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 A B S T R A C T 
In today's data-driven world, Human Resources (HR) departments are leveraging predictive analytics to enhance workforce 

management and optimize organizational performance. However, the complexity and heterogeneity of HR data, combined 
with the challenges of manual feature engineering, often limit the effectiveness and scalability of predictive models. This paper 
presents a novel framework for automated feature engineering tailored to predictive HR analytics, utilizing cloud-based Extract, 
Transform, Load (ETL) pipelines and advanced machine learning (ML) techniques. By automating the feature engineering process 
through the use of cloud services like AWS Glue, Amazon S3 and Amazon Sage Maker, this approach addresses key challenges 
such as HR data integration, feature generation and model interpretability. The framework generates HR-specific features-such 
as employee tenure, turnover risk and performance trends-using techniques like Deep Feature Synthesis, time series analysis and 
natural language processing (NLP). Results from experiments on real-world HR datasets demonstrate improved model accuracy, 
scalability and actionable insights compared to traditional methods. This study offers a scalable and efficient solution for HR 
departments of varying technical capabilities, democratizing access to advanced predictive analytics in the workforce domain.

Keywords: Automated feature engineering, predictive HR analytics, cloud-based ETL, machine learning, AWS, workforce 
management

1. Introduction
In the era of data-driven decision-making, Human Resources 

(HR) departments are increasingly turning to analytics to gain 
strategic insights and improve organizational performance. 
Predictive HR analytics, in particular, has emerged as a powerful 
tool for forecasting employee behavior, optimizing talent 
management and enhancing overall workforce productivity. 
However, the complexity of HR data, coupled with the challenges 
of feature engineering, has often hindered the widespread 
adoption and effectiveness of these analytical approaches.

Feature engineering, the process of creating meaningful 
features from raw data, is a critical yet time-consuming step in 

the machine learning pipeline. In the context of HR analytics, 
this process is further complicated by the diverse nature of HR 
data, which often includes a mix of structured and unstructured 
information, temporal data and complex interdependencies 
between variables. Traditional manual feature engineering 
approaches are not only labor-intensive but also prone to human 
bias and oversight, potentially leading to suboptimal predictive 
models.

The advent of cloud computing and advanced machine 
learning techniques has opened new avenues for automating 
and optimizing the feature engineering process. Cloud-based 
Extract, Transform, Load (ETL) pipelines offer scalable and 
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emphasize the need for more robust methodologies and 
interdisciplinary approaches to fully leverage the potential of 
HR analytics.

Feature engineering techniques in machine learning

Feature engineering is a critical step in the machine learning 
pipeline, often determining the success of predictive models. 
Comprehensive overviews of feature engineering techniques 
include feature creation, selection and extraction methods. 
The importance of domain knowledge in feature engineering 
is widely recognized, as it often makes the difference between 
success and failure in machine learning projects. However, 
manual feature engineering is time-consuming and requires 
significant expertise.

Recent advancements in automated feature engineering have 
shown promise. Algorithms for automatic feature generation 
from relational databases and frameworks for feature engineering 
in time series data have demonstrated effectiveness in various 
domains.

Cloud-based ETL and ML pipelines

Cloud-based ETL (Extract, Transform, Load) and ML 
pipelines have gained popularity due to their scalability and 
flexibility. Research provides overviews of cloud-based data 
integration and analytics platforms, highlighting their advantages 
in handling large-scale data processing tasks.

Studies discuss the role of cloud computing in big data 
analytics, emphasizing its potential to democratize access to 
advanced analytical capabilities. They also address challenges 
related to data security and privacy in cloud environments.

In the context of ML pipelines, the concept of automated 
machine learning (AutoML) has been introduced, which aims to 
automate the end-to-end process of applying machine learning 
to real-world problems. Cloud-based AutoML platforms have 
made these capabilities more accessible to organizations without 
extensive data science resources.

Existing approaches to automated feature engineering

Automated feature engineering is an emerging field with 
several promising approaches. Frameworks for automatic feature 
generation using domain-specific languages have demonstrated 
significant improvements in model performance across various 
datasets.

Automated feature engineering systems that leverage meta-
learning to guide the feature generation process have shown 
the ability to discover useful features that human experts might 
overlook. In the context of HR analytics, automated feature 
engineering approaches for employee attrition prediction 
have been proposed. These methods combine domain-specific 
feature generation with statistical feature selection techniques, 
achieving improved predictive accuracy compared to manual 
approaches. Despite these advancements, challenges remain 
in adapting automated feature engineering techniques to the 
specific needs of HR analytics. Research highlights the unique 
characteristics of HR data, including its sensitive nature and 
complex relationships, which pose challenges for automated 
approaches.

This literature review reveals a gap in the integration of 
automated feature engineering techniques with cloud-based 

efficient data processing capabilities, while recent advancements 
in automated machine learning (AutoML) provide opportunities 
to streamline feature generation and selection. However, the 
integration of these technologies in the specific domain of HR 
analytics remains largely unexplored.

This paper presents a novel framework for automated feature 
engineering in predictive HR analytics, leveraging cloud-based 
ETL and machine learning pipelines. The proposed approach 
aims to address several key challenges in the field:

• The heterogeneity and complexity of HR data sources
• The need for scalable and efficient data processing
• The demand for robust and relevant feature generation
• The importance of interpretable and actionable insights for 

HR practitioners

By automating the feature engineering process, this research 
seeks to not only improve the accuracy and efficiency of predictive 
HR models but also to democratize the use of advanced analytics 
in HR departments of varying sizes and technical capabilities.

This study builds upon existing work in automated feature 
engineering, cloud computing and HR analytics. It extends these 
concepts by proposing a tailored solution for the HR domain, 
taking into account the unique characteristics and requirements 
of workforce data. The framework incorporates state-of-the-
art techniques in data preprocessing, feature generation and 
feature selection, all integrated within a cloud-based architecture 
designed for scalability and ease of use.

The objectives of this study are threefold:

• To design and implement an automated feature engineering 
framework specifically tailored for HR analytics, integrating 
cloud-based ETL and ML pipelines.

• To evaluate the effectiveness of the proposed framework in 
terms of predictive accuracy, computational efficiency and 
scalability, compared to traditional manual approaches.

• To assess the practical implications of automated 
feature engineering for HR practitioners, including the 
interpretability of generated features and the potential for 
new insights into workforce dynamics.

2. Literature Review 
A. Current state of HR analytics

HR analytics has evolved significantly in recent years, 
transitioning from descriptive to predictive and prescriptive 
analytics. It is defined as an HR practice enabled by information 
technology that uses descriptive, visual and statistical analyses 
of data related to HR processes, human capital organizational 
performance and external economic benchmarks to establish 
business impact and enable data-driven decision-making. Recent 
studies have shown the increasing adoption of HR analytics 
across various industries. Research highlights the potential of 
HR analytics in improving talent acquisition, retention and 
performance management. However, many organizations still 
struggle with implementing advanced analytics due to data 
quality issues and lack of analytical skills within HR departments.

Systematic reviews of HR analytics literature have identified 
key application areas such as employee turnover prediction, 
workforce planning and talent management. These studies 
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ETL and ML pipelines specifically tailored for HR analytics. 
The present study aims to address this gap by proposing a 
comprehensive framework that leverages the strengths of these 
individual components while addressing the unique challenges 
of HR data.

3. Methodology
The three HR-centric components work as follows:

• HR data integration and preprocessing pipeline: Centralizes 
and standardizes data from various HR systems.

• HR-specific automated feature engineering module: 
Generates relevant features based on HR domain knowledge 
and data patterns.

• HR predictive modeling pipeline: Builds and deploys 
models for specific HR use cases.

A. HR data integration and preprocessing pipeline

a. HR data source integration

• Human Resource Information Systems (HRIS): Extract 
core employee data including demographics, job history 
and compensation.

• Applicant Tracking Systems (ATS): Gather recruitment 
data such as source of hire, time-to-fill and candidate 
qualifications.

• Performance Management Systems: Collect performance 
ratings, goal achievement data and manager feedback.

• Employee Engagement Surveys: Incorporate periodic 
engagement scores and feedback on various workplace 
dimensions.

• Time and Attendance Systems: Extract data on work hours, 
overtime, absences and leave patterns.

• Learning Management Systems (LMS): Gather data on 
training completion, certifications and skill development.

b. HR-specific data cleaning and preprocessing

• Handling sensitive employee information: Implement 
encryption and access controls for salary data and 
performance ratings.

• Anonymizing personal identifiable information (PII): 
Replace names with unique identifiers and mask sensitive 
demographic data.

• Standardizing job titles and departments: Create a unified 
job taxonomy across different systems and business units.

• Normalizing performance ratings: Convert different rating 
scales (e.g., 1-5, 1-10) to a standard scale for comparability.

• Handling time-based HR events: Create consistent date 
formats and resolve conflicts in event sequencing (e.g., 
promotions, transfers).

c. HR data transformation and integration

Creating employee lifecycle timelines: Construct a chronological 
sequence of key events for each employee (e.g., hire, promotions, 
transfers, training).
Aggregating performance data: Calculate rolling averages 
and trends of performance ratings over specified periods (e.g., 
annual, bi-annual).
Integrating organizational hierarchy: Link employees to their 

managers, departments and business units to enable multi-level 
analyses.
Deriving tenure and career progression variables: Calculate 
length of service, time in current role and vertical/lateral move 
frequencies.

B. Automated Feature Engineering Engine for HR Analytics

This section forms the core of the paper, detailing the 
automated process of generating, selecting and evaluating 
features for HR predictive models.

a. Automated Feature Generation 

The engine employs several techniques to automatically 
generate HR-relevant features:

• Deep Feature Synthesis for HR:

• Automatically creates features from relational HR data

• Applies aggregation functions (mean, max, min, count) 
across related entities (e.g., average performance score of 
all employees under a manager)

• Generates time-based features (e.g., time since last 
promotion, frequency of training in the last year)

• Time Series Feature Extraction:

• Automatically extracts temporal patterns from HR time 
series data

• Generates features like trends, seasonality and anomalies 
in metrics such as performance ratings, engagement scores 
and absenteeism

• Text Feature Extraction:

• Applies NLP techniques to unstructured HR text data (e.g., 
performance reviews, survey responses)

• Automatically generates features like sentiment scores, 
topic distributions and key phrase extraction

• HR Domain-Specific Feature Templates:

• Utilizes predefined HR feature templates based on expert 
knowledge

• Automatically applies these templates to generate features 
like flight risk indicators, career progression metrics and 
skill gap analyses

b. Automated Feature Selection 

• The engine employs an automated multi-stage feature 
selection process:

• Relevance Filtering:

• Automatically calculates correlation coefficients or mutual 
information scores between generated features and target 
variables (e.g., turnover, performance)

• Removes features below a dynamically determined 
threshold

• Redundancy Elimination:

• Automatically identifies and removes highly correlated 
features

• Uses clustering techniques to group similar features and 
select representatives
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• Model-Based Selection:

• Employs wrapper methods with different ML algorithms to 
evaluate feature subsets

• Utilizes techniques like Recursive Feature Elimination 
(RFE) to iteratively select the best performing features

c. Automated Feature Evaluation 

• The engine automatically assesses the quality of generated 
features:

• Predictive Power Assessment:

• Automatically evaluates each feature’s contribution to 
model performance using techniques like permutation 
importance

• Calculates and tracks improvement in key HR metrics (e.g., 
turnover prediction accuracy, performance forecast error)

• Stability Analysis:

• Automatically assesses feature importance stability across 
different data subsets and time periods

• Employs techniques like bootstrap sampling to measure 
feature selection consistency

• HR Relevance Scoring:

• Utilizes a pre-trained model to automatically score features 
based on their relevance and interpretability in the HR 
context

• Considers factors like actionability, compliance with HR 
policies and alignment with organizational goals

• Continuous Learning and Optimization 

• The engine incorporates feedback loops for continuous 
improvement;

• Performance Tracking:

• Automatically monitors the performance of generated 
features in production models

• Identifies features that consistently underperform or become 
irrelevant over time

• Adaptive Feature Generation:

• Learns from successful features to refine generation rules 
and templates

• Automatically adjusts feature generation parameters based 
on model performance and HR user feedback

C. HR predictive modeling pipeline

a. HR use case-specific model selection

• Employee attrition prediction: Employ survival analysis 
models or random forests to predict turnover risk.

• High-potential employee identification: Use ensemble 
methods to classify employees based on performance and 
potential.

• Performance prediction: Implement time series forecasting 
models to project future performance ratings.

• Employee engagement forecasting: Apply sentiment 
analysis and trend prediction models to survey data.

• Recruitment success modeling: Develop classification 
models to predict successful hires based on candidate and 
job characteristics.

b. HR-aware model tuning

• Class imbalance handling: Apply techniques like SMOTE 
or class weighting to address typically low attrition rates.

• Temporal aspects consideration: Incorporate time-based 
cross-validation to account for seasonal patterns in hiring or 
performance cycles.

• Fairness constraints: Implement constraints or post-
processing techniques to ensure model predictions are 
unbiased across different employee groups.

c. HR-centric model evaluation and deployment

• HR-specific performance metrics:

• Cost of turnover for attrition models

• Quality of hire metrics for recruitment models

• ROI of learning and development initiatives

• Fairness and bias assessments:

• Evaluate prediction parity across protected groups

• Conduct adverse impact analyses on model recommendations

• Interpretability assessments:

• Generate SHAP (SHapley Additive exPlanations) values for 
feature importance

• Create partial dependence plots for key features

• Integration with HR systems:

• Develop APIs to connect model outputs with HRIS and 
talent management platforms

• Create customized dashboards for HR managers to visualize 
predictions and insights

• This detailed methodology provides a comprehensive 
approach to automated feature engineering specifically 
tailored for HR analytics, addressing the unique challenges 
and requirements of the HR domain.

4. Implementation
This section outlines the practical steps taken to develop 

and deploy the automated feature engineering framework 
tailored for predictive HR analytics. The implementation is 
structured according to the three main components described 
in the methodology: the HR data integration and preprocessing 
pipeline, the automated feature engineering engine and the 
HR predictive modeling pipeline. The entire framework was 
deployed using cloud-based services to ensure scalability, 
flexibility and ease of integration.

A. Technological Stack and Cloud Infrastructure

To leverage the benefits of cloud computing, the framework 
was implemented using Amazon Web Services (AWS) as the 
primary cloud platform. The following AWS services and tools 
were utilized:

• AWS Glue: For building the ETL processes needed for data 
extraction, transformation and loading.
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• Amazon S3: As the central data lake for storing raw and 
processed HR data.

• AWS Lambda: For serverless compute operations during 
data preprocessing and feature engineering tasks.

• Amazon SageMaker: For building, training and deploying 
machine learning models.

• AWS Step Functions: To orchestrate the workflow between 
different services.

• Amazon Redshift: For data warehousing and facilitating 
complex queries on large datasets.

• AWS Identity and Access Management (IAM): To manage 
secure access to resources.

Open-source libraries and frameworks were also incorporated:

• Python: As the primary programming language for scripting 
and automation.

• Pandas and NumPy: For data manipulation and numerical 
computations.

• Featuretools: For implementing automated feature 
engineering using deep feature synthesis.

• Scikit-learn: For machine learning algorithms and model 
evaluation.

• NLTK and spaCy: For natural language processing tasks on 
unstructured text data.

• TSFresh: For extracting features from time series data.

B. HR Data Integration and Preprocessing Pipeline

a. Data Extraction

Data from various HR systems were ingested into the data lake:

• HRIS, ATS, Performance Management Systems: Data 
connectors were established using AWS Glue jobs to extract 
data via APIs or direct database connections.

• Employee Engagement Surveys and LMS: Data files 
were imported from CSV or Excel formats into Amazon S3 
buckets.

b. Data Cleaning and Preprocessing

AWS Glue jobs orchestrated data cleaning tasks:

• Sensitive Information Handling: AWS Glue scripts 
utilized AWS KMS for encryption of sensitive fields. PII 
was anonymized using hashing functions.

• Data Standardization: Custom Python scripts standardized 
job titles and departments by mapping them to a unified 
taxonomy stored in Amazon Redshift.

• Normalization: Performance ratings were normalized 
using Min-Max scaling to a consistent 0-1 range.

c. Data Transformation and Integration

• Employee Lifecycle Timelines: Time-indexed data were 
merged using Pandas to create a comprehensive timeline 
for each employee.

• Aggregations and Calculations: AWS Lambda functions 
computed tenure, time since last promotion and other 
derived metrics.

• Hierarchical Data Integration: Organizational 
hierarchy was incorporated by linking manager-employee 
relationships, stored in Amazon Redshift for efficient 
querying.

C. Automated Feature Engineering Engine

The automated feature engineering engine is the core 
component of the framework, designed to systematically 
generate, select and evaluate features that are highly relevant 
to HR predictive modeling tasks. This engine leverages HR 
domain knowledge, advanced statistical techniques and machine 
learning methodologies to create a rich set of features that 
enhance model performance and provide actionable insights for 
HR practitioners.

a. Automated Feature Generation

The feature generation process employs several sophisticated 
techniques to automatically create meaningful features from HR 
data. These techniques include Deep Feature Synthesis, time 
series feature extraction, text feature extraction and HR domain-
specific feature templates.

Deep Feature Synthesis (DFS) for HR Data: Deep Feature 
Synthesis is an algorithm that automatically generates features 
by stacking multiple transformations and aggregations over 
relational datasets. In HR analytics, DFS can uncover complex 
relationships between employees, their job roles, performance 
metrics and other related entities.

Mathematical Formulation:

Given a set of base tables (entities) E = {E1,E2,……,En} and 
relationships between them R = {R1,R2,…..,Rn}, DFS applies a 
set of aggregation functions A and transformation functions T to 
generate new features.

• Aggregation functions : Summarize information from 
related records. Examples include:

Sum:

Mean:

Count:

Max:

Min:

• Transformation functions T: Modify data within a single 
table. Examples include mathematical operations, date 
differences and categorical encodings.

• Example:

Consider the following entities:

• Employee: Employee ID, Hire Date, Department ID, Job 
Title.

• Performance Review: Review ID, Employee ID, Review 
Date, Score.
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• Training Record: Training ID, Employee ID, Completion 
Date, Course Name.

Aggregation Feature Example:

Total Trainings Completed: For each employee, count the 
total number of trainings completed.

Where Ni is the number of training records for employee i.

Average Performance Score in Last Year:

Where Scoreik are the performance scores within the last year 
and is the number of such reviews.

Transformation Feature Example:

b. Time Series Feature Extraction

Time series feature extraction focuses on generating features 
that capture temporal dynamics in HR data, such as trends in 
performance, engagement scores or absenteeism over time.

Techniques Used:

Autocorrelation Function (ACF): Measures the correlation 
between observations of a time series separated by lag k.

Trend Analysis: Identifies upward or downward trends in 
metrics over time using linear regression.

For performance scores  over time t:

The slope  indicates the trend direction and magnitude.

Example Features:

Performance Improvement Rate: The rate at which an 
employee’s performance score is improving or declining.

Calculate the slope  from linear regression on performance 
scores:

Engagement Score Volatility: Standard deviation of 
engagement scores over a period.

Where ei are the engagement scores and is the mean engagement 
score.

c. Text Feature Extraction

Unstructured text data in HR, such as survey comments or 
performance feedback, can be converted into quantitative 
features using NLP techniques.

• Techniques Used:

Sentiment Analysis:

Assigns a sentiment score S to text data, often ranging from -1 
(negative) to +1 (positive).

Topic Modeling (LDA):

Represents documents as mixtures of topics, each described by a 
distribution over words.

Word Embeddings:

Converts words into high-dimensional vectors using models like 
Word2Vec or GloVe.

Example Features:

Average Sentiment Score per Employee:

Where Sij is the sentiment score of the j-th document for 
employee i and Mi is the number of documents.

Frequency of Key Topics:

Counts how often certain topics appear in an employee’s 
documents.

b. HR Domain-Specific Feature Templates

Features crafted based on HR expertise capture specific insights 
relevant to employee behavior and organizational outcomes.

• Examples:

• Turnover Risk Score:

Combines various factors to estimate the likelihood of an 
employee leaving.

where:

σ is the sigmoid function to bound the score between 0 and 1.

α  are coefficients determined through logistic regression.

Absenteeism Rate:

Measures the frequency of absences.

• Engagement Decline Indicator:

Flags employees whose engagement scores have significantly 
decreased.
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e. Automated Feature Evaluation

Evaluating the selected features ensures they are predictive, 
stable and relevant from an HR perspective.

e. Predictive Power Assessment

Assesses each feature’s contribution to the predictive capability 
of the model.

Techniques Used:

a. Permutation Importance: Randomly shuffles each feature 
and measures the decrease in model performance 

Example Calculation:

For a feature xj, the permutation importance is calculated as:

b. SHAP Values (SHapley Additive exPlanations): Quantifies 
the contribution of each feature to the prediction for individual 
instances.

• Stability Analysis

Evaluates whether the importance of features remains consistent 
across different data subsets and over time.

• Techniques Used:

a. K-Fold Cross-Validation: Divide data into KKK folds; 
compute feature importance in each fold.

b. Temporal Validation: Train and test models on different 
time periods to assess feature stability.

c. Coefficient of Variation (CV): Measures the dispersion of 
feature importance scores:

f. HR Relevance Scoring

Features are evaluated for their practical relevance and ethical 
considerations in the HR context.

Scoring Criteria:

• Actionability (Ai): Can HR take meaningful action based 
on the feature?

• Interpretability (Ii): Is the feature easily understood by HR 
professionals?

• Compliance (Ci): Does the feature comply with legal and 
ethical standards?

• Scoring Formula:

Assign scores from 1 to 5 for each criterion. The overall HR 
relevance score for feature iii is:

Where  are weights summing to 1, reflecting 
the organization’s priorities.

Continuous Learning and Optimization

The engine incorporates mechanisms to adapt and improve 
over time, ensuring sustained performance and relevance.

Performance Tracking

Monitoring Metrics: Continuously track model performance 
metrics such as accuracy, precision, recall, F1-score and 
AUC-ROC.

Drift Detection: Use statistical tests like the Kolmogorov-
Smirnov test to detect changes in feature distributions.

Adaptive Feature Generation

Feedback Loops: Incorporate feedback from model 
performance and HR experts to refine feature generation rules.

Automated Updates: Schedule regular retraining and 
feature regeneration to incorporate new data.

Incorporating New Data Sources: Integrate additional HR 
systems as they become available, expanding the feature set.

Table 1: Sample of Generated Features.

Feature Name Description Calculation

TenureYears Employee tenure in years

TotalTrainings Total trainings completed by the employee

AvgPerfScoreLastYear Average performance score in the last year

AbsenteeismRate Rate of absenteeism

TurnoverRisk Estimated risk of employee turnover

PerformanceTrendSlope Slope of performance scores over time
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AvgSentiment Average sentiment score of text data

SkillGapCount Number of required skills not possessed

reduction in false positives, while the performance forecasting 
model demonstrated strong predictive power, with an R² value 
of 0.85.

Practical Implications for HR Practitioners: The automated 
feature engineering framework not only improved predictive 
accuracy but also enhanced the interpretability of features. HR 
professionals found the generated features, such as turnover 
risk scores and skill gap analysis, actionable and aligned with 
organizational objectives. The integration of fairness and bias 
assessments into the modeling pipeline further ensured that 
predictive models were ethically sound and compliant with HR 
policies.

6. Conclusion
This study demonstrates that automated feature engineering, 

when integrated with cloud-based ETL and machine learning 
pipelines, offers a scalable and efficient solution for predictive 
HR analytics. The proposed framework significantly reduces the 
time and effort required for manual feature engineering, while 
also improving the accuracy and interpretability of HR predictive 
models. By leveraging advanced techniques like Deep Feature 
Synthesis, time series feature extraction and natural language 
processing, the framework generates actionable insights that can 
drive data-driven decision-making in HR departments.

Moreover, the cloud-based infrastructure ensures that the 
framework can scale to meet the needs of organizations of varying 
sizes and technical capabilities. The use of automated feature 
selection and evaluation processes enhances the robustness of 
predictive models, while continuous learning mechanisms allow 
the system to adapt and improve over time.

Future research could explore the integration of additional 
data sources, such as social media activity and external labor 
market trends, to further enhance the predictive power of HR 
models. Additionally, the development of domain-specific 
AutoML frameworks tailored to HR analytics could further 
democratize the use of advanced analytics in the field.
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