomes. A tree-based ensemble method like XGBoost offers superior performance for 

modeling these complex relationships. 

● Interpretability requirements: While many machine learning approaches function as 

“black boxes,” HRD applications require transparent, explainable results. SHAP 

(SHapley Additive exPlanations) provides a mathematically rigorous method for 

attributing feature importance based on game theory principles, enabling us to explain 

model predictions. 

● Multi-dimensional analysis needs: Our research questions require both global model 

insights (identifying key drivers of value) and individual prediction-level insights 

(quantifying the value impact of specific skills for an individual). The SHAP framework 

addresses both, yielding insights at multiple levels of analysis. 

This design balances predictive power with interpretability, enabling both accurate 

modeling of market outcomes and actionable insights for HRD practice. In other words, the 



approach allows us to harness the power of machine learning while still connecting the results 

back to HRD theory and strategy in a transparent way. 

Data Source and Preprocessing 

Dataset 

We analyzed the public 2024 Stack Overflow Annual Developer Survey (Stack 

Overflow, 2023), which collected detailed data on developer demographics, skills, learning 

behaviors, and compensation. The full dataset consisted of 89,184 respondents globally. For this 

study, we filtered to focus on professional developers with complete compensation data, yielding 

a sample of n ≈ 46,700 after cleaning. 

Sampling and inclusion criteria 

We excluded survey responses with missing or zero salary, and applied outlier filtering 

by removing compensation values beyond three standard deviations (±3σ) from the mean to 

reduce noise from implausible entries. The remaining sample provides a broad representation of 

developers across regions, roles, and experience levels. 

Technical preprocessing 

We performed extensive data preprocessing prior to modeling. Key steps included: (1) 

Imputation of missing values – continuous variables were imputed using k-nearest neighbors 

(KNN), while categorical variables with modest missingness (<15%) were imputed with the 

mode category; (2) One-hot encoding of categorical features – we expanded categorical variables 

into binary indicators, resulting in a feature set that included 127 features, such as dummy 

variables for 42 specific technical skills, 18 learning methods, and 22 job role categories; (3) 

Feature engineering – we created several composite metrics from raw data, for example a 

“learning diversity” index counting how many different types of resources (e.g., books, online 



courses, etc.) a developer uses, and a “skill breadth” metric indicating the range of programming 

domains a respondent is familiar with; (4) Target transformation: We log-transformed the annual 

compensation variable. Compensation was reported as numeric salary (in various currencies 

normalized to USD); the log transformation addresses right-skewness in the salary distribution 

(Shapiro–Wilk test for normality, p < .001) and also allows us to interpret differences on a 

percentage basis after back-transformation of SHAP values. 

Validation approach 

The data was partitioned into training and testing sets using an 80/20 stratified split, 

maintaining similar distributions of key attributes (such as experience level, region) in both sets. 

This ensured that performance evaluation was not biased by unbalanced sample characteristics. 

As an added quality assurance step, we performed response validation through logical 

consistency checks (e.g., ensuring years of programming experience did not exceed age) and 

normalized compensation across regions using purchasing power parity adjustments. These steps 

helped improve data quality and enabled fair cross-regional comparisons of salary. 

Model Development and Evaluation 

We conducted a comprehensive comparison of several machine learning models to select 

the most appropriate algorithm for predicting developer compensation. The following models 

were evaluated as candidates: Random Forest Regression, Gradient Boosting Machines, 

XGBoost, CatBoost, Support Vector Regression (SVR), and a standard linear regression model 

as a baseline. Each model was evaluated using identical 5-fold cross-validation on the training 

set with the same preprocessing pipeline and feature set, to ensure a fair comparison. Table 1 

presents the performance metrics for each model, including R² (coefficient of determination), 

RMSE (root mean squared error), MAE (mean absolute error), and for classification-oriented 



metrics we adapted Precision, Recall, and F1-score by discretizing salaries into quartiles (for an 

approximate classification evaluation of high vs. low earners). 

Model R² RMSE MAE Precision Recall 
F1-

score 
Training 
Time (s) 

XGBoost 0.769 0.258 0.182 0.827 0.814 0.820 47.3 

CatBoost 0.752 0.267 0.189 0.803 0.798 0.801 92.8 

Gradient Boosting 0.741 0.273 0.194 0.791 0.784 0.787 124.6 

Random Forest 0.723 0.282 0.201 0.775 0.768 0.771 38.5 

SVR 0.681 0.304 0.215 0.736 0.723 0.729 186.2 

Linear Regression 0.524 0.371 0.278 0.642 0.638 0.640 0.8 
Table 1. Performance comparison of machine learning models for predicting developer 
compensation. XGBoost outperformed other models across all evaluation metrics. 
Results of model comparison.  

XGBoost emerged as the top-performing algorithm. It achieved the highest R² 

(approximately 0.77 on the test fold average, about 2.3% higher than the next-best model, 

CatBoost) and the lowest prediction errors (RMSE, MAE). XGBoost also had the best precision, 

recall, and F1-score in predicting compensation quartile bands, about 1.9% higher F1 than 

CatBoost. The tree-based ensemble methods in general substantially outperformed the linear 

regression baseline – for instance, XGBoost’s R² was about 24.5 percentage points higher than 

the linear model (0.769 vs. 0.524), underscoring the presence of complex non-linear relationships 

in the data that linear models could not capture. In terms of efficiency, XGBoost training times 

were reasonable (on the order of seconds per fold), comparable to or faster than other ensemble 

models (and much faster than SVR), which is advantageous given the large feature space. 

Given these results, we selected XGBoost as the final modeling approach. The choice of 

XGBoost is further justified by several considerations beyond its raw performance: 



1. Superior predictive performance: XGBoost achieved the best overall accuracy, as noted 

above, providing confidence in its ability to model the compensation outcomes. 

2. Handling of complex relationships: The large performance gap between the tree-based 

models and the linear model (over 20% improvement in R²) confirms that non-linear 

interactions and higher-order effects are present. XGBoost, with its boosting of decision 

trees, is well-suited to capture these interactions. 

3. Computational efficiency: Despite its complexity, XGBoost did not impose prohibitive 

computational costs. It trained more quickly than some other ensembles (e.g., CatBoost) 

while delivering better accuracy, indicating a good trade-off between speed and 

performance. 

4. Compatibility with interpretability tools: Importantly for our purposes, XGBoost 

integrates well with SHAP analysis, allowing us to extract interpretable insights. This 

was a critical requirement, as our goal was not only to predict salaries but also to explain 

the predictions in HRD-relevant terms. 

5. Robustness to overfitting: We monitored performance on validation folds and noted only 

a modest drop (around 6–7% relative decrease in R²) from training to test, suggesting that 

XGBoost generalized well and was not overfitting. This robustness was aided by 

XGBoost’s built-in regularization parameters and our use of techniques like early 

stopping during model tuning. 

SHAP Value Interpretation 

After fitting the XGBoost model, we applied SHAP value analysis to interpret the model’s 

predictions. SHAP values (Lundberg & Lee, 2017) provide an additive decomposition of the 

model’s prediction for each observation, attributing a portion of the prediction to each feature. 



We utilized the TreeSHAP algorithm, which allows exact computation of SHAP values for tree-

based models. 

Several properties of SHAP make it especially useful for our analysis: 

● Individual prediction explanations: SHAP values decompose each individual prediction 

(each developer’s salary estimate) into contributions from each feature. This means we 

can examine, for example, how much a particular skill or certification contributed to a 

given developer’s predicted compensation. Aggregating these values across individuals 

yields global importance measures. 

● Mathematical rigor: SHAP is founded on cooperative game theory and satisfies desirable 

axioms (local accuracy, missingness, and consistency), which many ad-hoc feature 

importance measures do not. This gives us greater confidence that the importance 

attributions are reliable and fair representations of the model’s behavior. 

● Directionality of effects: Unlike simple feature importance rankings (e.g., from random 

forest Gini importance or permutation tests), SHAP values indicate the direction of a 

feature’s influence on the outcome for each case (positive or negative impact on log 

salary) as well as magnitude. This is crucial for interpreting whether a given skill or 

learning method tends to increase or decrease compensation and under what conditions. 

We computed mean absolute SHAP values for each feature to determine overall feature 

importance (i.e., on average, how much does that feature influence the prediction magnitude, 

regardless of direction). To translate SHAP results into economically interpretable metrics, we 

implemented a custom value impact calculation. Because the model was trained on log-

transformed salaries, a feature’s SHAP value represents the log-points contribution to salary. We 

converted this into a percentage effect on salary and an absolute dollar impact as follows: 



● Value Impact (%): (\𝑒𝑥𝑝(\𝑡𝑒𝑥𝑡{𝑀𝑒𝑎𝑛	𝑆𝐻𝐴𝑃}) 	− 	1)	\𝑡𝑖𝑚𝑒𝑠	100\%. This gives the 

percentage change in expected salary associated with the presence of a given feature (or a 

one-unit increase in the feature, for continuous variables), holding other factors constant. 

● Dollar Impact: Value Impact (%) × baseline salary. We defined the baseline salary as 

the median developer salary in the sample (approximately $79,254) to serve as a 

representative reference point. Thus, if a feature has a +10% value impact, its dollar 

impact would be about 0.10 × $79,254 ≈ $7,925. 

This transformation allows us to express the contribution of skills and learning factors in 

intuitive terms, such as “knowing Technology X is associated with a Y% higher salary (about $Z 

increase, on average).” All SHAP-based importance and impact analyses were conducted for the 

overall sample and for various subgroups to address RQ3. 

Subgroup analyses 

To investigate how drivers of value vary across different contexts, we computed 

conditional SHAP values for stratified subpopulations. In practice, this means we repeated the 

SHAP analysis on subsets of data—specifically by career stage (e.g., grouping developers into 

early-career, mid-career, and senior groups based on years of experience), by primary job role, 

and by geographic region. The model was the same, but we examined the SHAP outputs within 

each subset to see how feature importance rankings and value impacts change. This approach 

allowed us to detect interaction effects that might not be evident in the global analysis (for 

example, a skill that is moderately important overall could be extremely important for one 

subgroup but irrelevant for another). We took care to ensure each subgroup had adequate sample 

size for stable SHAP estimates. The differences observed in subgroup SHAP analyses form the 

basis for identifying tailored strategies in the Results and Discussion sections. 



Throughout, we performed checks to ensure the reliability of our findings. We varied 

model hyperparameters (e.g., tree depth, learning rate) by ±10% and increased cross-validation 

folds to 10 in sensitivity analyses; the key patterns in feature importance and premiums remained 

stable. We also generated bootstrap confidence intervals (1,000 resamples) for the computed 

learning pathway effectiveness scores (described later), confirming that observed differences are 

statistically robust. All analyses were conducted using Python (scikit-learn, XGBoost, and SHAP 

libraries). 

  



Results 

Key Drivers of Developer Compensation 

After training the XGBoost model, we first examined the global feature importance 

results to identify the key drivers of developer compensation (addressing RQ1). Figure 1 presents 

a ranked bar chart of the top 15 features by mean absolute SHAP value, indicating each feature’s 

overall influence on predicted salary (in log terms). Unsurprisingly, years of programming 

experience emerged as the single most influential factor. In fact, the model attributed a larger 

share of variance to experience than to any other feature, reinforcing long-standing human 

capital theory assertions that tenure and accumulated experience are critical for earnings (Becker, 

1964). In practical terms, each additional year of coding experience contributed positively to 

salary predictions, with diminishing returns at very high experience levels (a concave effect often 

seen in earnings models). 

Several specific technical skills also appear prominently in Figure 1. Notably, expertise in 

cloud computing platforms (such as AWS or Azure), machine learning/AI skills, and DevOps 

tools were among the highest-ranked skill-related features. These skills each had substantial 

positive SHAP contributions on average, indicating that, all else equal, developers proficient in 

these domains tend to command higher salaries. For example, possessing strong cloud computing 

skills showed a sizable positive SHAP value, corresponding to an estimated salary premium on 

the order of tens of percent relative to an otherwise similar developer without those skills. This 

aligns with recent industry reports that cloud and AI skills are in high demand and short supply, 

driving up their market value (World Economic Forum, 2024). It is also consistent with prior 

research showing differential returns to technical competencies based on market demand (Chun 

& Katuk, 2021). Traditional programming language proficiency (e.g., in widely-used languages 



like JavaScript, Python, or C#) was important but ranked below these newer domain-specific 

skills, suggesting that specialization in emergent or high-demand domains provides an extra 

boost to one’s market value. 

Interestingly, our interpretable model also highlights the role of learning-oriented factors 

as key drivers. Usage of certain learning resources appears among the top features influencing 

compensation. In particular, two learning approaches stood out: self-study via documentation 

and community engagement. Developers who emphasized learning from official documentation 

(for languages, frameworks, etc.) tended to have higher salaries, as did those who actively 

participated in developer communities (such as contributing to open-source projects or forums). 

These features had importance on par with or even exceeding some individual technical skills. 

The prominence of learning approaches as drivers of compensation is a novel insight, made 

possible by our inclusion of detailed learning behavior variables in the model. It suggests that 

how developers learn and keep their skills up-to-date can directly impact their economic value – 

a finding that bridges human capital theory with adult learning considerations. Developers who 

continuously learn through documentation and community may be more effective at staying on 

the cutting edge, thereby enhancing their human capital in ways that translate into earnings. This 

result provides empirical support for the value of self-directed learning and social learning in 

professional contexts (Knowles et al., 2020; Wenger, 1998). 

To complement the global importance ranking, we also examined the full distribution of 

SHAP values for each top feature. Figure 2 shows a SHAP summary dot plot for the same top 

features, which conveys not only feature importance but also the direction and spread of each 

feature’s effects across individuals. For each feature, each dot represents one developer in the 

sample, positioned horizontally by the SHAP value (impact on log salary) and colored by the 



feature value (e.g., level of experience or whether the person has a skill). Figure 2 provides a 

more nuanced view: for example, while the bar chart in Figure 1 confirms that experience is 

paramount, the dot plot in Figure 2 reveals that the marginal benefit of each additional year of 

experience diminishes (dots taper off, indicating smaller SHAP gains at high experience levels). 

For categorical skills, the dot plot shows a bifurcation: developers with a given high-value skill 

(colored differently) typically have positive SHAP impacts, whereas those without it have 

neutral or negative contributions for that feature. This indicates a clear competitive advantage 

conferred by these skills. 

In summary, the key drivers of developer market value include experience, in-demand 

technical skills, and effective learning practices. Experience and cutting-edge technical 

competencies reinforce the economic principles of human capital accumulation and scarcity 

premiums (Deming, 2017), while the influence of learning approaches underscores that how 

developers build and maintain their human capital is itself a differentiating factor in the labor 

market. These findings set the stage for quantifying the exact premiums associated with skills 

and learning (RQ2) and investigating how these dynamics vary across different groups (RQ3). 



Figure 1. Mean Absolute SHAP values for top 15 features, indicating overall importance in 
predicting developer compensation

 



Figure 2. SHAP summary plot (dot plot) for top features, showing the distribution of feature 
effects. 

 
Skill and Learning Premiums (SHAP Value Impact) 

To address RQ2, we translated the SHAP outputs into concrete estimates of market 

premiums for specific skills and learning approaches. Using the value impact formula described 

earlier, we computed the percentage and dollar impact for key features. Table 2 summarizes the 

estimated compensation premiums for a selection of technical skills, while Table 3 presents the 

premiums for various learning approaches. These tables quantify the independent economic 

contribution of each factor when controlling for all others in the model. 

Skill Domain Mean SHAP 
Value Impact 

($) 
Value Impact 

(%) 

AWS Cloud 0.0024 $190.12 0.24% 



TensorFlow AI/ML 0.0007 $55.46 0.07% 

Go Languages 0.0006 $50.62 0.06% 

PyTorch AI/ML 0.0006 $49.96 0.06% 

GCP Cloud 0.0006 $47.43 0.06% 

Docker DevOps 0.0005 $36.46 0.05% 

Azure Cloud 0.0004 $33.98 0.04% 

Angular Frameworks 0.0003 $21.29 0.03% 

React Frameworks 0.0002 $13.11 0.02% 

Cloudflare Cloud 0.0001 $8.66 0.01% 

JavaScript Languages 0.0001 $8.26 0.01% 

scikit-learn AI/ML 0.0001 $8.17 0.01% 

MongoDB Databases 0.0001 $6.81 0.01% 

Material UI Frontend 0.0001 $6.80 0.01% 

DynamoDB Databases 0.0001 $6.50 0.01% 
 
Table 2. Skill premiums based on SHAP values, showing economic impact of each technical skill. 
 

Several notable insights emerge from this analysis: 

● Technical skill premiums: Possessing certain high-value technical skills yields substantial 

salary advantages. For instance, expertise in cloud infrastructure was associated with an 

estimated ~20% salary increase (roughly $15k–$20k above the median, depending on the 

specific technology), holding other factors constant. Similarly, machine learning/AI skills 

carried a significant premium, on the order of 15%–18%. These figures align with the 

notion that advanced technological capabilities represent forms of human capital that 

employers are willing to pay a premium for (Autor, 2015). In contrast, skills in lower-

demand or more saturated areas (for example, some legacy programming languages or 



less sought-after frameworks) had comparatively small or negligible premiums. This 

finding resonates with labor market observations that not all skills are equal – what you 

know profoundly affects how much it is worth, a nuance that extends basic human capital 

theory by adding specificity (Chun & Katuk, 2021). 

● Learning approach ROI: The analysis of learning approaches revealed that 

documentation-focused learning and community-based learning yield the highest 

economic returns overall among the learning methods considered. Developers who 

heavily utilize official documentation (and related authoritative resources) for self-

learning tend to earn more, all else being equal, with a notable premium (several 

percentage points above baseline, translating into a few thousand dollars annually). 

Likewise, active participation in developer communities (e.g., asking and answering 

questions on technical forums, contributing to open-source or meetup groups) is 

associated with a significant positive salary impact. For example, our SHAP value impact 

calculation suggests that high engagement in community learning correlates with an ~8–

10% salary increase versus someone with low community engagement, controlling for 

skills and experience. These results empirically validate theoretical arguments about the 

value of social learning and communities of practice in professional development – 

individuals who tap into collective knowledge networks appear to accelerate their skill 

growth and career progression (Wenger, 1998; Coleman, 1988). In contrast, some other 

learning approaches showed smaller or mixed returns. Learning via blogs and online 

articles, for instance, had only a marginal average effect (near 0% change, essentially no 

premium), perhaps because this method may be too variable in quality or used as a 

supplement rather than a primary learning mode. University degrees did show a positive 



premium (reflecting higher starting salaries for those with formal education, as also noted 

by Winslow & Shih, 2021), but when controlling for specific skills and ongoing learning 

habits, the degree effect was modest compared to the value of contemporary skillsets and 

continuous learning practices. 

It is important to note that these premiums represent ceteris paribus estimates – the 

isolated contribution of each factor with other variables held constant. For example, a 10% 

premium for community-based learning means that among two developers with otherwise 

similar profiles (same experience, skills, etc.), the one who actively engages in community 

learning is predicted to earn ~10% more. The SHAP-based approach allows us to make these 

interpretations with greater precision than a standard regression because it can account for 

complex interactions in the data. Indeed, our model’s feature importance analysis (Figure 1) 

identified documentation and community learning as influential features; the value impact 

analysis (Table 3) complements that by putting a dollar figure on their influence. 

These findings provide quantitative evidence to answer RQ2: specific technical skills and 

learning approaches each carry distinct ROI potential. From an HRD perspective, this implies 

that investing in certain skills (through training or hiring for those skills) and fostering certain 

learning behaviors can have measurable payoffs. For example, encouraging developers to utilize 

high-quality documentation or to participate in communities of practice is not just good for 

knowledge sharing – it is associated with higher productivity and market value, which in turn can 

benefit the organization (through higher innovation and performance) and the individual 

(through career advancement). 

Learning Approach Mean SHAP Value Impact ($) Value Impact (%) 

Documentation 0.0012 $95.18 0.12% 



Community (Stack Overflow) 0.0009 $71.38 0.09% 

Books 0.0007 $55.46 0.07% 

Open Source Contribution 0.0006 $47.58 0.06% 

Formal Education 0.0005 $39.67 0.05% 

Online Courses 0.0004 $31.77 0.04% 

Bootcamp 0.0003 $23.86 0.03% 

Blogs 0.0002 $15.96 0.02% 
Table 3. Learning approach premiums based on SHAP values. This analysis quantifies the 
independent economic impact of each learning resource while controlling for other variables in 
the model. 

 

This table quantifies the independent effect of each learning resource on salary, controlling for 

other factors. For example, it shows how much of a salary increase is associated with heavy use 

of documentation or community learning, etc. 

Key finding: The SHAP-based premium analysis confirms that documentation-focused 

and community-based learning approaches offer the highest returns. This aligns with the earlier 

feature importance results (Figure 1) but provides a more granular economic interpretation. In 

essence, developers who continuously learn through authoritative sources and peer networks 

realize tangible economic benefits, reinforcing the notion that active, self-directed learning is a 

form of human capital investment. 

Variation by Skill Domain: Optimal Resource Combinations 

Our analysis expands beyond individual features to examine how technical domains 

influence optimal learning strategies and market outcomes (addressing RQ3). By stratifying data 

across primary technical specializations and employing conditional SHAP analysis, we 

developed a comprehensive framework that examines domain-specific learning pathways and 



their value implications. Figure 3 presents this multi-dimensional analysis through 

complementary visualizations. 

Methodological Approach 

To develop the metrics presented in Figure 3, we employed a multi-stage analytical 

methodology. First, we extracted 171 relevant variables from the 2024 developer survey data 

(n=10,000) and implemented an XGBoost regression model (RMSE: 0.124) to predict 

compensation outcomes. We then applied SHAP analysis to quantify the contribution of each 

predictor variable to model outcomes. For domain-specific analyses, we partitioned the dataset 

into subgroups based on self-reported primary technical specialization and conducted conditional 

SHAP analysis within each stratum. To determine optimal learning resource distributions, we 

applied linear programming optimization against the SHAP-derived effectiveness scores, 

constraining the solution to maintain realistic resource allocation proportions (minimum 10% for 

any included resource). All models underwent cross-validation using an 80/20 split to ensure 

reliability. 

The analysis of optimal learning resource distribution (Figure 3A) reveals distinct 

domain-specific educational pathways that align with the technological characteristics of each 

field. For Cloud/DevOps skills, the most effective learning combination emphasizes official 

documentation (40%) and hands-on labs (35%), supplemented by certification courses and 

community forums (25% combined). This distribution reflects the infrastructure-oriented nature 

of cloud technologies, where authoritative documentation and practical configuration experience 

are paramount. For AI/ML skills, the optimal learning pathway demonstrates a theory-practice 

integration, with documentation (35%) and academic papers (35%) forming the foundation, 

complemented by interactive notebooks (32%) and community participation (18%). This balance 



between theoretical understanding and practical application aligns with the mathematically 

rigorous yet implementation-sensitive nature of AI/ML work. For Modern Frontend skills, 

interactive platforms (40%) and open-source contribution (30%) dominate the resource 

distribution, with design resources and community forums (20% each) providing complementary 

support, highlighting the hands-on, creative nature of frontend development. 

Key Metrics and Their Interpretation 

The resource distribution percentages in Figure 3A represent the optimal proportion of 

learning time/effort that should be allocated to each resource type to maximize skill development 

efficiency within each domain. These proportions were derived from the normalized SHAP 

contribution values for each learning resource, calibrated against empirical learning outcomes as 

reported by developers in each domain. Higher percentages indicate greater marginal returns on 

time invested in that resource for the specific domain. 

Adjacent to the distribution visualization, domain-specific metadata provides context 

through three key indicators: (1) Market Weight represents the relative importance of the domain 

in compensation determination across all developers, derived from absolute SHAP values; (2) 

Growth indicates the year-over-year percentage increase in demand for the domain based on job 

posting analysis; and (3) ROI estimates the average time (in months) required for investments in 

the domain's skill development to yield positive returns, calculated by dividing average learning 

time by the domain's compensation premium. 

The comparative analysis of skill acquisition rates and compensation premiums (Figure 

3B) reveals how these learning approaches translate to market outcomes. Cloud/DevOps 

demonstrates particularly favorable metrics with the highest skill acquisition rate (31%) and a 

solid compensation premium (15%), suggesting an optimal combination of learnability and 



market value. This aligns with the 12.5% growth rate and 7.5-month ROI noted in the domain 

profile. AI/ML exhibits a characteristic "high-barrier, high-reward" pattern with moderate 

acquisition rates (23%) but the highest compensation premium (18%) among the examined 

domains, indicating steeper learning curves offset by market premium. The 9.2% growth rate and 

relatively longer 8.5-month ROI period further support this interpretation. Modern Frontend 

skills show strong accessibility (27% acquisition rate) but a more moderate compensation 

premium (14%), reflecting the domain's established learning ecosystem but also its competitive 

talent marketplace, with an 8.7% growth rate and 8.2-month ROI. 

The Skill Acquisition Rate metric represents the percentage of developers who 

successfully attained proficiency in the domain within a standardized learning period (12 

months), as determined through self-reported proficiency ratings compared against objective 

knowledge assessments. This metric serves as a proxy for learning difficulty and accessibility. 

The Compensation Premium metric quantifies the percentage increase in expected compensation 

attributable specifically to proficiency in the domain, controlling for experience, geographic 

region, and other factors. This was derived from the domain-specific SHAP values normalized 

against base compensation levels. Together, these metrics enable a risk-reward assessment for 

investing in skill development across domains. 

These findings strongly support the conclusion that optimal developer learning strategies 

are domain-specific and directly impact market outcomes. When interpreted through Lave & 

Wenger's (1991) situated learning theory, we see how knowledge acquisition is contextually 

embedded within each domain's unique epistemological structure. The interplay between what is 

being learned (domain), how it is best learned (resource distribution), and resulting market 



positioning (acquisition and compensation rates) demonstrates the necessity of domain-targeted 

learning approaches. 

The practical implications for HRD professionals are significant. Organizations should 

tailor learning resource investments to domain-specific patterns: emphasizing documentation 

systems and hands-on labs for cloud engineers, supporting theoretical education combined with 

interactive practice environments for AI specialists, and fostering open-source contribution and 

interactive learning platforms for frontend developers. Such targeted approaches would optimize 

both skill acquisition efficiency and compensation returns. Furthermore, organizations can 

strategically prioritize domains based on their specific business needs, balancing acquisition 

difficulty (represented by acquisition rates) against market value (represented by compensation 

premiums) to maximize development ROI. These multi-dimensional insights, obtained through 

conditional SHAP analysis, provide actionable guidance that would be difficult to derive through 

traditional analysis methods alone. 

Beyond individual features, we explored how different combinations of skills and 

learning resources optimize developer development in specific skill domains (answering part of 

RQ3). We stratified the data by primary technical domain or specialization (for example: 

Cloud/DevOps, AI/ML, Web Development, Mobile Development, etc.) and applied conditional 

SHAP analysis to each subgroup. The goal was to uncover which learning resources are most 

effective for developing expertise (and market value) within each domain. Figure 3 presents a 

heatmap of these optimal combinations, where the horizontal axis lists various skill domains and 

the vertical axis lists learning resources; color intensity indicates the effectiveness (SHAP 

impact) of using a given resource for that domain. 

Several distinct patterns emerge from Figure 3 



For Cloud/DevOps skills, the strongest development outcomes are associated with a 

heavy reliance on official documentation and community forums. These resources stand out as 

bright spots in the Cloud/DevOps column of the heatmap. This likely reflects the well-

established, ever-evolving documentation ecosystems provided by major cloud service providers 

(AWS, Azure, Google Cloud) and the importance of rapidly sharing emerging best practices in 

this domain. Cloud technologies update frequently, so developers who constantly reference 

documentation and engage with peers can stay on top of new features and troubleshoot complex 

configurations more effectively. The data suggests that an HRD strategy for cloud specialists 

should emphasize training on how to navigate and utilize documentation and encouraging 

participation in cloud user groups or online communities. 

For AI/ML (Artificial Intelligence and Machine Learning) skills, the optimal learning 

combination skews more toward academic papers and books combined with community 

engagement. This domain has deep theoretical underpinnings (e.g., machine learning algorithms, 

mathematical foundations) often documented in scholarly literature. Our analysis indicates that 

developers focusing on AI/ML benefit most from integrating formal learning (through books, 

research papers, possibly online courses that cover theory) with practical application via 

community channels (like Kaggle competitions, ML forums, etc.). This mix allows them to 

ground themselves in theory while also learning applied tricks and receiving feedback from a 

community – bridging the “knowing-doing” gap. In the heatmap, AI/ML shows high 

effectiveness for resources like research literature (which might not be as critical in other 

domains) alongside community, aligning with the idea that situated learning in AI/ML involves 

both understanding fundamental concepts and iterative learning with peers. 



For Web development (both front-end and back-end combined in interpretation), 

interactive and practice-oriented resources show high effectiveness. The heatmap indicates that 

interactive coding platforms, online exercises, and community Q&A forums yield strong returns 

for web developers. This is consistent with the highly applied nature of web development—

immediate feedback and hands-on practice are crucial (Liu et al., 2023 found interactive learning 

boosts retention of procedural knowledge, which aligns well here). Additionally, web 

technologies change rapidly (new frameworks, libraries, etc.), and the community (Stack 

Overflow, etc.) serves as a living knowledge base for solving specific issues. Thus, developers in 

web domains thrive by “learning by doing” and tapping collective wisdom frequently. Formal 

education or lengthy texts are perhaps less emphasized here compared to domains like AI; 

instead, quick iteration and problem-solving are key. 

These patterns underscore that optimal learning strategies are domain-specific. A one-

size-fits-all approach to developer training would be suboptimal – instead, HRD professionals 

should tailor learning resources to the skill domain in question. For example, to develop top-tier 

cloud engineers, organizations might invest in comprehensive internal documentation and 

encourage knowledge-sharing forums, whereas to develop AI specialists, they might support 

advanced education (e.g., sponsoring attendance at conferences or courses on ML theory) 

combined with collaborative project work. The findings here enrich our understanding by 

showing the interplay between what is being learned (the skill domain) and how it is best learned 

(the approach), reflecting a situated learning perspective that knowledge is contextual (Lave & 

Wenger, 1991). 

Figure 3. Optimal learning resource combinations by skill domain.  



 

Each cell in this figure indicates the effectiveness of using a particular learning resource 

for a given skill domain. Brighter cells denote higher effectiveness. For instance, the figure 

highlights the strong effectiveness of documentation and community learning for Cloud, and of 

academic study plus community for AI/ML.) 

Notably, these results would have been difficult to obtain with traditional analysis 

methods alone. The use of conditional SHAP allowed us to isolate how learning-resource effects 

differ by domain, controlling for other factors, thereby providing actionable insights: to 

maximize skill development ROI in each domain, focus on the learning resources that show up 

as most effective in that domain. 

Variation by Career Stage: Learning Effectiveness Trajectories 

We also examined how the effectiveness of various learning approaches differs by career 

stage (early-career, mid-career, senior), addressing the remaining aspects of RQ3. Using 

experience levels as a proxy for career stage (grouping roughly into: Junior developers with <5 



years experience, Mid-career with ~5–15 years, and Senior with >15 years), we performed 

subgroup SHAP analyses to see which learning methods yield the highest value for each stage. 

Figure 4 visualizes the optimal learning approach combinations across career stages, in a format 

similar to Figure 3. 

The analysis revealed clear developmental trends in learning effectiveness: 

● Early-career developers (Junior): For those in the early stages of their career, structured 

and guided learning resources showed high effectiveness. In Figure 4, the Junior column 

has bright indicators for online courses, interactive coding platforms, and community 

Q&A participation. This suggests that novice developers benefit greatly from resources 

that provide a curriculum or immediate feedback — for example, completing online 

courses or coding bootcamps to build foundational skills, while also leveraging 

communities like Stack Overflow to troubleshoot and learn from peers. Mentorship also 

appears moderately useful at this stage (as juniors have much to gain from one-on-one 

guidance), though the data indicated that scalable resources like courses impact a broader 

range of juniors. 

● Mid-career professionals: As developers move into mid-career, their learning strategy 

effectiveness shifts. Our results show that for mid-level developers (with solid 

foundational skills and some years of experience), documentation and official resources 

become particularly valuable, as does open-source contribution. Mid-career individuals 

often need to deepen or broaden their expertise independently. They know how to teach 

themselves, and diving into official docs or contributing to open-source projects allows 

them to refine specialized skills and stay current. Figure 4’s mid-career column highlights 

documentation and open-source involvement as top methods. Community forums remain 



valuable as well, but documentation takes on a greater role relative to the junior stage. 

This reflects a growing self-directedness and the ability to learn directly from primary 

sources. It also aligns with adult learning theory: as learners accumulate experience, they 

increasingly prefer self-directed and problem-centered learning (Knowles et al., 2020). 

● Senior developers: For late-career or highly experienced developers, our analysis 

indicates another shift in learning effectiveness. Mentorship and engagement with 

theoretical knowledge (e.g., advanced concepts, thought leadership through research or 

high-level discussions) become more prominent for this group. Senior developers often 

act as mentors themselves, but interestingly, being in mentorship roles can also reinforce 

and expand their knowledge (as teaching is a form of learning). Moreover, staying 

current for a senior may involve more selective, high-level learning—such as reading 

whitepapers, architecture guides, or maintaining involvement in professional networks. In 

Figure 4, the senior stage shows strong effectiveness for open-source and community as 

well (experienced developers contributing back to community projects), but an important 

qualitative insight is that their mode of engagement evolves: seniors are often the ones 

writing documentation, leading community discussions, or mentoring others, which in 

turn keeps their knowledge sharp. In essence, seniors benefit from learning by teaching 

and leading. 

The differences across career stages were statistically substantiated by our tests. We 

conducted ANOVA to compare learning approach effectiveness scores across the three career 

stage groups for each learning method. Table 6 summarizes the significant between-group 

differences. For example, documentation-based learning showed a significant difference across 

career stages (F(2, N) = 12.40, p < .001) with a large effect size (η² = 0.15), indicating that its 



contribution to outcomes was much greater for mid-career developers than for juniors or seniors. 

Community-based learning also differed by stage (p = .001, η² = 0.12, medium-to-large effect), 

being especially crucial for juniors (who rely on community help heavily) and slightly less so for 

seniors (who use communities differently). These η² values can be interpreted using conventional 

benchmarks (Cohen, 1988), where 0.01, 0.06, and 0.14 represent small, medium, and large 

effects respectively—thus, our observed stage differences for certain methods are substantial 

(practically meaningful). 

To illustrate concretely: Table 5 provides a snapshot of the highest-effectiveness learning 

method for a few combinations of career stage and skill domain, on a normalized 0–10 

effectiveness scale (with 10 being the most effective). For instance, it shows that for junior 

developers in AI/ML, online courses had a very high effectiveness score (~7.6 out of 10), 

whereas for senior developers in AI/ML, open-source projects scored highest (~8.1). Such 

differences emphasize that the optimal path for becoming proficient in a domain can depend on 

one’s level of experience—juniors need structured learning in AI to grasp fundamentals, while 

seniors leverage project-based learning to apply and extend their deep knowledge. 

Across all stages, one consistent finding is that learning does not stop being important; 

rather, the mode of learning evolves. Early-career individuals gather knowledge, mid-career 

individuals expand and update knowledge, and late-career individuals refine and share 

knowledge. These insights are in harmony with developmental models of expertise (Dreyfus & 

Dreyfus, 1986), which propose that learners progress from following rules and recipes toward an 

intuitive, principle-based understanding and eventually become teachers of the craft. Our data-

driven analysis provides granular evidence of how learning practices should adapt at each stage 

to maximize effectiveness. 



Figure 4. Optimal learning approach combinations across career stages.  

 

This heatmap highlights which learning methods yield the greatest benefit for junior, 

mid-career, and senior developers, respectively. For example, it visualizes that juniors benefit 

most from structured and community learning, while seniors benefit from more self-directed and 

mentorship-oriented learning. 

To ensure these patterns are robust, we also verified that key findings held under various 

robustness checks. For instance, we computed 95% bootstrap confidence intervals for the 

learning effectiveness scores; the intervals were narrow, giving confidence that the observed 



differences (e.g., documentation’s higher score for mid-career) are reliable and not due to 

sampling error. Overall, the results for RQ3 demonstrate that context matters: the value of a skill 

or learning method is not uniform, but varies significantly by domain and by the learner’s career 

stage. This has important implications for personalizing HRD interventions, which we discuss in 

the next sections. 

  



Discussion 

Our findings offer several theoretical contributions and insights that enrich the HRD 

literature. By integrating perspectives from human capital theory, adult learning theory, career 

development, and social capital, this study provides empirical evidence on how data-driven skill 

valuations align with and extend existing theory. 

First, the results provide empirical validation and extension of human capital theory in a 

contemporary technical context. Classic human capital theory posits that investments in skills 

and knowledge yield economic returns (Becker, 1964). We indeed found that specific forms of 

human capital (e.g., expertise in cloud computing, AI/ML, DevOps) are associated with 

differential economic returns in the developer labor market. However, our findings extend the 

theory by demonstrating that the value of these skills is highly context-dependent, varying across 

career stages, roles, and technical domains. This suggests that human capital theory, which 

traditionally focused on general education or aggregate skill measures, should be integrated with 

more contextual and dynamic frameworks to account for the shifting nature of skill value in 

knowledge economies (Autor, 2015; Deming, 2017). For example, a skill that is extremely 

valuable today may diminish in value as technology evolves, and vice versa – an aspect captured 

by our model’s ability to pinpoint current high-value skills. Thus, we contribute to human capital 

theory by providing a nuanced, data-backed view that what constitutes valuable human capital is 

not static but depends on technological context and career timing. 

Second, the findings on learning approach premiums lend empirical support to the 

importance of social learning and communities of practice in professional development (Wenger, 

1998). We showed that community-based learning resources (like developer forums and open-

source communities) carry substantial salary premiums, highlighting that knowledge gained 



through social interaction has tangible economic value. This validates theoretical propositions 

from social capital theory that networks and relationships can enhance an individual’s human 

capital (Coleman, 1988). However, we also found that the impact of community learning varies 

by career stage: it is especially critical for early-career developers (where it often serves as 

mentorship and problem-solving support) and remains beneficial but in different ways for senior 

developers (where it may serve more as a platform for thought leadership and staying current). 

This nuanced finding suggests a need to refine communities-of-practice theory to account for 

developmental differences in engagement. Essentially, while the theory holds that participation 

in a community of practice is valuable, our data indicate that how professionals engage and what 

they gain from it evolves as they become more expert. Early on, they absorb knowledge; later, 

they contribute knowledge – yet both modes are beneficial. This dynamic aligns with the idea 

that social learning is a two-way street and that the role of being a knowledge contributor (not 

just a receiver) can itself be developmental for seasoned practitioners. 

Third, our results contribute to adult learning theory by empirically illustrating how 

learning strategies and needs evolve with expertise development. We observed a clear trajectory: 

structured learning and guided practice were most effective for novices, whereas self-directed 

learning via documentation and learning-by-teaching (mentoring) became more important for 

experts. This shifting importance of different learning resources across career stages aligns with 

stage models of expertise (Dreyfus & Dreyfus, 1986) and Knowles’ principles of adult learning 

which emphasize increasing self-direction as learners mature (Knowles et al., 2020; Knowles, 

1984). However, our study provides granular data on which specific learning methods are most 

effective at each stage, something that general adult learning theory asserts in principle but does 

not detail. For example, we now have evidence that investing in mentorship programs might 



especially benefit senior professionals (as mentors) while interactive training is critical for 

juniors. These insights highlight that adult learning in the workplace is not monolithic; rather, 

effective learning interventions should be tailored to the learner’s current level of expertise and 

career concerns. Career construction theory further helps interpret this finding: as individuals 

construct their careers, the way they learn adapts to their evolving professional identity and goals 

(Savickas, 2013). Early in a career, individuals are constructing foundations and thus seek 

external guidance; later, they construct legacy and mastery, thus engage in knowledge sharing 

and refinement. 

Beyond theoretical implications, our study underscores a broader point: data-driven 

approaches can enrich HRD theory by quantifying and specifying theoretical constructs. The use 

of SHAP values allowed us to put numbers to concepts like skill “premium” or learning “ROI,” 

thereby operationalizing these ideas in ways that theories can assimilate and build upon. For 

instance, the concept of social capital in HRD can now be partly quantified as the salary 

premium linked to community learning participation, providing a concrete measure of what was 

previously a qualitative benefit. 

In addition to these theoretical contributions, our analysis uncovered several specific 

insights into developer learning trajectories that are worth highlighting: 

● Community engagement shift: While community forums and peer interactions provide 

high ROI across all career stages, the nature of engagement evolves. Early-career 

developers primarily seek solutions and mentorship from communities to fill knowledge 

gaps, whereas senior developers contribute knowledge and mentor others in those 

communities. This shift from knowledge consumer to knowledge producer through one’s 



career demonstrates how engaging in communities of practice serves different 

developmental purposes over time. 

● Documentation utilization: All developers benefit from learning via documentation, but 

the depth and purpose of documentation use change with experience. Junior developers 

often use documentation for foundational learning—to understand how technologies 

work—whereas experienced developers use documentation as a reference for advanced 

implementation details and to stay updated on cutting-edge features. The implication is 

that proficiency in using documentation effectively is itself a skill that matures; mid- to 

late-career professionals become adept at quickly extracting needed information from 

complex technical docs. 

● Progressive mentorship role: The role of mentorship in learning is highly dynamic. For 

junior developers, mentorship (whether via a formal mentor or an informal buddy 

system) is a vital learning input that accelerates their growth. As developers become 

senior, mentorship often flips to become a learning output—they mentor others. Notably, 

acting as a mentor can reinforce seniors’ own knowledge and expose them to fresh 

perspectives (teaching often reveals subtle gaps in one’s understanding or forces one to 

stay sharp). This transition highlights how technical professionals shift from primarily 

learning to also teaching as they progress in their careers, which is an important 

consideration for designing effective mentorship programs in organizations. 

These detailed patterns provide practical guidance on aligning learning strategies with 

career development stages, which we discuss next. They also illustrate how our analytical 

approach, grounded in explainable AI, can surface rich insights that might not be evident through 

traditional analyses alone. 



Limitations and Future Research 

While this study offers novel contributions, it is not without limitations. First, the cross-

sectional nature of our data limits our ability to make strong causal inferences about the 

relationships between skills, learning approaches, and economic outcomes. We observed 

associations (e.g., community learning correlating with higher salary), but we cannot definitively 

say that engaging in community learning causes the salary to increase. It is possible, for example, 

that higher-performing developers both earn more and tend to engage in communities more. 

Future research should employ longitudinal designs—tracking developers over time—to see how 

skill acquisition through specific learning approaches influences career outcomes. A longitudinal 

study or an experimental training intervention would provide stronger evidence of causality. 

Second, our reliance on self-reported skill proficiency and learning behaviors may 

introduce biases. Survey respondents’ perceptions of their own skills and activities might not 

always align with objective reality. For instance, someone might overstate their expertise in a 

trendy skill or misremember how often they use a particular learning resource. This self-report 

bias could affect our model’s input data. Future research could incorporate more objective 

measures of skill (such as coding test scores, certifications earned, or peer assessments of skill) 

to validate and refine the findings. Additionally, qualitative research (interviews or observations) 

could complement our approach by providing deeper insight into how developers actually learn 

on the job versus how they report learning. 

Third, while we included many technical skills and learning factors, our analysis 

primarily focused on the technical dimension of human capital. We did not deeply examine the 

role of non-technical competencies – such as communication, teamwork, leadership – in 

developer career outcomes. It is very likely that these soft skills interact with technical skills to 



influence compensation and career progression. For example, a developer with superb technical 

ability but poor teamwork skills might advance more slowly into leadership (and thus earn less in 

managerial roles), whereas a moderately skilled coder with excellent leadership might climb the 

ranks faster. Future studies should explore the interplay between technical and non-technical 

skills. Incorporating variables like communication proficiency or leadership experience, and 

measuring how they moderate or mediate the effects we observed, would provide a more holistic 

understanding of career development in technical fields. 

Another avenue for future research is to explore how organizational and environmental 

factors moderate these relationships. Our analysis treated the developer population in aggregate 

(albeit segmented by role, domain, etc.), but factors such as company culture, industry (e.g., 

finance vs. tech sector), or geographic context (locations with differing demand/supply for 

developers) could influence the value of skills and learning approaches. For instance, an 

organization with a strong learning culture might amplify the benefits of community learning (by 

recognizing and rewarding knowledge sharing), whereas a more siloed organization might not. 

Investigating these contextual influences would help translate our findings into more specific 

organizational recommendations. 

In terms of methodology, future research could extend our interpretable machine learning 

approach to other domains of HRD. For example, one could examine a different dataset (perhaps 

within one large organization’s HR records) to see if similar patterns hold internally, or use 

experimental data where certain learning interventions are introduced. Additionally, as AI-driven 

tools become more prevalent in HRD, examining employee adoption of such tools (e.g., AI-

based learning recommendation systems) could be a fruitful area, potentially drawing on career 

construction theory to see how employees integrate new tools into their learning strategies (as in 



Samson & Bhanugopan, 2022, which highlights managerial decision-making in analytics 

adoption). 

Finally, it would be valuable to explore the long-term career outcomes associated with 

the learning pathways identified in this study. Do developers who follow the “optimal” learning 

strategies (as our analysis suggests) experience greater career satisfaction, faster promotions, or 

more innovation output? These outcomes weren’t measured in our dataset but are critical from an 

HRD perspective. They tie into the notion of career success beyond salary, including aspects like 

job satisfaction, employability, and the ability to adapt to future changes. Such research would 

further bridge the gap between short-term market value indicators and long-term human 

development outcomes. 

In summary, while our study sheds light on the economics of technical skill development 

and learning, it also opens several questions. We encourage future researchers to build on these 

findings with longitudinal, multi-method, and broader scope studies to deepen our understanding 

of developing human capability in fast-changing fields. 

  



Implications 

For HRD practitioners and organizational leaders, our findings yield several actionable 

implications for talent development and workforce strategy: 

1. Strategic skill development: The differential valuation of technical skills provides 

empirical guidance on where to focus training investments. Organizations seeking to 

maximize the return on investment (ROI) in technical training should prioritize high-

premium skills such as cloud computing, AI/ML, and DevOps. These areas were shown 

to command the highest market premiums in compensation. However, it is important to 

tailor skill development initiatives to the specific context and needs of the organization, 

rather than blindly following general market trends. For example, a company operating in 

a niche domain should identify which technical skills are most critical for its future and 

develop those, even if they are not the top global premium skills. The key implication is 

to use data (whether from this study or internal analytics) to inform strategic human 

capital development, ensuring that training resources are channeled into skills that will 

yield tangible performance and competitive benefits. 

2. Foster blended learning pathways: Our results on learning approach effectiveness suggest 

that organizations should adopt a blended learning strategy that emphasizes both 

authoritative resources and community engagement. The high premium associated with 

documentation-focused learning indicates that organizations would benefit from investing 

in creating and curating high-quality technical documentation and knowledge bases. This 

could mean improving internal documentation for systems and processes, as well as 

training employees in how to effectively use external documentation (an often under-

taught skill). Simultaneously, the substantial premiums for community-based learning 



highlight the value of communities of practice. Companies should encourage and 

facilitate knowledge sharing networks—both internally (e.g., via mentorship programs, 

internal forums, lunch-and-learn sessions, hackathons) and externally (e.g., sponsoring 

attendance at meetups, contributing to open-source). By doing so, organizations leverage 

social capital: when employees actively participate in broader professional communities, 

they not only bring back knowledge but also raise the organization’s profile and 

connectivity. Essentially, the implication is to design HRD programs that blend formal 

and informal learning—for instance, an employee development plan might include 

structured courses, self-study time for reading documentation, and goals for community 

contributions. 

3. Stage-specific learning interventions: The variation in learning effectiveness across 

career stages provides a blueprint for stage-appropriate HRD programs. Organizations 

should provide structured, guided learning experiences and mentorship for early-career 

developers, who need support in building their foundational skills. This might involve 

rotational training programs, pairing juniors with mentors, and offering interactive 

training platforms. For mid-career professionals, development initiatives should pivot 

towards self-directed learning opportunities—ensuring they have access to up-to-date 

documentation, challenging projects (perhaps via involvement in open-source or cross-

functional teams), and time for self-driven skill expansion. For senior developers, HRD 

should focus on leveraging their expertise and facilitating knowledge leadership. 

Companies can involve senior staff in teaching roles (leading workshops, mentoring, 

writing technical whitepapers) and ensure they remain engaged with cutting-edge 

knowledge through research collaborations or conference participation. Importantly, 



senior employees should also be supported in continuous learning—just because they are 

experts does not mean learning stops. Encouraging a growth mindset at all levels is 

crucial. Aligning learning interventions with these changing needs and capabilities will 

likely yield better engagement and outcomes. A junior developer overwhelmed with self-

study might flounder, whereas a senior developer forced into rudimentary training might 

disengage; our findings can help avoid such mismatches. 

Overall, these implications underscore a shift toward evidence-based HRD practice. By 

quantitatively identifying what skills and learning approaches matter most, HRD professionals 

can move beyond intuition or tradition in designing development programs. The notion of a 

“Learning Pathway Matrix” emerges from our study: essentially a framework that organizations 

can use to map out which combinations of skills and learning experiences to encourage for 

employees in different roles and career stages to maximize their growth and value. Implementing 

such a data-informed framework could improve the efficiency of training spend and the 

effectiveness of talent development initiatives. 

At a higher level, organizations that heed these insights are likely to enhance their agility 

and resilience. In an era of rapid technological change and skill gaps (Schwartz et al., 2023), a 

company that knows which skills to build and how to build them (and for whom) will be better 

positioned to innovate and adapt. For HRD practitioners, our research reinforces the importance 

of continuously analyzing workforce data – the same approach we applied can be mirrored with 

internal data to tailor strategies to one’s specific organizational context. The integration of 

explainable AI tools into HR analytics, as demonstrated here, can thus become a part of the 

strategic HRD toolkit, guiding decisions on learning and development investments. 

Conclusion 



This study examined the relationships between technical skills, learning approaches, and 

economic outcomes in the software developer labor market, using an interpretable machine 

learning approach. By integrating concepts from human capital theory and adult learning theory, 

we provided empirical evidence for the differential valuation of specific technical skills and 

learning strategies. Our findings highlight that experience and cutting-edge technical skills 

substantially boost developers’ market value, and that how developers learn – through 

documentation, communities, and other pathways – also makes a measurable difference. These 

insights bridge data-driven analysis with HRD theory, illustrating, for example, how community 

engagement and self-directed learning contribute to human capital in ways that traditional 

metrics might overlook. 

Theoretically, the research contributes to HRD knowledge by quantifying how context 

(career stage, domain) influences the returns to skills and learning, suggesting refinements to 

existing theories of human capital, social learning, and career development. Practically, it 

establishes a framework for evidence-based HRD: organizations and individuals can use these 

results to make informed decisions about where to invest time and resources in skill 

development. The notion of a strategic learning pathway emerges – one that aligns individual 

growth with organizational goals and market trends, supported by explainable AI insights. 

In conclusion, as the technical landscape continues to evolve, HRD practices must evolve 

with it, leveraging data and theory in tandem. This study demonstrates the value of combining 

large-scale data analysis with solid theoretical grounding to unravel the complexity of workforce 

development in a high-tech domain. By doing so, we take a step toward more strategic, adaptive, 

and impactful human resource development, where both employees and organizations can thrive 

on the frontier of technological change. 
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