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Abstract—This study aims to predict job automation risk in the era of artificial intelligence (AI) using a leakage-aware Random
Forest Regression approach. The automation risk score, defined as a composite index derived from task exposure to Al,
occupational routine intensity, and technological susceptibility indicators sourced from the Al Impact Jobs Dataset, serves as the
target variable. The dataset comprises 5,000 job vacancy records from 44 countries across 9 industries spanning 2010 to 2025. A
rigorous methodological framework is applied by systematically identifying and eliminating potential data leakage features,
including ai_intensity score, reskilling_required, and ai_mentioned, which were found to share mathematical or conceptual
derivation paths with the target variable. The model is evaluated using R?, RMSE, MAE, and MAPE with 5-fold cross-validation.
The results show that the model achieves an R? score of 0.8087 on testing data, with RMSE of 0.1129 and MAE of 0.0893. Feature
importance analysis reveals that salary_change vs_prev_year_percent is the most influential predictor (55.85%), which, although
indicative of dominance bias typical in synthetic datasets, aligns with economic theories linking wage dynamics to automation
incentives. The findings demonstrate that leakage control significantly reduces inflated performance estimates (from R? = 0.8857
to 0.8087), and that Random Forest Regression provides a robust predictive framework for tabular socio-economic data when
combined with rigorous preprocessing. This study contributes a methodological template for preventing data leakage in labor
market prediction tasks.
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1. INTRODUCTION

The rapid advancement of artificial intelligence (Al) has fundamentally reshaped labor market structures across
countries, industries, and occupational groups. While Al-based automation enhances productivity and reduces time
for routine tasks, it simultaneously creates employment uncertainty as many occupations face partial or full task
exposure to Al-enabled systems [1], [2]. The World Economic Forum projects that job requirements will change
substantially over the next five years, while OECD evidence demonstrates that Al use at work may improve wages
but also introduces risks related to privacy, workload intensity, and algorithmic bias [2], [3]. Recent work on large
language models reveals that a large share of the workforce may face task-level exposure to generative Al, including
occupations previously considered insulated from automation, such as professional, analytical, and knowledge-
intensive roles [4], [5]. These developments indicate that the central challenge is no longer whether Al will affect
work, but how to develop quantitative models capable of identifying which jobs are most vulnerable in a way that is
empirically reliable, methodologically sound, and useful for decision-making.

Within the machine learning literature on labor market prediction, several recent studies have demonstrated
the potential of data-driven approaches for estimating automation exposure and employment displacement. Frey and
Osborne pioneered the use of probability-based classification to estimate automation susceptibility across 702
occupations, demonstrating that routine-intensive roles face significantly higher displacement risk [6] Following this,
various researchers have extended automation prediction using task-based frameworks, exposure scoring
methodologies, and occupation-level feature engineering [4], [5], [7]. More recently, Aum et al. employed machine
learning models to forecast occupational exposure to Al, revealing that Al adoption follows heterogeneous patterns
across skill levels and industry sectors [8]. Similarly, Brisse et al. applied NLP-based approaches to measure
automation exposure from job postings, demonstrating that text-derived features can effectively capture the task
composition of occupations [6], [9].These studies collectively highlight the growing application of computational
methods in labor market analytics, yet they predominantly rely on exposure-based indices rather than predictive
modeling frameworks that can quantify the contribution of individual predictors to automation risk [9], [10], [11].

Despite these advances, critical methodological challenges remain in building reliable predictive models for
automation risk. Data leakage, defined as the unintentional incorporation of information unavailable at prediction time
into the training process, represents one of the most pervasive and underestimated threats to model validity in machine-
learning-based science [10] Kapoor and Narayanan demonstrate that data leakage is widespread across scientific
disciplines and can produce overly optimistic performance estimates that fail to replicate in real-world deployment
[12]. Apicella et al. further detail how leakage occurs during preprocessing, feature construction, and train-test
splitting, particularly in applied socio-economic prediction where future-oriented targets can be unintentionally
contaminated by derived variables [13]. In the context of automation risk prediction, this concern is especially acute
because many commonly available features such as Al adoption indicators, reskilling requirements, and Al intensity
scores may share mathematical derivation paths with the target variable, creating hidden dependencies that artificially
inflate performance metrics.
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Tree-based ensemble methods have emerged as strong candidates for tabular and socio-economic data
prediction. Grinsztajn et al. provide compelling evidence that tree-based models, including Random Forest and
gradient-boosted trees, remain highly competitive on typical tabular datasets, often outperforming deep learning
approaches when data are structured and feature interactions are complex [14]. Among ensemble methods, Random
Forest Regression offers a practical balance between predictive power and interpretability: it captures nonlinear
relationships, models interactions among predictors, and provides built-in feature importance analysis while remaining
robust against noisy features [14], [15]. While modern boosting algorithms such as XGBoost and LightGBM
frequently achieve marginally higher accuracy on benchmark tasks, Random Forest was selected for this study for
three specific reasons. First, Random Forest is less prone to overfitting on small-to-moderate datasets due to its
bagging mechanism, which provides implicit regularization through bootstrap aggregation [15], [16]. Second, feature
importance from Random Forest is more stable and less sensitive to hyperparameter settings compared to impurity-
based importance in boosted trees, which is critical for reliable interpretation in socio-economic applications [14],
[17]. Third, the parallelizable nature of Random Forest training and the absence of sequential dependency make it
more transparent and reproducible, aligning with the methodological rigor required for leakage-aware modeling.
Hyperparameter optimization through GridSearchCV further ensures that the model achieves strong generalization
performance while maintaining stability across cross-validation folds [15].

Several research gaps motivate this study. First, while existing literature has explored automation exposure
through descriptive and classification-based approaches, there is limited work on regression-based prediction that
quantifies continuous automation risk scores at the job level using structured labor market features. Second, despite
growing awareness of data leakage in machine learning research, few studies in the labor market domain explicitly
identify and quantify the impact of leakage-prone features on model performance. Third, the interpretation of feature
importance in automation prediction remains underexplored, particularly regarding the distinction between genuine
predictive signals and dominance artifacts that may arise from synthetic or derived datasets. To address these gaps,
this study implements Random Forest Regression to predict job automation risk using a leakage-aware methodological
framework. The research objectives are threefold: (1) to develop a reliable regression model for estimating automation
risk at the job level; (2) to systematically identify and eliminate data leakage features and quantify their impact on
performance estimates; and (3) to analyze feature importance contributions and critically evaluate their interpretability
in the context of automation risk. The expected contribution is twofold: first, to provide an empirically validated,
leakage-aware methodological template for automation risk prediction; and second, to demonstrate through
comparative analysis that rigorous preprocessing and leakage prevention are indispensable for trustworthy machine
learning applications in socio-economic research.

2. RESEARCH METHODOLOGY
2.1 Research Stages

This study follows a structured machine learning pipeline consisting of data inspection, target clarification, data
leakage screening, preprocessing, model development, and evaluation. The workflow is designed to ensure that all
input features represent information available at prediction time and are not influenced by post-outcome variables,
thereby maintaining the validity of the predictive modeling process [18]. The overall process illustrated in Figure 1.

Data Exploration Data Leakage Identification

Data’Colection (Descriptive Statistic, Distribution) (3 Features Removed)

Baseline Model Data Splitting Data Preprocessing

(Linear Regression) (Train-Test 80: 20) (Label Encoding, 11 Final Features)
Random Forest Regression Model Evaluation Result Analysis
(GridSearchCV 5-Fold CV) (R . RMSE. MAE, MAPE) (Feature Importance, Leakage Impact)

Figure 1. Research Methodology Flowchart

The flowchart illustrates the nine-stage research pipeline. The study begins with data collection from the Al
Impact Jobs Dataset (5,000 records), followed by exploratory data analysis to examine descriptive statistics and data
distributions. A critical data leakage identification stage is then performed, where three features (ai_intensity score,
reskilling_required, and ai_mentioned) are removed to prevent information leakage that could artificially inflate model
performance [14]. The flowchart illustrates the nine-stage research pipeline. The study begins with data collection
from the Al Impact Jobs Dataset (5,000 records), followed by exploratory data analysis to examine descriptive
statistics and data distributions. A critical data leakage identification stage is then performed, where three features
(ai_intensity score, reskilling required, and ai_mentioned) are removed to prevent information leakage that could
artificially inflate model performance [13].
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The modeling phase adopts a two-stage approach, beginning with a Linear Regression baseline followed by
Random Forest Regression with hyperparameter optimization using GridSearchCV and 5-fold cross-validation across
48 parameter combinations [18]. The optimal configuration (n_estimators = 200, max_depth = 20, max_features =
0.5) is selected based on cross-validated R?. Model performance is evaluated using R?2, RMSE, MAE, and MAPE,
followed by analysis of feature importance and the impact of data leakage mitigation [15].

2.2 Dataset Description

The dataset used in this study consists of structured tabular data representing job characteristics, company attributes,
geographic information, and economic indicators across multiple sectors. A summary of the dataset is presented in
Table 1.

Table 1. Dataset Characteristics

Characteristic Description
Number of Records 5,000
Time Period 2010-2025
Coverage 44 Countries
Number of Features 22 Variables
Target Variable automation_risk score
Data Type Tabular

Table 1 shows that the dataset represents global labor market conditions across diverse industries, enabling
analysis of automation risk across economic sectors and supporting understanding of heterogencous technological
impacts on employment [1], [2]. The dataset was selected due to its multi-sector, cross-country coverage and temporal
span (2010-2025), which support robust and generalizable analysis. The inclusion of economic, contextual, and
geographic variables enables the model to capture complex interactions affecting automation risk [14], [18].

This study formulates the problem as a regression task to predict automation_risk score from input features.
Unlike classification-based approaches that assign jobs into discrete categories, regression modeling captures
continuous variation in automation susceptibility and allows more granular interpretation of occupational risk patterns
[14], [19].

The target variable, automation_risk score, is provided as part of the original Al Impact Jobs Dataset and
represents a normalized composite index designed to estimate the susceptibility of a job to automation. Conceptually,
the score is constructed from three core dimensions: task exposure to Al technologies, occupational routine intensity,
and technological susceptibility of the job environment. The conceptual formulation can be represented as Equation
1):
w1 (TAI) + w,(ORI) + w3 (TSI)

wi +wy + w3

AutomationRisk = (1

where TAI denotes Task Exposure to Al, ORI represents Occupational Routine Intensity, and TSI refers to
Technological Susceptibility Indicators. The weighting parameters (wy, w,, w3) represent the relative contribution
of each component to the final automation risk score.

However, it is important to note that the original dataset provider does not publicly disclose the exact weighting
scheme, normalization method, or scoring procedure used to generate this target variable. Therefore, Equation (1) is
presented as a conceptual representation of the score construction based on the dataset documentation, rather than the
exact proprietary formula [18], [19].

This limitation has important methodological implications. Since the target variable is derived from structured
indicators rather than empirical post-automation employment outcomes, the model should be interpreted as predicting
relative automation exposure patterns instead of absolute real-world displacement probabilities. Nevertheless,
composite proxy targets remain widely used in socio-economic machine learning research when direct observational
labels are unavailable, particularly for emerging labor-market phenomena involving Al adoption [14], [18].

2.3 Data Leakage Identification

Leakage identification ensures the model uses only information available at prediction time. Detection is based on
three criteria: high correlation, derived variables, and temporal relevance [12]. Highly correlated features may act as
proxies for the target. Derived variables may include post-outcome information, while temporal leakage involves
future data.

Table 2. Data Leakage Identification

Feature Indicator Type Action
ai_intensity score High Correlation Target Leak Removed
reskilling_required Derived Variable Derived Removed

ai_mentioned Derived Variable Derived Removed
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Based on these criteria, three features were identified as leakage sources. ai_intensity score showed very high
correlation with the target, indicating a proxy relationship. reskilling required and ai_mentioned were identified as
derived variables likely unavailable at prediction time.

These features were removed prior to model training to improve validity and generalization. Addressing data
leakage is critical, as failure to do so can lead to misleading results and poor real-world performance [12].

2.4 Feature Engineering

Feature engineering was conducted by transforming raw variables into structured representations suitable for machine
learning models. Categorical variables were converted into numerical form using Label Encoding, a widely used
technique for handling categorical data in tabular datasets without significantly increasing dimensionality [15]. After
removing data leakage features, a total of 12 features were retained for model training to ensure unbiased evaluation
and realistic predictive conditions [12].

The features were grouped into five semantic categories: temporal, geographic, contextual, economic, and
embedding features. This grouping improves representation of heterogeneous data and enhances interpretability by
enabling feature importance analysis at both individual and category levels [14].

Table 3. Final Feature Set

Category Features
Temporal posting_year
Geographic country_encoded, region_encoded
Contextual company_size_encoded, industry _encoded, job_title encoded,
seniority level encoded, industry ai_adoption stage encoded
Economic salary usd, salary change vs prev_year percent
Embedding job description embedding cluster

2.5 Data Preprocessing

Data preprocessing was conducted to ensure data quality, consistency, and suitability for machine learning modeling.
Missing value assessment across 22 variables showed that only ai_keywords and ai_skills contained null values (3,377
entries each, representing 67.5% of the dataset). Both variables were previously identified as conceptually related to
Al exposure and were excluded during leakage screening. After their removal, the final dataset contained no missing
values; therefore, no imputation procedure was required. Proper handling of missing data is essential, as inappropriate
imputation may introduce statistical bias and reduce model generalization performance [20], [21].

Categorical variables were transformed into numerical representations using Label Encoding. Seven
categorical features were encoded: country, region, company size, industry, job title, seniority level, and
industry ai adoption_stage. The encoded representations allowed tree-based models to process heterogeneous
categorical information while maintaining computational efficiency [22]. Table 4 summarizes the categorical
encoding process applied in this study.

Table 4. Categorical Variable Encoding Summary

Category Variable Encoded Name Unique Values
Categorical country country encoded 44
Categorical region region_encoded 5
Categorical company_size company_size encoded 3
Categorical industry industry encoded 9
Categorical job_title job_title_encoded <97
Categorical seniority level seniority level encoded 4
Categorical industry ai adoption stage industry ai adoption stage encoded 3

Among these variables, job _title exhibits the highest cardinality, containing up to 97 unique occupational
categories. In principle, One-Hot Encoding is often preferred for nominal categorical variables because it avoids
introducing artificial ordinal relationships. However, applying One-Hot Encoding to job_title would substantially
increase feature dimensionality, resulting in a sparse feature matrix and potentially reducing interpretability while
increasing computational complexity during cross-validation and hyperparameter optimization [19], [22].

For this reason, Label Encoding was selected as a more computationally efficient representation in the current
dataset setting. This choice is supported by prior studies showing that tree-based ensemble models such as Random
Forest can often handle integer-encoded categorical variables effectively without significant degradation in predictive
performance compared to sparse encoding alternatives [14], [22].

Nevertheless, this approach has an acknowledged limitation. Label Encoding on high-cardinality features such
as job_title may introduce unintended ordinal relationships that do not reflect true semantic similarity between
occupations. Although the recursive splitting mechanism of Random Forest partially mitigates this effect by learning
non-linear decision boundaries rather than relying on linear distances, the potential encoding bias remains [14], [19].
Therefore, future studies may explore alternative representations such as target encoding, frequency encoding, or
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learned embedding representations to better preserve semantic relationships across occupations while maintaining
model efficiency [22].

2.6 Data Splitting Strategy

The dataset was divided into training (4,000) and testing (1,000) sets using an 80:20 ratio with random_state = 42 to
ensure reproducibility. Stratification was not applied because the target variable is continuous. The 80:20 split
provides a balance between training and evaluation and is widely adopted in machine learning practice [23]. Data
splitting was performed after feature encoding and before model training to ensure that the test set remained
completely unseen, preventing data leakage and enabling unbiased performance evaluation [24].

The use of a fixed random seed ensures consistent data partitions across runs, supporting reproducibility. Prior
studies have shown that uncontrolled randomness in train-test splitting can affect model performance and reliability,
reinforcing the use of fixed random_state in this study [25].

2.7 Random Forest Regression Algorithm

Random Forest is an ensemble learning method that builds multiple decision trees and outputs their average prediction
for regression tasks. Proposed by Breiman (2001), it combines bootstrap sampling (bagging) with random feature
selection at each split, producing a model that reduces variance and mitigates overfitting while capturing non-linear
relationships [16], [19].

Each tree is trained on a bootstrap sample of size n drawn with replacement. At each split, a random subset of
m features (typically Vp or a fraction of p) is evaluated using variance minimization. Final predictions are obtained by
averaging all tree outputs, resulting in more stable and accurate estimates compared to a single tree.

Recent studies show that tree-based ensemble methods, including Random Forest, often outperform deep
learning models on tabular data [14]. Its stochastic design also provides implicit regularization, making it effective
for moderate-sized datasets such as the 5,000 records used in this study [19].

2.8 Hyperparameter Tuning Configuration

Hyperparameter optimization was conducted using GridSearchCV with 5-fold cross-validation to evaluate
combinations of key Random Forest parameters: n_estimators, max_depth, min_samples_split, min_samples_leaf,
and max_features. A total of 48 combinations were tested, with R? used as the scoring metric.

Table 5. GridSearchCV Hyperparameter Configuration

Hyperparameter  Values Tested Optimal Description
n_estimators 100, 200 200 Number of trees in the forest
max_depth 10, 20, None 20 Maximum depth of each tree
min_samples_split 2,5 2 Min samples to split a node
min_samples_leaf 1,2 1 Min samples at a leaf node
max_features sqrt, 0.5 0,5 Features considered per split

The optimal configuration consisted of 200 trees (n_estimators), max depth = 20, max_ features = 0.5,
min_samples_split =2, and min_samples_leaf = 1. This model achieved a cross-validated R? of 0.7750, indicating it
explains 77.50% of the variance in the target variable. The results suggest that increasing the number of trees improves
performance, while limiting tree depth helps control overfitting.

2.9 Evaluation Metrics

Model performance was evaluated using four regression metrics: R?, RMSE, MAE, and MAPE, along with 5-fold
Cross-Validation (K-Fold CV) to assess stability and generalization. R? provides a normalized measure of explained
variance and is considered more informative than other metrics when used individually [16]. RMSE penalizes large
errors, MAE measures average error magnitude, and MAPE expresses error in percentage terms for easier
interpretation across scales.

K-Fold CV (K=5) partitions the training data into five folds, where the model is trained on four folds and
validated on the remaining fold, repeated five times. The mean and standard deviation of the scores indicate
performance and consistency. In this study, the CV standard deviation of 0.0321 suggests stable model performance.
K values between 5 and 10 are widely considered effective for balancing bias and variance in performance estimation
and reducing optimistic bias from a single train-test split [21], [26].

3. RESULT AND DISCUSSION
3.1 Exploratory Data Analysis

This subsection presents an exploratory analysis covering the target variable distribution, temporal trends, cross-
industry comparisons, and correlation patterns, conducted on the full dataset of 5,000 records prior to model training.
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3.1.1 Distribution of Automation Risk Score

Figure 2 presents the histogram of automation risk score. The distribution exhibits a left-skewed pattern with the
majority of data points concentrated between 0.4 and 0.8. The mean score is approximately 0.57, indicating moderate-
to-high average automation risk. A peak around 0.55-0.65 suggests that a substantial proportion of jobs fall into a
moderate risk category, while very few jobs approach a risk score of 1.0, indicating that near-complete automation
risk is rare in the current labor market.

Distribution of Automation Risk Score
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Figure 2. Distribution of Automation Risk Score
3.1.2 Automation Risk Trend Over Time

Figure 3 displays the annual average automation risk score from 2010 to 2025, revealing a consistent downward trend.
The average risk score decreased from approximately 0.71 in 2011 to 0.41 in 2024, representing a relative risk
reduction of approximately 41%. A notable decline occurred between 2012 and 2016, followed by relative
stabilization between 2017 and 2020, and a further acceleration from 2021 to 2024.

It is important to acknowledge that this downward trajectory contradicts prevailing global literature. Recent
estimates by the OECD [3] and the World Economic Forum [2] project increasing disruption from Al-driven
automation, particularly following the widespread adoption of generative Al after 2022, with prior studies estimating
that a substantial share of employment faces elevated automation risk. This discrepancy requires careful examination,
as it may reflect dataset-specific characteristics rather than genuine labor market dynamics.

Three plausible explanations warrant discussion. First, the dataset may reflect a compositional shift in job
postings over time: as organizations increasingly post vacancies for Al-augmented roles requiring human-Al
collaboration, the average measured automation risk would naturally decline. This interpretation is consistent with
Acemoglu and Restrepo's [27] reinstatement hypothesis, which posits that automation simultaneously displaces tasks
and creates new labor-reintegrated tasks. Second, the target variable is a composite index derived from structured
indicators; if the score construction assigns lower weights to Al-collaboration tasks that have become more prevalent,
the apparent decline may be an artifact of the score methodology rather than genuine risk reduction. Third, the
synthetic nature of the dataset raises the possibility that the data generation algorithm embeds assumptions about
temporal risk reduction that may not hold empirically. A supplementary analysis confirmed that salary change rates
showed no systematic monotonic trend, suggesting the risk decline does not simply mirror wage dynamics.
Nevertheless, future research using independently collected data such as the O¥*NET database is needed to resolve this
ambiguity.
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Figure 3. Automation Risk Trend per Year (2010-2025)
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3.1.3Industry Comparison

Figure 4 compares average automation risk across nine industry sectors. Agriculture exhibits the highest risk (0.618),
followed by Manufacturing (0.596) and Transportation (0.581), consistent with their high routine-task intensity.
Finance (0.513), Technology (0.517), and Healthcare (0.529) display the lowest scores, reflecting higher cognitive
complexity and regulatory requirements. The 10.5 percentage-point differential between highest and lowest risk
sectors indicates meaningful variation. These findings align with OECD [3] projections on sectoral automation
susceptibility, though the generative Al revolution since 2022 may challenge these traditional sector boundaries as
large language models demonstrate capability in previously insulated tasks.

Automation Risk per Industry
Government
Healthcare
Manufacturing
Energy
Retail
Education
Tech

00 0.1 0.2 03 0.4 05 0.6
Average Automation Risk Score

Figure 4. Automation Risk Comparison by Industry
3.1.4 Correlation Analysis

Figure 5 presents the Pearson correlation heatmap. The strongest correlation with the target is ai_intensity score (r =
-0.875), which was removed during leakage screening as a proxy variable. Among retained features,
salary change vs prev_year percent shows a moderate positive correlation (r = 0.412), and posting_year shows a
moderate negative correlation (r = -0.415), consistent with the temporal trend. Multicollinearity among predictors is
generally low, with the highest inter-predictor correlation at r = 0.08 between salary usd and
salary change vs prev_year percent.
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Figure 5. Correlation Heatmap of Key Numerical Variables
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3.2 Model Performance Comparison

The Random Forest model demonstrated superior performance compared to the baseline Linear Regression model, as
presented in Table 6.

Table 6. Model Performance Comparison

Model R? RMSE MAE MAPE
Random Forest ~ 0.8087 0.1129 0.0893 25.95%
Linear Regression  0.62 0.21 0.17 38%

Random Forest explains approximately 80.87% of the variance, confirming that the relationships between
features and automation risk are highly non-linear. This finding aligns with Grinsztajn et al. [14], who demonstrated
that tree-based models outperform deep learning on structured tabular data. The RMSE of 0.1129 indicates that
predictions deviate by approximately 0.11 on average. The 19 percentage-point R? improvement over Linear
Regression highlights the importance of selecting appropriate modeling techniques for socio-economic prediction
tasks.

3.3 Actual vs. Predicted Values

Figure 6 shows the scatter plot of actual versus predicted values. Most data points concentrate around the diagonal for
the central risk range (0.3—0.7), indicating good agreement for typical job categories. However, the scatter plot reveals
a critical limitation that must be explicitly acknowledged: the model exhibits systematic underperformance for
extreme automation risk values. Data points above 0.75 show noticeable deviation from the diagonal, with the model
consistently underpredicting actual risk scores. This compression effect is attributable to the left-skewed distribution
of the target variable (Figure 2), which provides insufficient training examples for extreme cases. Segmented error
analysis confirmed that prediction errors in the highest quartile (above 0.65) are approximately 2.3 times larger than
in the middle quartiles, with mean absolute error of 0.164 for high-risk jobs compared to 0.078 for the mid-range
group. This limitation is partly algorithmic, as tree-based models cannot extrapolate beyond the training distribution.
Future work should explore quantile regression forests or models with explicit tail loss functions to improve extreme
value prediction.
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Figure 6. Comparison of Actual and Predicted Values
3.4 Impact of Data Leakage

To evaluate the impact of data leakage on model performance, a comparison was conducted between the model using
all features (with leakage) and the model with leakage features eliminated (without leakage). The comparison results
are presented in Table 7.

Table 7. Model Performance Comparison: With Leakage vs Without Leakage

Model R? RMSE CV Mean CV Std
With Leakage  0.8857 0.0873 0.8760 0.0114
Without Leakage 0.8087 0.1129  0.7750 0.0321

The model with leakage achieved R? = 0.8857, but this improvement is misleading as it results from information
unavailable at prediction time. After removing leakage features, R? decreased to 0.8087—a 7.7 percentage-point
reduction that reflects more realistic performance. Critically, CV Std increased from 0.0114 to 0.0321, revealing that
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leakage had created an illusion of consistency. These findings reinforce the importance of rigorous leakage detection
protocols, as emphasized by Kapoor and Narayanan [12].
3.5 Feature Importance Analysis

Feature importance analysis reveals a highly concentrated distribution dominated by economic variables, as presented
in Table 8 and Figure 7.

Table 8. Feature Importance

Feature Importance (%)  Category
salary change vs prev _year percent 55.85 Economic
salary usd 19.92 Economic
posting_year 6.01 Temporal
region_encoded 4.06 Geographic
country encoded 2.65 Geographic
job_description_embedding_cluster 2.52 Embedding
industry encoded 2.13 Contextual
job_title encoded 1.95 Contextual
industry ai adoption_stage encoded 1.94 Contextual
seniority level encoded 1.56 Contextual
company_size encoded 1.56 Contextual

Top 10 Feature Importance

salary_change_vs_prev_year_percent 0558

salary_usd 0.199

posting_year 0.060

region_encoded 0041

country_encoded 0026

job_description_embedding_cluster 0025

0021

industry_encoded

job_title_encoded 0.020

industry_ai_adoption_stage_encoded 0019

seniority_level_encoded il 0.016
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Figure 7. Feature Importance Visualization

The dominance of salary change vs prev_year percent at 55.85% warrants critical scrutiny. While a strong
wage-automation relationship is theoretically plausible based on recent labor economics literature emphasizing cost-
efficiency as a driver of automation adoption, this extreme concentration raises concerns about potential dominance
bias a phenomenon where the target and dominant feature share a common derivation path. This concern is relevant
because automation_risk score is itself a composite index rather than an independently observed outcome.

3.5.1 Critical Examination of Dominance Bias

The two salary features collectively account for 75.77% of total importance, leaving only 24.23% for nine remaining
features. This extreme concentration strongly suggests that the model's predictive power is largely driven by the
economic component of the composite score rather than genuinely independent predictors. The automation_risk score
is derived from task exposure, routine intensity, and technological susceptibility indicators; if any component
incorporates wage-related variables as economic theory would predict salary features would share a partial derivation
path with the target, creating an undetected leakage effect.

This differs from the three features explicitly removed during leakage screening (ai_intensity score,
reskilling_required, ai_mentioned), which exhibited near-deterministic correlations with the target. The salary features
show only moderate correlation (r = 0.412), meaning they could plausibly represent independent economic signals.
However, in the context of a composite target, even moderate correlations may reflect partial derivation overlap.

To investigate, a leave-one-out ablation analysis was performed. Removing
salary change vs prev_year percent reduced R? from 0.8087 to 0.6234; removing salary usd reduced it to 0.7102.
Crucially, removing both salary features simultaneously dropped R? to 0.5412. This confirms that non-economic
features still explain 54.12% of variance—a non-trivial amount validating the predictive contribution of industry,
geographic, and temporal factors. The authors acknowledge that the true nature of the salary-target relationship cannot
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be definitively resolved without access to the exact score construction formula. If derivation overlap is confirmed, the
effective R? attributable to genuinely independent predictors would be approximately 0.54.

3.6 Discussion and Comparison with Previous Research

The R? of 0.8087 aligns with comparable tabular prediction studies [14]. A key methodological distinction is this
study's explicit leakage treatment: the 7-8 percentage-point inflation from leakage provides concrete evidence
supporting Kapoor and Narayanan's [ 12] call for rigorous leakage detection. The feature importance structure diverges
from established task-based automation frameworks, which emphasize routine-task composition as the primary
automation determinant. Task-related features in this study account for only 4.47% of importance versus 75.77% for
economic features a discrepancy likely reflecting the dataset's lack of explicit task-composition variables such as
manual dexterity or social interaction intensity requirements. The declining temporal trend further distinguishes this
study from literature projecting increasing disruption, highlighting a fundamental limitation of constructed datasets
where observed patterns may reflect data generation assumptions rather than empirical reality.

3.7 Practical Implications

The findings offer specific, evidence-grounded implications. First, the dominance of salary features (75.77%) suggests
wage dynamics serve as the most accessible early warning signal; policymakers should establish occupational wage
monitoring systems that track year-over-year salary change rates, flagging occupations with sustained stagnation in
routine-intensive sectors such as Agriculture (0.618) and Manufacturing (0.596) for targeted reskilling intervention.
Second, the 7.7 percentage-point R? inflation from leakage demonstrates that organizations deploying workforce
analytics must systematically screen derived features including attrition scores and Al readiness indices for leakage
potential. Third, the model's 2.3x larger errors for high-risk occupations mean policymakers should treat predictions
for extreme-risk occupations as lower-bound estimates and supplement them with qualitative expert assessments.
Fourth, the 10.5 percentage-point cross-industry risk differential suggests reskilling investment should be
proportionally directed toward Agriculture, Manufacturing, and Transportation, prioritizing digital literacy and
human-AI collaboration skills aligned with lower-risk sector profiles.

4. CONCLUSION

This study developed a leakage-aware Random Forest Regression model for job automation risk prediction,
eliminating three leakage features (ai_intensity score, reskilling required, ai_mentioned) sharing derivation paths
with the composite target. Leakage removal reduced R? from 0.8857 to 0.8087 and revealed genuine cross-fold
variability (CV Std: 0.0114 to 0.0321), demonstrating that leakage inflates both accuracy and consistency. The model
outperformed Linear Regression by 19 percentage points, confirming tree-based ensembles' suitability for non-linear
socio-economic data. Feature importance identified salary change vs prev_year percent as the dominant predictor
(55.85%), with salary features collectively contributing 75.77%. Critical examination revealed this likely reflects
partial derivation overlap with the composite target ablation confirmed non-economic features still explain 54.12% of
variance, but the effective independent R? may be substantially lower. The model exhibited systematic failure for
extreme risk values, with errors 2.3 times larger for high-risk occupations (above 0.75) due to the left-skewed target
distribution. The downward risk trend (2010-2025) contradicts prevailing literature and may reflect dataset
construction artifacts. Key limitations include the composite proxy target preventing definitive signal separation, the
synthetic dataset's uncertain generalizability, absent task-composition features, and the model's inability to
extrapolate. Future work should validate findings using independent ground-truth datasets, incorporate Autor-Levy-
Murnane task-composition features, apply SHAP analysis, and explore quantile regression forests for extreme value
prediction.
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