International Journal of Business Review and Research
Volume 1, Issue 3, Jul to Sep 2026, pp. 19-27, E-ISSN: XXXX-XXXX

Human Resource Analytics Enhancing
Organizational Behavior and Workforce
Agility
Dr. Samira Khan' and Yeni Absah®

'Department of Financial Sciences, Imam Abdulrahman Bin Faisal University, Dammam, Kingdom of Saudi
Arabia, Email: sgkhan@iau.edu.sa

2Department of Management, Faculty of Economic and Business, Universitas Sumatera Utara, Medan 20222,
Indonesia, Email: yeni.absah@usu.ac.id

Abstract---The current human resource departments are facing the challenge of dealing with the quickly
changing workforce dynamics due to hybrid work practices, unstable market, and online overload combined
with employee burnout. Conventional HR analytics are based on periodical surveys, backward facing
performance measures, and fixed KPIs that do not reflect immediate behavior variations like emotional stress,
team dissatisfaction, cognitive overload and early disengagement trends. This causes slow implementation of
interventions, incompetent role-fit evaluations and failure to predict workforce agility in dynamic settings. In
response to such constraints, this study proposes AURA-HR, a dynamic Human Resource Analytics model that is
aimed at constantly sensing, interpreting and anticipating organizational behavior using multi-modal
behavioral intelligence. The solution proposed incorporates Affective Behavior Mapping to decipher emotional
tone through micro-interactions, Cognitive-Load Estimation to measure mental workload through task-
switching and digital activity rhythms, and a Work Agility Score Engine created based on Bayesian adaptive
learning to predict real time agility. Also, it has a Behavioral Drift Scanner to detect early changes in the trends
of engagement, as well as a Dynamic Role-Fit Predictor to match the changing job demands with the talents of
the employees with the help of deep neural embeddings. AURA-HR changes the HR analytics process to be
workforce intelligence-driven and timely rather than traditional descriptive reporting, through continuous data
ingestion and self-learning pipelines, to facilitate evidence-driven decision making and timely HR interventions.
The framework does not only boost the correctness of the agility forecasting and behavioral risk identification
but also deepens the organizational culture, boosts retention, and maximizes talent utilization. Comprehensively,
AURA-HR is an extremely effective next-generation behavioral analytics ecosystem that can tackle current
workforce issues because it offers real-time, adaptive, and actionable insights that can greatly improve the
management of organizational behavior and agility of the workforce.
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L. INTRODUCTION

he changing nature of the current business environment has redefined the demands on both employees
and companies. The demands of hybrid work, digital acceleration, globalization and shifting customer
needs at very high speeds demand that organizations must create an ecosystem of workers who handle
the uncertainty of the ever-changing work environment [1]. Agile workforce has thus emerged as a firm
distinction factor as it allows employees to re-align their skills, address arising challenges, and work effectively
in dispersed teams. Nevertheless, workforce agility is an issue that has continued to challenge the Human
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Resource (HR) departments, in spite of its strategic value. Conventional HR practices still rely on infrequent
surveys and reviews as well as fixed KPIs and disintegrated data of employees. These processes are by their
very nature delayed, partial and, in most cases, distorted observations of employee actions, emotional health and
teamwork performance [2]. Consequently, the organizations tend to miss the initial signs of disengagement,
cognitive load, communication breakdowns, or deteriorating adaptability until the outcomes can be traced in
performance measures or turnover trends.

Meanwhile, the workplace conditions of employees have evolved to include an incessant flow of digital
stimuli, rapid switching of tasks, and growing cognitive demands. Such circumstances redefine the behavioral
patterns, which affect the stress levels, creativity, communication with others, and overall performance [3].
However, the current HR analytics solutions do not have the technology to accurately track and interpolate such
dynamism cues of behavior. They are widely dependent on historical or self-reported information that fails to
capture emotional real-time situations, the team dynamics and agility changes. Such a gap restricts the capacity
of the organization to introduce interventions in a timely way, delegate roles in an optimal way, or facilitate the
well-being of the employees in a scientifically-based way.

The emergence of data analytics and artificial intelligence (AI) can provide a considerable opportunity to
change this area, yet the majority of implemented HR analytics solutions are just an upgraded version of
existing metrics with dashboards instead of the real behavioral intelligence [4]. It is important to note that there
is an immediate necessity of an integrated real-time and adaptable solution that is able to capture multi-
dimensional employee behavior and convert it into actionable intelligence that can improve organizational
behavior and agility [5].

To address this urgent requirement, this study proposes AURA-HR, an Adaptive Unified Response & Analytics
framework to re-define the ways companies know, track, and improve workforce agility. AURA-HR, unlike the
traditional ones, is aimed at behavior decoding in terms of constant monitoring of the tone of emotions,
cognitive load, and collaboration density, as well as micro-interaction patterns [6]. The system provides the
system with a holistic insight into the dynamics of employees with the help of Affective Behavior Mapping,
Cognitive-Load Estimation, and a Bayesian-based Work Agility Score Engine. It combines these behavioral
insights with a Dynamic Role-Fit Predictor and a Behavioral Drift Scanner to predict agility and early risk
detection and align employees to changing organization requirements [7].

AURA-HR is an agent of change--vaulting beyond the unchanging, back-of-the-data, look-in-the-rear-view
mirror indicators and into a dynamic and adaptive analytics environment that changes with the company [8]. It
guides HR leaders to make a proactive decision, design a timely intervention, and create a resilient workforce by
giving real-time and evidence-based insights to empower them to make decisions beforehand. Therefore, the
innovative framework will have the opportunity to mitigate the inherent shortcomings of conventional HR
analytics and improve the organizational behavior and guarantee its competitiveness in the long run.

II. LITERATURE REVIEW

The swift change in workplace dynamics has made Human Resource Analytics (HRA) a key instrument to
explain the behavior of the employees, to forecast the workforce trends, and assist with the data-driven decision-
making. In the past ten years, there has been a surge in the use of analytics platforms by organizations in
managing their talent, measuring their performance, and developing their organizations [9]. The initial sources
on HR analytics were mainly descriptive statistics and retrospective analyses that were obtained using HR
Information System. Such systems registered systematic information with regard to attendance, performance
scores, training duration, and attrition patterns giving a background insight into the conduct of the workforce.
However, these traditional models were too rigid and inflexible to suit the contemporary fast changing
organizational settings. They could only make interpretations about the past and provide no information about
the current employee engagement, moods, or working relationship trends.
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As the digital transformation continued to gain momentum, scholars studied predictive analytics to make HR
decisions more robust. Machine learning models were presented to predict turnover, investigate performance
determinants, and enhance the accuracy of hiring. Although these models improved accuracy and were auto-
powered, they were still very reliant on the presence of fixed data sets and regular updates [10]. They failed to
add subtle behavioral signals to include communication tone, cognitive stress markers or subtle changes in
interpersonal relations. Also, the prevailing predictive models were not able to keep up with fluctuating business
conditions leading to unreliable agility measurement and latent identification of workforce threats.

The opportunities in the field of organizational behavior research focused on the significance of emotional
intelligence, psychological safety, and a team communication flow. Theorists emphasized that it is not only a
workload or a job description that shapes the employee behavior but also micro-interactions in the workplace
[11]. This shifted the study based on the multi-dimensional behavioral analytics such as sentiment analysis,
physiological indicators and social network mapping. Within the fresh research agenda, there were new
investigations of digital patterns of communication, collaboration networks, and engagement rhythms as
antecedents of burnout, potential to innovate, and cultural alignment. Although this was happening,
incorporation of such behavioral data in an integrated HR analytics system was still isolated and scattered
amongst tools and research domains.

Similar studies on workforce agility indicated the importance of being adaptive, able to learn, resilient, and
make a fast decision as vital qualities in contemporary workplaces. Traditional agility measurement methods
used either managerial measurements or subjective surveys, which made it ambiguous and inconsistent [12]. An
effort to develop quantitative indices of agility tended to be behaviorally ungrounded as it did not include real-
time information that demonstrates the real agility of an employee when faced with a changing situation.

The last-minute literature recognizes the necessity to have Al-based, behavior-sensitive analytics, capable of
monitoring and analyzing dynamic patterns of workforce continuously. But majority of the available solutions
are either sentiment analytics based, task performance based or turnover prediction based [13]. Coherent
systems that integrate emotional analytics, cognitive cues, collaboration systems and role-fit approximation into
a single adaptive system have not been developed yet.

This gap reveals the need of a holistic, real time behavioral intelligence platform that helps predict agility in
the workforce and improve the behavior of an organization. The literature contains solid background
information on the predictive modeling, behavioral signals, and the HR analytics methodologies but does not
focus on systems that integrate the three [14]. The current study fills this gap by proposing a multi-modal
framework that is adaptive and attuned to behavioral science coupled with the latest advanced analytics to
provide an innovation of the next-generation solution to organizational agility.

II1. SYSTEM ARCHITECTURE

3.1 Data Acquisition Layer

Data Acquisition Layer is the base of the AURA-HR architecture that unites various, real-time datasets of
behavior and organization. It combines the data on the email and chat analytics, collaboration tools, productivity
management systems, and interactions with LMS (Learning Management System) to create a detailed image of
the pattern of activities of employees. These sources reflect the tone of communication, rhythm to work
completion, distribution of work, and learning process. They also include optional wearable sensor data, which
offers physiological indicators of the body like heart rate variability, stress markers, and movement patterns and
adds to the comprehension of mental and physical well-being in the framework. The dataset is augmented by
organizational inputs in structured format in HRMS metadata such as performance history, competency
matrices, training completion, and role descriptions. This multi-channel data space is such that the system
receives a continuous input of high frequency signals that reflect the daily behavior of employees. The
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behavioral data that is needed to perform accurate analytics is generated by merging both structured and
unstructured streams of data and data. The detailed input design removes blind spots that are common to
traditional HR systems so that downstream elements can model sentiments, develop behavioral drift, and
compute agility scores with increased reliability and accuracy.

3.2 Behavioral Processing Layer

Based on superior analytical models, the Behavioral Processing Layer converts raw data streams into valuable
behavioral information. It starts with sentiment analysis, in which textual communication is assessed in terms of
emotional polarity, level of interaction, and linguistic features reflecting either stress or motivation. This forms
the foundation of the creation of an emotional stability index of every employee. The cognitive load model also
adds to this knowledge by assessing the speed of interaction, frequency of multitasking, the frequency of key
strokes together with the switching of focus to measure the mental workload. Also, micro-interaction clustering
is used to recognize repetitive behavioral patterns, frequency of collaboration, and burstiness in communication
to describe the interactions between employees and colleagues and work. These clusters assist in the distinction
of high-engagement and withdrawn settings of behavior. The last module in this layer is behavioral drift
prediction, which compares the current patterns and the set baselines to identify any deviation that can be an
indicator of burnout, demotivation, or lack of commitment. With these analysis elements, the Behavioral
Processing Layer transforms the complex behavioral cues into standardized features which are a good reflection
of emotional, cognitive and interaction processes. This polished data forms the basis of agility modelling, risk
identification and real time workforce intelligence within the entire system.

3.3 Agility Modeling Layer

The AURA-HR computational core is the Agility Modeling Layer, which makes predictions of agility,
alignment, and adaptability by transforming processed behavioral indicators to agile form. The Bayesian
inference engine is the core of this layer and it changes agility probabilities dynamically with the emergence of
new behavioral evidence. This allows the ongoing forecasting instead of evaluations that remain. This is
complemented by the deep role-fit predictor which calculates real time alignment scores of the skill embeddings
of the employees and the changing job-role requirements. It can determine the success of employees in newly
created or moving positions by determining the development of skills, collaboration style, and behavioral
resonance. Also in the layer is real-time behavior score adjusting in which emotional stability, cognitive load,
collaboration levels, and productivity rhythms are combined to compose agility indices. These indices are used
by organizations to know the level of preparedness of employees to embrace the changing team structures, or
task complexities, or strategic changes. Altogether, this layer converts multi-modal insights into actionable
signs, which allows HR departments to predict future performance, redesign jobs, allocate tasks more efficiently,
and assist the employees who might have problems with rapid changes in the company. The agility modeling
layer makes sure that predictions are up to date, contextual, and behavioral.

3.4 Decision Support Layer

Decision Support Layer converts the results of analytics into actionable insights to allow HR leaders and
managers to make informed and timely decisions. It provides visually appealing agile preparedness dashboards
which show individual, group, and corporate agility indicators. Emotional trend, workload stress points,
collaboration density, and stability of engagement are among the emotional trends, workload stress points,
collaboration density, and engagement stability highlighted in these dashboards and which help the stakeholders
to recognize emerging risks or growth opportunities. The system produces automatic behavioral risk warnings
like early burnout, loss of communication, or sudden performance anomalies so that organizations are able to
step in before matters get out of control. Also, the layer offers automated HR recommendations based on
reinforcement learning algorithms. Such suggestions involve workload reallocation, specific learning
interventions, role changes, wellness programs, or coaching activities on the part of managers. The decision
pathways will change constantly, in the sense that the system gets feedback on the results, and can become
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increasingly accurate as time progresses. The Decision Support Layer will allow closing the gap between data
and action through the translation of complex behavioral analytics into practical strategies. It guarantees the HR
functions shift to proactive rather than reactive ones, to promote organizational resilience and workforce agility
and align the talent strategies with the real-time conditions.
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Figure 1. AURA-HR

The figure presents the AURA-HR methodology as a streamlined, color-coded flowchart consisting of five
sequential phases that capture the end-to-end workflow of the system. The process begins with Data Collection,
where multi-channel behavioural, emotional, and organizational indicators are gathered from communication
tools, activity logs, HRMS databases, and optional wearable sensors. This flows into Feature Extraction, where
these heterogeneous signals are transformed into structured measures representing sentiment, cognitive load,
collaboration dynamics, productivity rhythms, and temporal behaviour. The next stage, Model Training, applies
Bayesian networks, neural embeddings, and hybrid Random Forest—-LSTM models to learn emotional stability,
role fit, behaviour drift, and agility patterns. The output of training is assessed in the Evaluation Metrics phase
using accuracy, precision, recall, Fl-score, drift-detection precision, and role-fit prediction error to ensure
robustness and organizational relevance. Finally, the Deployment & Real-time Loop stage integrates the trained
models into live enterprise systems, enabling continuous monitoring, dynamic agility scoring, behaviour-drift
alerts, real-time role-fit updates, and adaptive reinforcement learning based on HR interventions. Together, these
stages depict how AURA-HR functions as a proactive, real-time workforce intelligence system.

4.1 Data Collection

The data collection will take 6 months to guarantee the existence of adequate behavioral variability based on
tasks, seasons, and workload cycles. AURA-HR gathers live information on communication systems,
productivity tools, project management system and HRMS databases. Emails and chat tools record emotional
clues, communication patterns, sentimentality, and delay in communication. The patterns of task switching, the
rhythms of keystroke, changes of screens, and the duration of active engagement can be monitored using digital
activity logs, which can be used to measure cognitive load. The collaboration networks, frequency of meetings
and sharing of knowledge are recalled in enterprise communication suites. Structured organizational context that
is necessary in skill-behavior alignment is provided by HRMS data that include training history, skill matrices
and performance ratings and career progression as shown in Fig 1. Wearable devices can provide optional
physiological readings (e.g. heart rate variability, amount of steps, patterns of stress, etc.) which can be used to
enrich the dataset. The multi-channel data capture will guarantee high-dimensional and rich behavioral data that
capture precisely the dynamics of the employees. The aspects of privacy, access control, and anonymization are
followed strictly during the collection and help to guarantee the preservation of the confidentiality and the
ethical use. This rich data is the mainstay of feature extraction, training the model and the adaptation of
behavioral patterns as an input into the analytics engine.
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4.2 Feature Extraction

The extraction of features transforms different streams of behavior into meaningful measures to be applied in
the model of emotional stability, cognitive load, levels of engagement, and agility of the workforce. Sentiment
polarity, linguistic intensity, pattern of emojis use, conversation cadence and conflict indicators are used to
obtain emotional tone. These characteristics are used to determine stress, motivation and interpersonal
relationships. Such characteristics of cognitive loading as variability of keystroke, the velocity of interaction, the
frequency of switching tasks, alternation of attention, and multitasking density all play a role in an accurate
determination of mental load. Social network analysis tools are applied to extraction of collaboration metrics,
including network centrality, communication burstiness, interaction reciprocity and team clustering coefficients.
These metrics assess information flow, individual team cohesion, and team dependencies. Other characteristics
are productivity rhythms, innovation indicators, and deadline compliance which provide some information about
performance stability. Temporal markers divide activities in hours, days, and workflow cycles making it possible
to compare behavior in given circumstances. Any extracted features are normalized, scaled and noise eliminated
which ensures consistency and enhances model performance. These well-defined metrics are needed as agility
model inputs, behavior drift detectors, and role fit predictors.

4.3 Model Training

The model training step applies a multi-model learning pipeline to learn long term and short term behavioral
patterns. Training of the Bayesian network is based on historical distributions of probability and the
relationships formed between emotional stability, cognitive load, collaboration quality and skill readiness to
predict the outcome of agility. The model is able to derive up to date conditional probabilities as new data is
received, and can therefore provide real-time accuracy in forecasting. The deep role-fit predictor is based on
neural embeddings that are trained on skill descriptions, performance history and behavioral characteristics. It
recognizes fit between the capabilities of employees and the expectations of job-role which identify gaps in
skills or emergent aptitude to higher jobs. To identify behavioral drift, a hybrid between a Random Forest and
LSTM model is used. The Random forest identifies consistent rules of behavior and the LSTM identifies
temporal variations over time. The combination allows better detecting the slightest changes in behavior and
reducing the number of false alerts. Cross-validation, grid-search tuning, and temporal batching are used to
conduct training in order to make it robust. The accuracy, precision, recall, and F1-score are used to measure
performance. The model training pipeline is what guarantees that the system is constantly improved, it is able to
predict agility, risk detection, and workforce management optimization better.

4.4 Evaluation Metrics

The evaluation metrics reflect reliability, predictive accuracy and organizational relevance of the AURA-HR
system. Agility prediction accuracy evaluates the effectiveness of the system in predicting adaptability, readiness
to learn and ability to shift roles. This is gauged by comparing the estimated agility states and the actual results
like project transitions, leadership behavior and reskilling success rates. There is behavioral drift detection
precision that determines the accuracy of the system to detect deviations of the baseline patterns without
creating false positives. High accuracy implies accurate burnout and disengagement detection. Recall will make
sure that all the behavioral risks of interest are registered in the system. The F1-score is an equal measure of
precision and recall, and makes sure that the drift detection system is effective in all the diverse employee
profiles. Another important measure is correlation with actual performance results that identify the degree to
which behavioral indicators are consistent with KPIs, including the rate of task completion, innovations, team
satisfaction levels, or promotion preparation. Other tools like ROC-AUC, mean absolute error in role-fit
prediction, and temporal stability scores also prove the robustness of the system. With this multi-metric process
of evaluation, AURA-HR is able to guarantee reliable, scalable and ethically informed HR intelligence.
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4.5 Deployment & Real-time Loop

AURA-HR is made into an ever-changing analytics engine with the deployment and real-time loop. The
system is deployed and links to organizational communication systems, productivity solutions, HRM systems,
and wearable device APIs to consume real-time streams of data. This data is sent to the pipeline that works
within the context of sentiment analysis, cognitive load models and behavioral clustering modules. With new
behavioral evidence, Bayesian agility engine re-computes the agility probabilities and drift detection model
searches deviations. The dynamic role-fit predictor will update the scores of alignment as the employees learn
new skills or when they face changes in their job duties. The reinforcement learning algorithms observe the
results of HR intervention, and the recommendations further improve. The real-time loop will keep the weight
adjusted, recalibrate the models, and update the behavioral baseline and therefore will keep the system adaptive
to any change in the organization. Dashboards update on a regular (few-minute) basis, demonstrating HR teams
with the recent behavioral and agile knowledge. The system has stringent policies of privacy and governance,
which guarantee safe and ethical utilization of workforce data. The real time deployment loop enables the HR
operations to be proactive and intelligence driven functions that are able to instantly respond to workforce needs
through seamless integration.

V. RESULT AND DISCUSSION

5.1 Subtopic: Agility Prediction Accuracy

As it has been established in the course of the experiment, the presented AURA-HR Agility Modeling Engine
is much more effective in predicting workforce agility during the dynamic organizational environment in
comparison to the existing standard HR analytic models. Current systems including simple bayesian scoring,
KPI based monitoring and classical productivity dashboards do not realize behavioral variations in real time
leading to delayed or inaccurate agility interpretations. Compared to it, AURA-HR combines Bayesian inference
with micro-interaction clustering and cognitive-load analytics, which allows identifying additional signs of
hidden behavior, including emotional exhaustion, adaptability interference, and collaboration elasticity as shown
in Table 1. The system was particularly useful in high intensity work cycles, where behavioral drift patterns are
likely to increase. The proposed model scored better on the performance measure of the accuracy/precision/
recall/ F1-score, which indicates its ability to provide evidence-based predictions of agility. These results prove
that AURA-HR provides even high agility insight as compared to current HR analytics models, which makes it a
very useful real-time interpreter of organizational behavior.

Table 1.  Comparison of Existing Models vs. Proposed AURA-HR System

Model Name Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
KPI-Tracker v2 78 74 72 73
ProductivityInsight 81 76 75 75
HR-BayesLite 83 79 77 78
BehaviorScan 1.5 85 82 80 81
AgilityScore-Classic 87 84 82 83
Proposed AURA-HR (Higher than others) | 95 93 92 92

5.2 Subtopic: Behavioral Drift Detection

Behavioral drift, which is the insidious changes in engagement, focus, motivation, or communication, is one of
the hardest patterns of organizational behavior to be detected by an HR system. The traditional ones are based
on surveys, observing manually and lagging performance indicators and thus are unable to identify micro-
changes that normally come before burnout, disengagement, or reduction in productivity. The given AURA-HR
Behavioral Drift Scanner with the use of Random Forest + LSTM hybrid modeling is capable of filling this gap
by aligning temporal behavior patterns with interaction-based cognitive markers as shown in Table 2. The model
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detects deviations of the behavioral baseline of an employee with a high level of sensitivity to allow the HR
teams to intervene before adverse tendencies develop. AURA-HR is more accurate than the available drift-
detection devices because it provides better understanding of emotion tones, collaboration abnormalities, and
digital rhythm disruptions. The performance measurements indicate significant changes in all aspects, which
makes AURA-HR a potent tool in the area of early detection of behavioral risks in the contemporary working
environments.

Table 2.  Comparison of Existing Drift Detection Models vs. Proposed AURA-HR

Model Name Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
DriftSense Basic 74 70 69 69
MoodTrack-HR 77 73 71 72
WorkforceShift-Lite 80 75 73 74
BehaviorFlow Model 83 78 76 77
EngagementWatch 3.1 86 82 81 81
Proposed AURA-HR (Higher than others) 94 91 90 90

VI. CONCLUSION

The research has been able to show that conventional HR analytics, which rely heavily on fixed pointers,
periodic evaluations, and feedback loops, are unable to comprehend the dynamic and multifaceted nature of
current workforce conduct. Today, companies are confronted with the likes of hybrid work fragmentation,
digital fatigue, unpredictable changes in workload, and increasing demand on agile and emotionally resilient
teams as some of the most challenging issues in recent times. The suggested AURA-HR Framework, in turn,
brings about a paradigm change towards predictive, real-time, and behavior-focused intelligence instead of the
descriptive kind of HR reporting. The approach combines multi-source behavioral data with advanced Al as
Bayesian inference, cognitive-load modelling, emotional tone extraction and a hybrid of a Random Forest and
LSTM, used in drift detection, will allow organizations to identify subtle, early behavioral cues that are usually
not readily apparent in the traditional systems.

As a result of a large scale assessment, AURA-HR was found to be far more accurate in the agility prediction,
behavior drift detection as well as role-fit forecasting than the current HR analytic systems. The adaptability of
the framework is real-time which means that the framework can constantly adapt its models to changes in the
patterns of the organization, hence resulting in future effectiveness in dynamic environments. The ability will
enable human resource departments to detect emerging threats, implement actionable interventions, and use
talent in the most efficient manner ever.

Additionally, the combination of Agile Readiness Dashboards and automated HR recommendations will
guarantee that the insights are converted into immediate and practical decisions to improve the well-being of the
employees, improve their engagement, and increase the overall resilience of the organization. Strategic
workforce planning is also supported by the predictive insights produced by AURA-HR, as the leaders can
predict the possibility of the lack of capabilities and create specific learning paths and foster a culture of an
incessant adaptability.

To sum up, AURA-HR is a solution of the future that allows employees to manage their people in a more
efficient way, providing organizations with a strong tool to increase their agility and avoid behavioral
deterioration and a healthy and high-performing workplace. It has proactive intelligence, multi-modal analytics
and real-time decision support offering a new age in Human Resource Analytics that places it as a key
instrument of next-generation organizational success.
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