
 

Enhancing Workplace Decision-Making through EQ-
Based Artificial Intelligence: A Human-Centric

Approach
Lokesh Kumar*¹, Manish Srivastava²

1, 2 Quantum School of Business, Quantum University, Roorkee, Uttarakhand, India
*lokesindiaone@gmail.com

Abstract. AI has brought about enormous changes in the decision-making process at
the workplace since it allows data-driven insights and predictive analytics.
Nevertheless, typical AI systems do not have emotional intelligence (EQ), which
restricts their efficacy in multi-faceted human-centered situations. This paper
discusses the application of EQ in AI systems to facilitate workplace decision-making,
especially in Human Resource Management (HRM). The research, based on a mixed-
method design that involves survey results from HR professionals and an EQ-enabled
AI prototype model, reveals that EQ-based AI systems can positively influence
decision accuracy, employee engagement, and organisational performance. The
results emphasize that AI based on EQ not only improves rational decision-making
but also incorporates empathy, ethical factors, and understanding of contexts. The
paper adds to the developing sphere of human-centric AI and offers practical
suggestions to organisations aiming to streamline workplace decision-making.
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1. Introduction
The paper contributes in three main ways: (1) EQ-AI Framework for HRM: a new
prototype that integrates Natural Language Processing (NLP) sentiment analysis with
Random Forest decision trees, making it possible to predict the signals of emotional
intelligence (EQ) in unstructured text-based data, and generate actionable EQ scores
for HRM; (2) Empirical Validation: conducted a validation study using a mixed-
methods approach (150 survey participants, 20 semi-structured interviews, and AI
model benchmarking), demonstrating statistically significant improvements in
decision making, employee engagement, and retention rates compared to traditional
approaches to AI; and (3) A Human–centric AI Design Paradigm: practical design
guidelines and empirical evidence were provided to help incorporate affective and
ethical considerations into algorithmic decision making that bridge the gap between
affective computing theory and HRM practice.

In the modern dynamic organisational environment, strategic goals and
competitive advantage are important and effective decision-making is essential.
Artificial Intelligence (AI) has become a potent technology that can be used to
improve the decision-making process at the workplace, utilizing large data sets,
predictive modelling, and automation. Companies are turning more and more to AI to
make hiring decisions, conduct performance appraisals, and plan their workforce [1].

Although these developments have been made, the traditional AI systems remain
largely logic based and not able to comprehend the emotional and social contexts [2].
The decision-making processes in the workplace are not rational but are affected by
human emotions, interpersonal relations and organisational culture [3]. People do not
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always make efficient, but effective and ethical decisions as AI systems lack
emotional intelligence [4].

The capacity to sense, comprehend and control emotions is called Emotional
Intelligence (EQ), which is critical in making decisions in human beings [5]. An
alternative approach, known as EQ-based AI, can be used to address the issue of the
lack of emotional sensitivity in AI by integrating EQ into the systems, thereby
enabling them to be more analytical and predictive.

This study aims to:

• Test the efficacy of EQ-based AI in decision-making in the workplace.

• Compare EQ-based AI and conventional AI systems.

•
r
Determine its effects on HRM performance including recruitment, engagement and
etention.

2. Literature Review
2.1 Artificial Intelligence in Workplace Decision-Making

AI has become a vital facilitator of data-driven decision-making in contemporary
organisations. Increased speed, accuracy, and scalability of decision-making: AI
systems can process extensive datasets and detect complex patterns [6]. HRM
predictive analytics and automation are some of the applications of AI that have
changed the process of recruitment and workforce planning [7]. Despite these
developments, researchers note that there is an efficiency-empathy trade-off, as these
decisions made by AI do not always consider emotions and human context [8]. Such a
restriction may result in less trust between employees and dehumanisation of the
processes in the workplace [9]. As a result, the necessity to include emotional
intelligence in AI systems to improve the quality of decisions is growing.

2.2 Emotional Intelligence in Organisational Contexts

Emotional Intelligence (EI) as proposed by Goleman is the skill to detect,
comprehend, and manage feelings in self and others [10]. According to Mayer and
Salovey, EI is a cognitive-emotional skill that affects decision-making and relations
between individuals [11]. Empirical studies show that EI has a strong influence on the
effectiveness of leadership, job satisfaction, and organisational performance [12, 13].
Emotionally intelligent decision-making enhances HRM outcomes in the areas of
recruitment, conflict resolution, and employee engagement [12]. Therefore, the
introduction of EI in technological systems can be potentially instrumental in
improving the workplace decision-making processes.

2.3 Human-Centric and Ethical AI

Human-centric AI focuses on the alignment of AI systems based on human values
like fairness, transparency, and accountability [14]. Ethical AI models emphasize the
need to avoid bias, be explainable, and maintain the trust the user has in the decisions
made by the algorithm [15]. AI systems used in HRM have to strike an equilibrium
between efficiency and relational and ethical factors. It is found that employees tend
to believe in AI systems more when they believe it to be fair, transparent, and aligned
to human values [16]. Thus, the inclusion of emotional intelligence in AI technologies
is a logical continuation of human-centred AI principles.
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2.4 EQ-Based AI and Affective Computing

The EQ-based AI incorporates the emotional intelligence in machine systems based
on the technologies of affective computing, sentiment analysis, and Natural Language
Processing (NLP)[17]. These systems are able to recognize emotional signals in text,
speech and behaviour, and thus make decisions based on context [18]. Studies show
that AI with emotional intelligence enhances the teamwork and effectiveness of
decisions, especially in virtual and hybrid workplaces [19]. Moreover, the sentiment-
sensitive AI solutions have been demonstrated to improve HR analytics by collecting
the emotion and behavioural tendencies of the employees [18]. These developments
underscore the need to incorporate emotional intelligence into AI-powered decision-
making processes.

2.5 AI, Emotion, and Decision-Making in HRM

Recruitment, performance assessment and employee engagement are some of the
current applications of AI-based HR systems [28], [29][20]. Although these systems
enhance efficiency, they do not appear to be emotionally sensitive and thus tend to
make impersonal decisions and lower employee satisfaction [9]. Research has
indicated that workers feel that AI-made decisions are less compassionate than human
decisions, although they may be objective [21]. Also, algorithmic bias and the
absence of the contextual comprehension are also major issues of AI-based HRM [22].
The inclusion of EQ into AI systems can help to overcome these problems by making
AI systems more emotionally aware, fairer, and more accepting of the AI-made
decisions.

2.6 Research Gap

Despite the plethora of research on AI in HRM and emotional intelligence as a single
entity, little evidence has been found on their combination [36], [37][23]. The
majority of the existing models are efficiency- and predictive-accuracy based, which
overlooks the emotional and social aspects of decision-making [4]. New studies in the
area of human-AI collaboration indicate that, when human emotional intelligence is
combined with machine intelligence, the outcomes of decisions can be greatly
enhanced [24]. Nevertheless, the empirical confirmation of AI systems based on EQ
in the workplace settings is still lacking [25]. This paper fills this gap by developing
and analyzing an EQ-based AI system to improve decision-making in the workplace,
which will become part of the AI and HRM literature.

3. Methodology
3.1 Research Design

To the extent that quantitative measures and qualitative data were sought to obtain, a
mixed-method research design was adopted. The methodology allowed triangulated
analysis of EQ-based AI systems, which guaranteed statistical results were
supplemented with contextual, human insights of HR practitioners in different
organisational contexts.

Justification for Mixed-Method Design: A quantitative-only design would have
allowed us to report model performance data but not the qualitative factors
(contextual and experiential) that HR professionals consider when making AI-
supported decisions; these factors are important to understand trust, resistance and
fairness. In contrast, interviews alone cannot offer the statistical validity required to
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assess an AI prototype. The mixed method approach allows the quantitative survey
and AI model findings to triangulate each other, while the qualitative interviews
explain the why: the survey statistics show what is occurring at population level,
while the interview findings provide the why (Creswell & Plano Clark, 2017). The AI
model results also triangulate primary data by providing objective evidence at the
level of the algorithm to support (or discredit) self-reported perceptions.

Sample Size Justification: The 150 HR professionals surveyed are above the
minimum required for regression analysis (N = 50 + 8m, where m = number of
predictors) as recommended by Tabachnick and Fidell (2013) [26], and greater than
the N ≥ 100 often cited for acceptable factor analysis [27].

Measures to Reduce Bias: We took several measures to reduce potential bias. The
online survey was delivered anonymously through an external platform, making it
impossible for survey participants to be identified by their employers; this minimizes
social desirability bias and increases the likelihood of honest responses. The
respondents were assured of the confidentiality of their responses and the same were
utilized only for research purpose - voluntary participation. The survey questions
were pre-tested by 5 HR practitioners to remove any leading questions and to make it
more clear. All interviewees were assured of confidentiality and the transcripts were
anonymised prior to analysis and stored on a secure institutional server (as approved
by institutional ethics committees). Researchers used reflexivity notes in the process
of qualitative coding to reduce confirmation bias.

Table 1. Summarises the key components of the research design.

Component Details Purpose

Research
Design

Mixed-Method (Quantitative +
Qualitative)

Capture breadth and depth of
decision-making behaviour

Survey 150 HR professionals across
industries

Statistical generalisability across
sectors

Interviews 20 senior HR managers (semi-
structured)

Contextual and experiential
insights

Secondary
Data

Organisational reports; AI
performance logs

Validation and triangulation of
primary data

AI Model NLP + Sentiment Analysis +
Random Forest

EQ-based emotional tone
classification

Analysis Too SPSS + Accuracy/Precision/Recal
metrics

l Statistical validation and model
evaluation

l

3.2 Data Collection

Three sources of data were combined: a structured survey of 150 HR professionals,
semi-structured in-depth interviews with 20 top HR professionals and secondary data
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(organisational performance reports and AI performance logs). The multi-source
approach ensured statistical breadth and contextual depth.

3.3 Model Development

The prototype of the AI based on the EQ has been developed with the help of Natural
Language Processing (NLP), sentiment analysis and a machine learning based random
forest algorithm. The model was used to process the unstructured language data in
candidate interviews, employee feedback and internal communications and
transformed into actionable emotional intelligence indicators.

EQ Feature Engineering and Scoring: We derived EQ scores from text-based
inputs in a multi-step process. First, we pre-processed candidate interview transcripts,
employee pulse survey unstructured fields, and HR communication logs with Natural
Language Processing (NLP) techniques (tokenization, stop-word removal,
lemmatisation). Next, a lexicon-based sentiment analyser (VADER for brief texts; a
fine-tuned BERT model for long-form texts) allocated three EQ scores to each
segment: positive affect intensity (PAI, 0-1), negative affect intensity (NAI, 0-1), and
emotional neutrality index (ENI, 0-1). Third, the following four higher-order EQ
dimensions were computed from these signals: (i) Self-Awareness Score (SAS) -
extent of first-person emotional expressions; (ii) Empathy Score (ES) - frequency of
other-focused and perspective-taking expressions; (iii) Emotional Regulation Index
(ERI) - proportion of neutral and positive to negative affect within a time window;
and (iv) Social Sensitivity Score (SSS) - interpersonal awareness based on pronoun
and relational-verb cues. The four scores constituted the feature vector for the
classification model. Two organisational psychologists classified data into three
classes (High EQ / Moderate EQ / Low EQ) by consensus coding on 20% holdout set,
with agreement (Cohen's κ) was 0.81.

System Architecture / Workflow: The EQ-AI pipeline is a five-stage process: (Stage
1) Raw Input - unstructured text from interviews, feedback and employee
communications is ingested. (Stage 2) NLP Pre-processing - text is tokenized, stop
words removed, and lemmatized; (Stage 3) Sentiment and Affect Scoring -
VADER/BERT assigns PAI, NAI and ENI to each text segment. (Stage 4) EQ Feature
Extraction - SAS, ES, ERI and SSS are calculated and combined into a feature vector.
(Stage 5) Random Forest Classification - the feature vector is classified into
High/Moderate/Low EQ categories, which are then presented to HR decision makers
as intelligence signals, alongside traditional performance indicators. An optional
human-in-the-loop (HITL) review and override step enables HR to validate and, if
needed, manually override model predictions and ensuring human oversight.

Justification for Random Forest over Alternative Models: Random Forest (RF)
was chosen as the classification model after benchmarking against Support Vector
Machines (SVM), Logistic Regression, K-Nearest Neighbours and a shallow Multi-
Layer Perceptron (MLP). RF achieved better performance in terms of accuracy (87%),
precision (84%) and recall (82%) on the validation set. The selection was based on
three criteria: (i) Interpretability - RF offers feature importance rankings which help
HR professionals understand which EQ dimensions were used most to predict an
outcome (a requirement for explainable AI[28]); (ii) Small sample robustness - RF
can handle moderate sample sizes (n ≈ 150-200) and mixed-scale features without
overfitting[29] (deep Neural Networks typically require larger labelled samples for
generalisation[30]); (iii) Interaction handling - RF captures non-linear interactions
between EQ dimensions (e.g., high ES and low ERI) automatically[31], whereas



M

T v
A

A %

632             L. Kumar and M. Srivastava

SVM with a linear kernel cannot capture non-linear interactions and requires a non-
linear kernel to do so[32]. SVM with an RBF kernel had comparable accuracy (84%)
but produced a black-box result unsuitable for HRM transparency requirements, and
was sensitive to the regularisation parameter C. Neural networks were not chosen due
to the lack of sufficiently large data, and the considerable computational effort
required for relatively small improvements in accuracy.

3.4 Variables

Table 2. Presents the operationalised independent and dependent variables.

Variable
Type

Variable Name easurement Scale

Independent Type of AI System raditional AI
I

s. EQ-BasedNominal (Binary)

Dependent Decision Quality ccuracy score ( ) Continuous (0–
100%)

Dependent Employee
Engagement

Likert-based engagement scoreOrdinal (1–5)

Dependent Staff Retention Turnover rate (%); Prediction
metrics

Continuous / Ratio

3.5 Data Analysis

Data from quantitative surveys have been analysed statistically using SPSS software
and descriptive and inferential analyses have been provided. The performance of the
AI model was evaluated using accuracy, precision, and recall measures to prove
reliability and generalizability of results in the context of organizations.

3.6 Ethics Statement

This study was carried out in strict compliance with a range of prerequisite ethical
standards set by the Institutional Review Board (IRB) of Quantum School of Business.
The written and well-informed consent was obtained from the participants before their
due participation. There was no compulsion for participation or anonymity, and the
respondents were told that the information they provided would only be used for
research purposes and that they had the right to withdraw at any time without giving
any reason. Survey data was gathered via an external platform (which was secure and
anonymous) and was not identifiable by the employers. Interview transcripts were
anonymised prior to analysis, and stored on a password protected institutional server,
as per institutional data governance policy. The research did not involve vulnerable
populations, sensitive personal health data, or deceptive procedures. All procedures
have due conformity with the principles of the Declaration of Helsinki and the
guidelines of the Committee on Publication Ethics (COPE).

4. Results
The following sections present quantitative and qualitative findings from both the
survey analysis and EQ-based AI model evaluation. Results are supported by
comparative tables.
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4.1 Decision-Making Accuracy

The EQ-based AI system had an overall accuracy of 25% in decision-making
compared to traditional AI. The improvement was most evident in screening recruits
and performance appraisals where emotional and contextual clues were decisive.

Table 3. shows the comparative accuracy results in major decision areas.

Decision Domain Traditional AI (%) EQ-Based AI (%) Improvement (%)

Recruitment Screening 62 85 ▲ 23

Performance Evaluation 65 88 ▲ 23

Conflict Resolution 58 79 ▲ 21

Workforce Planning 70 89 ▲ 19

Overall (Average) 64 85 ▲ 25

Accuracy Gain Explanation: The 25% average performance gain over traditional AI
methods can be explained by three factors. First, the traditional AI baseline in the
tested domains (62-70% accuracy) was deliberately established by reference to rule-
based and logistic-regression baselines rather than the latest deep-learning models, as
the aim of the study is to assess the contribution of emotional intelligence features
specifically, rather than general ML advancement. Second, the EQ feature vector
introduces dimensions that are not captured by traditional AI systems' numeric and
categorical features (e.g., traditional HRM data does not capture affective tone,
empathy, or emotional regulation cues, so their inclusion greatly increases the
discriminative capacity of the classifier). Third, candidate screening and employee
performance evaluation are text-intensive applications where emotional and
contextual cues in language are highly predictive (e.g., cultural fit, conflict potential),
but traditional AI systems that only access the structured HR metrics (i.e., non-
linguistic features) cannot make use of these cues, thus establishing an upper bound
on accuracy. These gains are admittedly specific to text-intensive HRM; in decision-
making tasks with structured, numerical features, the gain would be less pronounced.

4.2 Employee Engagement

Table 4. gives a dimension-by-dimension analysis of pre- and post-deployment
scores.

Engagement Dimension Pre-
Deployment

Post-
Deployment

%
Change

Overall Engagement Score 55 85 ▲ 54.5%

Job Satisfaction Rating 52 82 ▲ 57.7%



Table 5. shows the performance and retention pattern of the model.
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Trust in Management/AI 48 76 ▲ 58.3%

Feedback Responsiveness 50 79 ▲ 58.0%

AI Acceptance Rate 40 72 ▲ 80.0%

Early Dissatisfaction Detection
Accuracy

41% 78% ▲ 90.2%

4.3 Retention Outcomes

The predictive retention model showed a high level of performance across all
validation metrics and demonstrated significant improvement over the traditional AI
benchmarks. Turnover dropped to 8.5% after four quarters down from 16.8%.

Metric Traditional
(%)

AIEQ-Based
(%)

AIΔ Gain

Accuracy 69 87 ▲ 18

Precision 66 84 ▲ 18

Recall 63 82 ▲ 19

F1-Score 64 83 ▲ 19

Turnover
Deployment)

Rate (Post-16.8% 8.5% ▼
49.4%

Explaining Turnover Reduction: The 50% turnover reduction (from 16.8% to 8.5%)
in the four post-deployment quarters requires explanation. This is the overall attrition
rate at the organizational level in the pilot group over the evaluation period, compared
to the same departments prior to deployment. A number of potential causal
mechanisms may explain the scale of this improvement: (i) the EQ-AI system drew
attention to signals of emotional dissatisfaction from pulse surveys and
communication logs, allowing human resources (HR) to engage in retention
conversations prior to decision-making to leave an organization ; (ii) the model also
improved hiring decisions by weighing cultural and emotional fit; and (iii) generally
higher perceptions of fairness and transparency in AI-enabled HR decisions (Table 6
shows trust scores improve from 2.8 to 4.5) may have independently reduced
disengagement-based quitting behavior. However, as mentioned below, these findings
are from a prototype deployment in a single organisational environment, and should
be replicated for generalisations.

Correlation vs. Causation Caveat: The findings on the associations between EQ-AI
deployment and improved engagement and retention should be interpreted cautiously.
The design of the study is not a randomized controlled trial; pre-post changes in a
single group are vulnerable to the influence of other changes in the organization (e.g.,
personnel management issues, salary changes, or economic factors during the study
period). Thus, the improvement outcomes should be interpreted as strong
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correlational evidence of co-occurrence, but not definitive evidence for causal
relationships. To demonstrate a causal link, a quasi-experimental design with time-
matched controls, or ideally a longitudinal multi-site RCT, would need to be used[33].
The current evidence is consistent with EQ-AI being the cause of the improvements
described, and the plausibility of the mechanisms outlined above enhances the
inference; but future studies should apply causal inference methods to disentangle the
impact of EQ-AI from other factors.

4.4 Qualitative Findings

The quantitative data were supported by the interview responses from the HR
managers, which had a consistent set of themes. The ratings of EQ-based AI were
significantly higher in all perceptual dimensions than traditional AI systems. The
summary of the major qualitative themes and the rating (n = 20 HR managers) is
presented in Table 6.

Table 6. HR Manager Ratings-Qualitative Perception Themes (Likert Scale

Qualitative Theme Trad. AI EQ-AI Key Manager Insight

(1–5) (1–5)

Fairness in Decisions 3.1 4.4 EQ-AI reduced perceived bias in hiring

Trust in AI System 2.8 4.5 Emotional context increased system
credibility

Cultural Alignment 3.0 4.3 Decisions better reflected company
values

Transparency
Perceived

2.6 4.1 HR felt more informed about AI
rationale

Ease of AI Adoption 3.3 4.2 EQ interface improved user acceptance

5. Discussion
The findings confirm that EQ-based AI provides a substantially richer approach to
decision-making in the workplace than conventional AI. The system does not focus
exclusively on data-driven models but also emotionally and contextually intelligent.
In addition to the ability to achieve efficiency, EQ-based AI makes more accurate,
empathetic and ethical decisions, essential in human-centric organizational contexts.

How Survey and AI Model Findings Complement and Conform: The study was
designed to ensure that the survey and AI model findings complement, and not just
corroborate, each other. Table 6 shows HR professionals' perception of EQ-AI (e.g.,
fairness, trust, cultural fit), whereas Table 5 shows objective, algorithmically-derived
metrics of the performance of the AI model (e.g. accuracy, precision, recall). The
level of consistency between the two sources of the evidence (the correlation between
high HR-perceived fairness (Table 6, 4.4/5) and enhanced objective decision-making
accuracy (Table 3, 85% vs. 64%) is triangulation. As both streams meet, throughout
this study, our confidence in the results is greatly increased. Finally, the qualitative
interview themes (e.g., "emotional context increased system credibility") offer



636             L. Kumar and M. Srivastava

explanatory insights that the AI model cannot provide, and the AI model provides
objective performance metrics that ensure qualitative perceptions are based on actual
system performance, rather than just expectations.

Evidence Base for Trust and Decision-Quality Claims: The study provides multi-
faceted evidence to the claims that EQ-AI boosts trust and the quality of decisions. On
trust: HR managers' average rating on "Trust in AI System" increased from 2.8 to 4.5
on a 5-point Likert scale (Table 6), paralleled by existing research that shows
perceived transparency of algorithms and perceived fairness are the main predictors of
trust of an AI system [34]. AI Acceptance Rate from 40% to 72% (Table 4)
operationalises trust via behavioural acceptance, not just self-rated trust. On decision
quality: the 25% increase in accuracy in Table 3 is a model-level metric benchmarked
against expert-coded ground truth (not a self-reported metric) and is complemented by
F1-scores of 0.83 on the retention prediction task (Table 5), which indicates that
precision and recall are balanced. These confirmatory quantitative measures offer
better evidence than single measures.

Model Failure Modes and Limitations of the EQ-AI System: AI models are not
optimal across all use cases, so it is critical to understand the limitations of the EQ-AI
system. We identified three patterns of failure. First, the model was sensitive to irony
and culturally loaded emotional cues: text with irony or implicitly expressed cultural
affect cues (found in high-context cultures) was reliably misclassified, as existing
lexicon-based sentiment analysis software was trained mainly on Western, English
corpora [35]. Second, model performance diminished when the length of input text
was extremely short (fewer than 20 tokens), because EQ feature extraction relies on
text context; the model produced uncertain ERI and SSS values for single-sentence
feedback forms. Third, the model was slightly exhibited a slight positive bias on tasks
that required performance evaluation: employees who wrote longer, more elaborated
feedback was given higher scores on empathy features, introducing a potential proxy
for educational attainment that could lead to adverse impact if not adjusted through
bias-auditing methods. These findings highlight the need for human involvement in
model practices, especially in critical decision-making (e.g., promotion or
termination).

Scalability Considerations: The current prototype has been tested in a mid-sized
pilot deployment (200-1,500 employee organisations). When the system is deployed
in large organisations (10,000+ employees), there are different considerations. High
employee communications volumes require either GPU-accelerated inference servers
for real-time NLP processing or batch processing for asynchronous inference [36, 37],
increasing deployment costs. Architecturally, the linguistically varied text from large
organizations across departments, locations and channels (email, chat, HR software)
requires domain-specific language models which must be retrained as organizational
language changes [38]. Governance too is more complex: privacy regulation (e.g.,
GDPR Article 22 safeguards for automated decision-making) [39],[40], and
explainability requirements grow for decisions affecting large populations [41, 42].
Future research should evaluate the system in a staged roll-out for large organizations,
starting with low-stakes applications (e.g., analysis of anonymous pulse surveys), and
then moving to high-stakes decision support.

Practical Challenges and Real-World Deployment: Practical Considerations in
Deploying EQ-AI: There are a number of practical issues to consider in the transition
from prototype to production deployment. Communication Cost: the deployment of
EQ-AI to workforce members requires clear communication of data collected, EQ
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score calculation, and decision-making impact. If not, employees might regard the
system as a surveillance tool, suppressing open communication and so reducing the
quality of the data used to train the model. This study has shown that while pre-
implementation information sessions and AI transparency statements are required,
ongoing communication and feedback loops are critical. Integration and Deployment:
existing HRM systems are often legacy systems with low API extendibility, making
integration with NLP-based pipelines more difficult; customised middleware
solutions add 3-6 months to the deployment process. Organisational differences in
data quality (e.g. survey response rates, retention of communication logs, and HR
information system architecture) can significantly impact the model's accuracy unless
data quality audits are conducted before deployment. Employee Opposition: HR
practitioners used to rely on intuition may initially resist, or over-rely upon, the AI-
based EQ scores; training in human-in-the-loop decision-making and role clarity
regarding the use of model predictions and human judgement is required.

5.1 Theoretical Implications

The present research has significant contributions to the existing theory in three areas
which are interrelated. First, it generalises Emotional Intelligence theory (Goleman
[10]; Mayer and Salovey [11]) outside the human mind into artificial intelligence,
showing that EQ concepts can be computerised. Second, it promotes human-oriented
AI systems, aligning with the principles of human-centered AI [14], it moves the
decision-making models in HRM forward by illustrating the importance of
considering the affective dimensions of the algorithmic process, which has
traditionally been dominated by logic and statistical modelling [7].

5.2 Practical Implications

The potential practical usefulness of EQ-based AI to organisations is enormous.
Implementation of EQ-based AI systems can help organisations better hire employees
by adding contextual and emotional cues to the process of assessing candidates; boost
employee satisfaction and trust in AI-based practices; and decrease turnover rates by
retaining employees more efficiently through more accurate and empathetic retention
modelling.

5.3 Ethical Considerations

Although AI based on EQ has some significant advantages, the implementation of AI
also has some significant ethical implications that companies should take
responsibility in addressing. The aggregation and processing of the emotional
manifestations of employees pose a serious privacy threat [43, 44]; organisations need
to have powerful data governance policies to safeguard the personal sensitive
information. Without strict ethical supervision, emotional data may be used to spy on
the person or discriminatory profile [43, 44]. The employees are entitled to know how
the AI systems assess their emotional reaction; the explainability mechanisms and
accountability framework should thus be made clear to preserve trust and adherence
to ethical AI practices [45].

Conclusion

This research confirms that the AI based on EQ is highly effective in boosting
workplace decision-making as it combines analytical intelligence with emotional
sense. The empirical results indicate that EQ-based AI can be a useful tool in the
contemporary organisation as it has proven to increase decision quality, employee
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engagement, and retention results in a measurable way. The incorporation of the
concepts of affective computing, NLP, and the use of the Random Forest
classification as a single EQ-AI tool is a significant move towards human-centric AI
in HRM.

Limitations

Like a range of advantages, the study also has a few limitations. The sample used
(150 survey respondents and 20 interviewees) limits the generalisability of results.
The test was performed with a prototype model instead of a commercial deployment.
The study was narrowed down to a specific number of industries; cross-sector
generalisability still needs to be explored.

Research Validity Enhancing: To enhance the study's internal and external validity,
some design decisions were made and are noted here. Internal validity was
strengthened by data triangulation (three separate sources of data: survey, interviews
and AI performance metrics) and the use of objective (not self-reported) algorithm-
level performance measures. The inter-rater agreement on EQ class labels (Cohen's κ
= 0.81) suggests construct operationalisation was strong. Some external validity is
limited by the purposive sampling and English language, single country data set. The
instrument validity of the survey was enhanced through the face validity tests with a
panel of five HR experts before it was used, and by ensuring that Cronbach’s alpha
for multi-item engagement scales met the criterion of α ≥ 0.70. However, the system
prototype and the pilot scope limit the results to being indicative. The research should
be considered as proof-of-concept evidence to inform larger-scale experimental trials,
not as an evaluation of a product ready for deployment.

Future Research

Future directions of research involve: (i) extensive empirical research in different
organisational and cultural settings; (ii) cross-cultural examination of EQ-based AI
acceptance and performance; and (iii) the combination of the framework proposed
with advanced generative AI models to further develop emotion reasoning abilities.
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