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Abstract: Machine Learning (ML) is revolutionizing performance appraisal in business companies, 

which has never been able to perform as real time analysis, predictive analytics and pattern 

identification. But these opportunities are accompanied by the high risks of bias and difficulties in 

implementation. The paper discusses how ML-driven performance evaluation systems can be applied in 

business based on recent empirical evidence of various ML applications such as credit risk assessment, 

seismic response prediction, resource management, and deep learning optimisation. The paper 

appraises how the ML methods, created in engineering, finance and computer science can be 

implemented in the human resource performance evaluation through a qualitative method, which is 

constructed on the synthesis of secondary information. Findings suggest that whilst there are notable 

advantages of ML in terms of accuracy and efficiency, there exist dangers of bias because of the quality 

of training data, model opaqueness, and misalignment of the optimisation objective. 

 

Keywords: Machine Learning, Performance Evaluation, Algorithmic Bias, Business Analytics, 

Automated Machine Learning, Human Resource Management 

 

I. INTRODUCTION 

The contemporary business entity is faced with unending dilemma, and that is how to evaluate the performance of the 

employees fairly, consistently and predictively. Traditional annual reviews with reliance on managerial memory and 

subjective judgement, are generally accused of raters being biased and that they are subject to recency bias and low 

predictive validity. In response, organisations are increasingly becoming interested in machine learning (ML) systems 

to analyse vast volumes of data on employees; communication trends and project completion success, customer 

feedback ratings and peer ratings, to generate automatic performance ratings (Schmitt, 2023). 

The prospect of ML in this area is alluring. Algorithms are not susceptible to fatigue, favouritism and unconscious bias. 

They are able to handle hundreds of performance measures at the same time, they are able to find non-obvious links 

between behaviours and results, and they can give real-time feedback as opposed to retrospective summaries. ML 

models have already been exceptionally predictive, as in other tasks: Shi et al. (2022) performed a systematic review of 

ML-based credit risk assessment and found that ensemble models performed 15-25% better in terms of area under the 

curve (AUC) measures than traditional logistic regression. Similarly, Kazemi et al. (2023) demonstrated that the error 

of prediction was lower than 10 percent compared with the physical-based models through the use of ML in simulating 

seismic response assessment of reinforced concrete buildings.  
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Figure 1: Cognitive Bias Mitigation 

(Source: Theodorakopoulos et al., 2025) 

 

II. LITERATURE REVIEW 

The past 10 years have seen an academic literature paradigm shift concerning the performance evaluation. The classical 

human resource management literature has emphasized on reliability and validity (prediction of actual job 

performance). However, experiments always indicate that human raters can never achieve high inter-rater reliability 

and subjective ratings can only explain at best 30 percent of variance of objective productivity measures. 

 
Figure 2: Machine Learning and Deep Learning approaches 

(Source: Uc Castillo et al., 2025) 

The method that removes these limitations is termed as ML-driven evaluation whereby the human judgment is replaced 

with the computation models. The overall literature in ML is informative. A comparison of physical-based and data-

driven machine learning models to simulate streamflow of three US catchments by Jin et al. (2024) demonstrated that 
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data-driven ML models (NSE > 0.85) outperformed the physical models (NSE < 0.70) in performance in terms of 

accuracy (Nash-Sutcliffe efficiency). Such cross-functional trend of ML being more effective than the traditional ones 

is cross-functional. Solih et al. (2025) have demonstrated the potential to use response surface modelling and machine 

learning to optimise the performance of hydrochar adsorption by optimisation and achieve R 2 over 0.95 in prediction 

of removal efficiency. 

Schmitt (2023) introduced the idea of the automated machine learning (AutoML) to the AI-based decision making 

within the business analytics sector specifically, saying that AutoML systems can automatically select algorithms, 

optimize the hyperparameters, and create interpretable models without the in-depth knowledge of data science.  

Another growing literature of critiques that objects of algorithmic objectivity are illusory is present, however. ML 

systems do not exist as neutral; they are based on values, priorities and biases of the data that is used to train them and 

make design decisions. In the event that historical performance data has a historical basis of managerial discrimination 

against a specific group of demographics, an ML system trained on such data will learn and recreate the discrimination. 

In a systematic review of deep learning and machine learning models to perform part-of-speech tagging, Chiche and 

Yitagesu (2022) reported that the performance of models trained to solve the task declines drastically when the training 

data do not represent minority linguistic patterns-an observation that is directly related to the problem of demographic 

representations in HR data. 

Besides these, there are significant impediments to implementation as reported in the literature. Plausibility and 

openness, and the avenues of fairness and denial are the parameters of worker acceptance of ML-driven appraisals. 

After comparing the ARIMA and machine learning approaches to time series forecasting, Kontopoulou et al. (2023) 

have found out that the model interpretability was among the factors that affected the perception of the stakeholders as 

more simplistic models were often employed, despite possibly being less precise.  

 

III. METHODOLOGY 

The qualitative and interpretivist research method in this study only utilized secondary data and synthesis of studies. A 

systematic literature review was carried out in the style of Shi et al. (2022) and Chiche and Yitagesu (2022). Academic 

databases like Scopus, Web of Sciences and Google Scholar were searched using the terms machine learning 

performance evaluation, algorithmic HRM, automated performance appraisal, and bias in people analytics. 

Thematic synthesis was the method of analysis used, and it involved three steps, namely: (1) Line-by-line coding the 

findings of each of the studies, (2) sorting of the codes into descriptive themes and (3) the development of analytical 

themes that were not restricted to the studies, but rather answered the research questions. The review included the 

knowledge of various areas of ML application, such as hydrology (Jin et al., 2024), structural engineering (Kazemi et 

al., 2023), cybersecurity. 

 

IV. ANALYSIS 

Possibilities of ML-based Performance Evaluation 

ML systems have four unique benefits compared to conventional approaches. One, predictive validity is much greater. 

Empirical research of the outcomes of the performance scores produced by the ML with subsequent objective outcomes 

report have significantly higher correlations than correlations between managerial ratings and the results. In their 

systematic review of predicting stock market prices with ML and deep learning models, Sonkavde et al. (2023) 

discovered that the ensemble methodologies had prediction accuracy over 85 percent with a short-term horizon, as 

opposed to the traditional time series models with a prediction accuracy of 60-65 percent.  

Second, feedback is continuous. ML systems are able to revise performance scores on a daily or weekly basis according 

to the activity that has occurred and facilitate timely interventions. Yang and Liu (2024) demonstrated that the 

unmanned driving path-planning models based on deep reinforcement learning achieved real-time adaptability to 

dynamic environments, and decision-making steps of less than 50 milliseconds. 
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Third, the less biased managers can be acquired when the ML systems are constructed properly. The same criteria are 

applied by ML algorithms unlike human managers who are consistently biased. Shafique et al. (2025), who created 

lightweight image encryption in IoT settings based on ML-driven robust S-box choice, showed that algorithmic 

methods removed human bias in picking cryptography parameters. This is also applicable to performance evaluation. 

Fourth, talent patterns can be found. ML systems are able to discover combinations of behaviours that are not intuitive 

but predict high performance. A recent study, Kumar and Acharya (2022) whose framework is based on ML-driven 

optimised selection of hits in virtual screening discovered that their framework revealed new molecular patterns, which 

human experts had failed to notice.  

Bias Type Definition Example from ML Literature Mitigation Strategy 

Historical Bias Past discrimination encoded in 

training data 

Coelho et al., 2022 (corrosion 

prediction bias) 

De-biasing algorithms; 

causal modelling 

Measurement Bias Outcome variables misalign 

with true performance 

Essa et al., 2023 (test score 

optimisation) 

Multi-objective 

optimisation 

Representation Bias Insufficient training data for 

specific groups 

Kazemi et al., 2023 (building 

type generalisation) 

Synthetic data 

augmentation (Zhu et al., 

2024) 

Aggregation Bias Single model applied to 

heterogeneous roles 

Jin et al., 2024 (catchment-

specific models) 

Role-specific models 

Feedback Loop Bias Algorithm influences future 

data generation 

Yang & Liu, 2024 

(reinforcement learning) 

Randomised trials 

Table 1: Bias Risk Taxonomy for ML Performance Evaluation Systems 

(Source: Created by Author) 

 

Prejudice Prejudices and Proofs 

Still, despite such opportunities, three categories of the risk of bias prevail in ML-driven evaluation. The former is 

historical bias, where training data is biased by the historical discrimination. A review of machine learning in corrosion 

prediction by Coelho et al. (2022) found that models that were trained on historical corrosion data systematically 

underestimated the risk of other alloy compositions that were not also represented in the training data because of a lack 

of diversity in the training data. 

 
Figure 3: Machine Learning-Driven Performance Evaluation (Source: Nusrath and Julfar, 2025) 
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The second one is measurement bias, in which the outcome variables optimised by the ML system are not able to 

entirely capture job performance. Essa et al. (2023) in their systematic review of personalised adaptive learning 

technologies based on ML methods to determine learning styles found that those systems that optimised test scores 

failed to point to increased learning outcomes. Performance evaluation systems that maximise on easily measurable 

measures as sales volume can reward those employees who create value in less easily measurable activities. 

Assessing the ML-based seismic response of reinforced concrete buildings, Kazemi et al. (2023) observed that models 

trained on data of a single type building was poor in predicting one of the different structural systems. Small 

departments or new employees might have inadequate data in HR to make accurate performance estimates. 

 

Implementation Frameworks 

ML-based performance assessment can be successfully implemented in the form of a framework that deals with data, 

model, process, and governance aspects. According to the ideas of AutoML introduced by Schmitt (2023), the 

companies are recommended to roll out automated data pre-processing, feature engineering, model selection, and 

hyperparameter tuning pipelines. This automation reduces the human interference in the model-building process that 

can reduce the creation of intentional bias. 

On the data dimension, the firms ought to ensure data provenance, data quality and completeness. Zhu et al. (2024), 

which validated data-driven maintenance of tunnel linings with synthetic datasets, deep learning and BIM, showed that 

synthetic data augmentation enhanced the generalisation of a model by 30% in case of limited real data. Synthetic 

employee data may be used to supplement small-sample departments in order to conduct a performance evaluation. 

Explainability requirements are to be given ahead of deployment on the model dimension. Phan-Minh et al. (2023) 

introduced DriveIRL, a real-world driving system, relying on inverse reinforcement learning, emphasizing the role of 

interpretability of the model in safety certification. Interpretable models enable employees to understand and question 

appraisals in HR applications. 

In the process dimension, ML scores are to be considered as inputs to the human decision-making process instead of 

binding outputs. A human-in-the-loop requirement implies that the managers will consider the recommendations 

provided by the ML and will consider the contextual factors that the algorithm is not aware of. 

 
Figure 4: Different machine learning categories and algorithms 

(Source:  Taye, 2023) 
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Maturity Level Data Model Process Governance Typical 

Outcome 

Level 1: Ad 

Hoc 

Siloed, inconsistent Off-the-shelf, no 

validation 

Manager 

discretion 

None Legal 

challenges; low 

trust 

Level 2: 

Experimental 

Collected but not 

audited 

Simple model, 

basic validation 

Pilot with opt-in 

teams 

Informal 

guidelines 

Mixed results; 

employee 

resistance 

Level 3: 

Operational 

Standardised, quality 

checked 

AutoML (Schmitt, 

2023), regular 

validation 

Human-in-the-

loop required 

Bias audits; 

appeal process 

Improved 

efficiency; 

moderate trust 

Level 4: 

Mature 

Complete provenance, 

synthetic 

augmentation (Zhu et 

al., 2024) 

Explainable, 

continuously 

monitored 

Automated with 

documented 

override 

Independent 

oversight; 

external audit 

High validity; 

employee 

acceptance 

Table 2: Implementation Maturity Model for ML Performance Evaluation 

(Source: Created by Author) 

V. DISCUSSION 

The discussion reveals the tension of the very nature of ML-based performance evaluation: those same qualities that 

enable attaining high predictive accuracy produce new forms of bias and opaqueness. Contrary to the traditional 

systems where bias can be blamed on recognisable human operators, the ML bias is spread throughout the training data, 

model architecture, optimisation goals, and deployment environments. 

It is possible to identify three lessons. First, the possibility of traditional and ML-driven evaluation is not an option of 

biased and unbiased systems, but an option of bias distributions. Conventional systems have predictable human biases 

which are more or less transparent. ML systems are biased in their algorithms and might be less evident without 

specific audits (Shi et al., 2022). 

Failure Mode ML Parallel in Literature Legal Theory Mitigation 

Disparate impact 

(unintentional bias) 

Coelho et al., 2022 (data bias) Title VII; Equality 

Act 

Regular bias audits (Shi et 

al., 2022) 

Lack of transparency (black 

box) 

Phan-Minh et al., 2023 

(interpretability) 

GDPR Article 22 Explainable models 

Model drift (performance 

decay) 

Jin et al., 2024 (temporal 

validation) 

Contract law Continuous monitoring 

Data privacy violation Shafique et al., 2025 

(encryption) 

GDPR; CCPA Privacy-preserving ML 

Table 3: Legal Exposure Matrix for ML Performance Evaluation Failures 

(Source: Created by Author) 

Second, the acceptance of employees towards ML technology is not a fixed characteristic but a result of 

implementation decisions. According to the definition of the AutoML method by Schmitt (2023), automated model 

selection can minimise bias that is introduced by humans, yet transparency is critical. Kontopoulou et al. (2023) 

determined that the interpretable models were more acceptable to the stakeholders albeit a little less accurate. 

Thirdly, the hybrid implementation model (ML scoring and human review) appears to be a better option compared to 

the purely human and purely algorithm-based models. This is in line with other areas: Fuller et al. (2024), creating a 

hybrid ML solution, which identifies real-time ransomware based on behaviour-driven heuristic features, discovered 

that hybrid systems had a 99.2% detection rate versus 95.7% of pure ML and 89.3% of pure heuristic models. 
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VI. CONCLUSION 

Machine learning-performance appraisal is a significant technological change that can potentially increase the fairness, 

consistency and predictive accuracy in the human resource management. The opportunities - constant feedback, finding 

patterns are massive and tested empirically in numerous areas, including hydrology finance and materials science. The 

capabilities are also democratised through the assistance of the AutoML principles, which can be used by those firms 

that lack in-depth knowledge in ML. 

Nevertheless, these advantages do not come on automatic. Without careful design and management, ML systems have 

the potential to reproduce past discrimination, optimize on very specific measures at the expense of more 

comprehensive values, and destroy worker trust, due to lack of transparency. The usability of the paper is the unified 

implementation framework; data auditing, synthetic augmentation where needed explainable models human-in-the-loop 

processes and good governance with regular bias reviews and appeal rights. 

In the future, three areas require to be covered in research. Thus, experimental research on the design of appeal 

mechanisms would inform best practices in governing. Comparative analysis of the legal responses to algorithmic 

performance measurement along national borders will illuminate the contribution of different regulatory settings to the 

decision-making of firms behaviour. As the ML systems continue to spread among business firms, the issue at hand is 

not whether to implement them or not but how to implement them well. 
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