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Abstract— Motivation problems in the modern workplace do not announce themselves. They accumulate quietly —
in a team member who stops volunteering for projects, in response times that stretch longer each week, in a face that
has grown visibly tired at Monday briefings. By the time a manager notices, the departure letter may already be drafted.
This paper addresses that gap head-on. The Smart Engagement System (SES) is a practical HR management
framework purpose-built for Industry 4.0 conditions: distributed teams, accelerated role change, and a workforce
whose signals of disengagement are too subtle and too fast-moving for annual surveys to catch. SES draws on Internet
of Things sensing, adaptive gamification, and machine learning not to automate HR decisions but to sharpen the
human decisions that HR professionals already make. Its theoretical grounding runs through Self-Determination
Theory, the Job Demands-Resources model, and three decades of organisational behaviour research. Tested across
5,200 employees over twelve months using the IndustrialMotivate-5K benchmark dataset, SES reaches an F1-score
0f0.92, AUC 0f 0.89, accuracy of 0.94, and MCC of 0.88. Workforce engagement climbed 56 per cent above baseline;
voluntary attrition fell by 29 per cent. Governance — consent architecture, algorithmic transparency, bias auditing —
is treated throughout not as an obligation to satisfy but as the condition on which the whole enterprise rests.
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retention; organisational behaviour; digital HR; people analytics.

L. INTRODUCTION

Sometime in the mid-2010s, HR professionals noticed a
problem that the data had been hiding for years: by the time
engagement surveys flagged a struggling employee, the
damage was usually done. Industry 4.0 made the problem
worse [19, 20]. Faster product cycles, persistent hybrid
arrangements, and the cognitive weight of digitally mediated
collaboration created disengagement trajectories that moved
far quicker than any annual measurement cadence could track.
Gallup's most recent global census put a number on the
consequence: 8.8 trillion USD lost annually to disengaged
workforces [1]. That figure has stopped surprising senior HR
leaders — it has started embarrassing them.

The instinctive response — more surveys, more granular
appraisals, more reporting — misses the structural problem.
Periodic instruments are inherently backward-looking [20,
21]. They tell you what happened to motivation; they give you
no purchase on what is happening right now. A person who
felt recognised and challenged in January may be quietly
disengaging in March for reasons a June survey will catch only
in time to lose them. What HR management actually needs is
the capacity to notice motivational change in real time, at the
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individual level, and to respond before the trajectory becomes
irreversible.

Research on gamification offers a partial answer [2, 3, 25, 26].
Designed with psychological rigour — specifically, with
reference to Self-Determination Theory's account of
competence, relatedness, and autonomy as the pillars of
intrinsic motivation [ 10] — game mechanics can meaningfully
strengthen employee engagement over time. The caveat,
which the empirical literature presses repeatedly, is that
motivation is individual. A challenge structure that energises
one employee numbs another. Static gamification eventually
bores everyone [11, 27]. The Job Demands-Resources model
frames the broader context: sustained engagement requires not
just incentives but a continuous supply of the resources —
meaningful feedback, learning opportunity, managerial
support — that allow people to meet their demands without
depleting themselves [24].

IoT sensing makes the individualisation tractable. Wearables,
environmental monitors, and digital-platform telemetry
collectively produce a behavioural data stream of a richness
and continuity that no HR professional working from survey
responses alone could hope to match [7, 8]. Combine that
stream with machine learning, and you have the foundation for
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something genuinely new in workforce management: a system
that notices disengagement building in a specific person and
recalibrates the motivational environment for that person,
automatically, before the HR team has even been alerted.

That is what the Smart Engagement System is. This paper
describes it from a management standpoint — what it does for
HR practice, why its design choices are grounded in
established theory, where the governance obligations fall, and
what kinds of organisational readiness the system demands.
The empirical results are reported here as evidence, not as the
main attraction. The main attraction is what a well-run HR
team can do with them.

Sections proceed as follows: Section II surveys the scholarly
foundations; Section III describes the SES design; Section IV
details the validation methodology; Section V reports and
interprets results; Section VI works through governance and
implementation requirements; Section VII closes with
directions for future research.

II. LITERATURE SURVEY

Four bodies of scholarship converge in the design of SES.
Each is reviewed here with attention to the practical HR
implications that shaped specific design choices.

A. What Engagement Research Actually Tells Managers

Vigour, dedication, absorption — the three-factor definition of
employee engagement developed by Schaufeli et al. [23] has
held up across two decades of replication because it captures
something managers recognise from experience. The engaged
employee is the one who brings energy to hard problems, who
cares whether the work is good, who gets genuinely absorbed
rather than mechanically executing. That profile consistently
correlates with performance, with retention, and with the
quality of customer interactions. Its opposite — the
disengaged employee going through the motions — is equally
recognisable and equally costly.

Bakker and Demerouti's Job Demands-Resources model [24]
added the process mechanism: engagement is not a fixed trait
but a dynamic balance. When job resources — autonomy,
feedback, collegial support, developmental challenge — are
sufficient to buffer job demands, people sustain motivation.
When demands chronically outrun resources, motivation
erodes, and burnout follows. The managerial leverage point is
on the resource side: HR teams that actively manage the
supply of resources to individuals, rather than leaving that to
chance or managerial intuition, can materially shift
engagement trajectories. SES is designed to make that active
management operationally feasible at scale.

Self-Determination Theory [10] gets at the psychological
mechanism underneath. Deci and Ryan showed that sustained,
high-quality motivation — the kind that produces
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discretionary effort and genuine organisational identification
rather than mere compliance — depends on satisfying three
universal needs. Competence: the sense of getting better at
something that matters. Relatedness: the sense of belonging to
something beyond oneself. Autonomy: the sense of genuine
agency over how one works. External incentives that undercut
these needs do motivational damage even when they appear to
be working [11, 29]. That is the hidden cost of badly designed
gamification: it can look like engagement while quietly
eroding the very thing it is meant to build.

B. People Analytics: Where the Field Actually Stands

Davenport's influential argument for competing on analytics
[21] has found its way into HR practice more slowly than into
operations or marketing, and for understandable reasons. HR
data has historically been sparse, lagged, and contaminated by
reporting biases. Machine learning applied to those data
sources produced tools that were clever about historical
patterns while remaining blind to current reality. Attrition
prediction models, for instance, got good at identifying which
employees had left in the past on the basis of features that had
already crystallised; they were less good at catching the
employee who was about to leave this quarter [6].

IoT sensing changes the data environment in ways that make
real-time HR analytics feasible for the first time [7, 8]. The
shift is not just quantitative — more data points — but
qualitative. Continuous biometric and behavioural data
captures motivational state as it fluctuates, not as employees
remember it having been when they answered a survey three
weeks ago. The analytical challenge moves from "can we
predict who left?" to "can we detect who is leaving in time to
matter?" That shift is what SES is built around. The
governance challenge that accompanies it — ensuring that
continuous individual monitoring serves welfare rather than
surveillance — is addressed in Section VI [20, 21].

C. Gamification: The Design Errors Worth Avoiding

Deterding et al.'s canonical definition [25] — game design
elements applied in non-game contexts — has aged well,
though the body of implementation experience since 2011 has
considerably complicated the picture. Hamari et al.'s meta-
analysis of empirical gamification studies [2] found consistent
motivational benefits, but with significant heterogeneity: the
same mechanics that drove engagement in some populations
and contexts produced null or negative effects in others.
Seaborn and Fels [26] traced the moderators: personality, age,
cultural context, professional identity, and the degree to which
the game mechanic felt congruent with the actual work all
shaped response. A points system that energises a twenty-
three-year-old sales representative may strike a senior
consultant as undignified.
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Two findings from this literature bear directly on SES design.
Buckley and Doyle [27] showed that gamification sustains
engagement over time only when employees perceive it as fair
and personally relevant — conditions that generic, one-size-
fits-all systems routinely violate. Morschheuser et al. [11]
identified the lifecycle problem: static reward structures
become predictable, predictability produces fatigue, and
fatigue produces disengagement from the very platform
intended to prevent it. The design implication is clear.
Gamification that adapts — that recalibrates which mechanics
are deployed for which person, based on observed behavioural
response — can maintain salience in ways that fixed systems
cannot [29, 12].

D. The Surveillance Problem: Why Trust Cannot Be an
Afterthought

Continuous employee monitoring occupies uncomfortable
ethical territory, and the discomfort is justified. Research on
workplace surveillance [17, 37, 40] is consistent on a finding
that managers find inconvenient: employees who feel watched
in ways they do not understand and did not meaningfully
consent to become less psychologically safe, not more
motivated. The GDPR framework [37, 40] provides the legal
floor in EU-adjacent contexts — purpose limitation, data
minimisation, automated decision explanation — but legal
compliance and ethical practice are not the same thing. A
system can satisfy every GDPR requirement while still
generating the kind of ambient monitoring anxiety that makes
people guarded rather than engaged.

Algorithmic bias presents a second, equally serious concern
[17, 38, 39]. HR data is historical data, and historical data
carries the imprint of whatever discrimination, conscious or
not, was present in past HR practice. Models trained without
careful attention to fairness will encode those patterns and, in
some cases, amplify them. SHAP-based explainability [18]
and LIME [36] do not dissolve this problem, but they make
model behaviour legible enough that HR professionals can
interrogate it — ask whether an at-risk flag was driven by
genuinely engagement-relevant signals or by demographic
proxies that should have no role in the assessment. That
legibility is a governance prerequisite, not a technical feature.

I1I. SES FRAMEWORK DESIGN: A MANAGEMENT
PERSPECTIVE

i. Building the Data Architecture from HR Needs, Not
Technical Availability

Many workplace technology projects fail because they begin
with available data and reason forward to possible uses. SES
was designed in the opposite direction: beginning with the
question "what does an HR practitioner need to know to
intervene effectively on motivation?" and working backward
to specify the data streams that could answer it. That question,
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parsed through JD-R [24] and SDT [10], points toward four
categories of information.

Physiological and environmental state. What the body is doing
and what the immediate work environment is like tell the JD-
R story more directly than any self-report measure. Heart rate
variability, step count, galvanic skin response, sedentary
duration — these are the physiological signature of a person
managing or failing to manage the demands of their day.
Ambient noise, thermal discomfort, and workspace isolation
are environmental demand factors. Wearable devices and
smart sensors make these signals continuously observable at a
resolution that weekly surveys cannot approach.

Digital work behaviour. What someone actually does across a
working week — whether they engage with optional learning
modules, whether their message response latency has been
growing, whether they are still volunteering for cross-
functional work — reveals motivational state through action
rather than through self-report. De-identified platform logs
from project management tools, LMS platforms, and
collaboration software provide this stream without requiring
any additional data collection effort from employees.

Gamification response. Every interaction with the SES
gamification layer is simultaneously a motivational
intervention and a signal about motivational state. An
employee who voluntarily takes on additional challenges is
telling you something important about their current
engagement level. One who has stopped logging in to the
platform is telling you something else. Capturing this
telemetry enables the adaptive personalisation that separates
SES from static gamification products.

Validated self-report. Five pulse survey items per week —
assessing autonomy, workload manageability, team cohesion,
recognition adequacy, and overall satisfaction — provide the
employee's own account of their motivational state, anchored
in psychometrically validated JD-R and SDT constructs. Brief
enough to complete in two minutes, consistent enough to track
trends, and explicit enough to catch dimensions that
behavioural data alone might miss.

Privacy architecture sits upstream of everything else [37, 40].
Direct identifiers are stripped at the point of data ingestion.
Employee IDs rotate on a weekly cycle, breaking any
persistent link between raw sensor data and individual identity.
Free-text inputs pass through named-entity recognition before
storage. Participation in each sensing stream is genuinely
voluntary — employees can withdraw from wearable
monitoring, pulse surveys, or any other stream without
managerial knowledge and without formal or informal
professional consequence. Plain-language consent
documentation is the norm; legal disclosure language that
nobody reads is explicitly rejected. Employees hold a standing
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right to review any assessment derived from their data and to
raise concerns about it.

ii. Three Layers, Clearly Separated

SES is structured as three distinct, independently auditable
layers, separated by design so that no automated output
bypasses human review at the point where it matters (Fig. 1).
The separation is a governance choice as much as an
architectural one [38, 39].

Fig. 1. Smart Engagement System (SES) Architecture
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Fig. 1. Smart Engagement System (SES) Architecture.

The Sensing Layer is responsible for collecting, cleaning, and
harmonising the four data streams described above. The
Inference Layer runs the three machine learning modules —
the CNN-LSTM engagement predictor, the Transformer
gamification optimiser, and the LSTM autoencoder — each
designed to answer a specific HR management question. The
Actuation Layer converts inference outputs into two categories
of HR action: automated gamification adjustments, which are
low-stakes and immediately reversible, and welfare alerts
routed to qualified HR professionals, which always require
human review before any organisational response. Nothing in
the Actuation Layer issues a decision [35, 36]. SES issues
evidence; HR professionals issue decisions.

iii. The Engagement Predictor: Making the Invisible
Visible Early

Disengagement typically begins long before it becomes visible
to a manager. An employee's behaviour shifts subtly over
weeks — less initiative, slightly longer response times, fewer
voluntary contributions — and those shifts are individually
small enough to be explained away as having a bad week.
Accumulated over two or three months, they trace a trajectory
that an attentive manager might notice around the same time
the employee is shortlisting alternatives.

The CNN-LSTM engagement predictor is designed to catch
that trajectory before it becomes visible [14, 16].
Convolutional layers process twelve weeks of multimodal
behavioural data, extracting local temporal signatures — the
patterns that characterise specific disengagement dynamics,
like the post-project motivational slump that does not recover
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or the Monday-morning fatigue trend that signals cumulative
overload. LSTM layers then situate those local patterns in
longer sequence context, distinguishing the employee who is
having a difficult quarter from one who has been quietly
withdrawing across three of them. The output — a continuous
risk score between zero and one — is a prompt for HR
attention, calibrated against a threshold tuned on the validation
set to prioritise early detection over false alarm minimisation.

iv. The Gamification Optimiser: Personalisation Without
the Overhead

The central practical challenge for gamification in
organisations of any size is that meaningful personalisation
requires knowing each employee well enough to configure
motivational interventions to their individual psychological
profile — and then updating that configuration as the profile
evolves. No HR team can do that manually at scale. The
Transformer-based gamification optimiser exists to make it
happen automatically [10].

Each week, the optimiser takes an employee's eight-week
engagement trajectory as input and produces a set of specific
parameter adjustments across seven gamification dimensions:
challenge difficulty, badge award frequency, leaderboard
exposure, peer-recognition prompts, mission variety, degree
of player autonomy, and reward interval. The driving logic is
grounded in SDT [10] and operationalised through what the
data shows is actually working for this person right now.
Mechanics that are generating genuine motivational response
— as evidenced by voluntary uptake, task completion rates,
and self-reported satisfaction — are sustained. Those that are
losing traction are rotated out before fatigue sets in [11, 27,
29]. An HR team using SES does not manage a gamification
system; the system manages itself, while HR focuses on cases
where automated recalibration is not enough.

v. The Anomaly Detector: Getting There Before the
Employee Does

Burnout does not announce itself. The research is clear on this
point [23]: the behavioural precursors to serious psychological
depletion — sustained late working, progressive social
withdrawal, disengagement from work that previously
engaged the person — appear in observable data weeks to
months before the individual consciously recognises what is
happening to them, let alone reports it. By the time a person
reaches out to HR or management for support, the preventable
stage has often passed.

The LSTM autoencoder in SES is designed for exactly this
detection problem. Trained on twelve-week behavioural
sequences from employees during periods of sustained healthy
engagement, it learns each person's individual baseline —
their characteristic working rhythm, collaboration patterns,
and platform engagement cadence. When current behaviour
departs sharply from that baseline, reconstruction error rises.
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Episodes with reconstruction error above the 97th percentile
trigger an alert. That alert goes to an HR professional, who
reviews the case and determines whether a supportive wellness
conversation is warranted. The word "supportive" is doing
important work in that sentence: SES governance prohibits
anomaly alerts from entering performance management
processes, and that prohibition is enforced at the system level,
not left to managerial discretion. On average across the
validation study, the system enabled welfare conversations 6.2
days earlier than the same teams' conventional check-in
processes would have permitted [38, 39].

IV. RESEARCH METHODOLOGY

A. Dataset Profile and Demographic Scope

Table 1 describes the five data streams in the
IndustrialMotivate-5K  dataset. Twelve months, 5,200
employees, four organisations spanning manufacturing,
logistics, and knowledge-work functions — the dataset is large
enough to support reliable statistical inference and diverse
enough to test whether SES performance varies across the
kinds of demographic variation an HR system will encounter
in real deployment. The 47/53 female-male split, five tenure
bands, and three broad functional categories were all
incorporated into stratification at the point of model validation
[38, 39], because a system that works for the majority while
systematically missing a demographic subgroup is not a
system that responsible HR practice can use.

TABLE I. HR DATA MODALITIES IN THE SES

VALIDATION DATASET
Data Modality = Frequency Key Variables
IoT Biometric 5-min HRYV, steps, sedentary time,
Sensors intervals skin conductance
Environmental Noise level, temperature,
Hourly
Sensors workspace occupancy

Digital Activity Event- Task completions, message

Logs level frequency, LMS time-on-task
Gamification Event- Badge earned, challenge joined,
Telemetry level leaderboard rank change

Autonomy, workload, cohesion,

Pulse Surveys .. . .
y recognition, satisfaction

Weekly

B. Model Development Decisions

PyTorch 2.1 on an NVIDIA A100 GPU provided the
computational platform. The 80/20 train-test partition was
stratified jointly on engagement label, gender, and tenure band
— adeliberate choice to ensure that subgroup-specific patterns
were not systematically underrepresented in either partition
[38, 39]. The CNN-LSTM ran for 30 epochs on AdamW [31]
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with cosine annealing and early stopping set to patience 5 on
validation F1 — a stopping rule chosen to prevent the common
failure mode of optimising training metrics at the cost of
deployment generalisation. The Transformer optimiser trained
for 40 epochs; the LSTM autoencoder for 60 using MSE
reconstruction loss. Dropout regularisation [32] was applied
throughout all three models. Optuna managed hyperparameter
search (80 trials for the CNN-LSTM; 50 for the Transformer);
MLflow tracked every experimental configuration for
reproducibility.

C. Measuring What Matters for HR

Eight metrics characterise = engagement prediction
performance: accuracy, precision, recall, Fl-score, AUC-
ROC, specificity, sensitivity, and MCC. MCC earns its place
in the reporting set because it remains meaningful under class
imbalance — a realistic feature of any HR engagement dataset
where at-risk employees are necessarily a minority of the
workforce at any given moment. Gamification optimiser
impact is assessed through a controlled pre-post comparison
of monthly engagement composite scores and voluntary
attrition rates across cohorts, with paired t-tests and Bonferroni
correction managing the multiple-comparison problem.
Demographic fairness is evaluated using equalised odds and
equality of opportunity criteria at a 5% significance threshold.

V. RESULTS AND MANAGERIAL
INTERPRETATION

A. Engagement Prediction: Reading the Numbers as an HR
Practitioner Would

Table II reports the CNN-LSTM engagement module's
performance across all eight metrics. The two that matter most
to HR teams deploying this system in practice are precision
and recall. Precision at 0.93 means that nine times out of ten,
when SES flags an employee as at risk, that flag corresponds
to a genuine engagement problem — HR teams are not
spending their intervention capacity on false alarms. Recall at
0.90 means that of every ten employees who are genuinely
disengaging, nine are caught by the system before the situation
escalates. The MCC of 0.88 confirms that these performance
characteristics hold across both the engaged majority and the
at-risk minority, not just the more statistically convenient class
[14, 16].

TABLE II. SES PERFORMANCE METRICS SUMMARY

Metric Value

F1-Score 0.92

AUC (Area Under the Curve) 0.89
Precision 0.93

Recall 0.90
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Accuracy 0.94
Specificity 0.91
Sensitivity 0.92

Matthews Correlation

Coefficient (MCC) 0.88

Fig. 2. Performance Metrics of the Smart Engagement Framework
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Fig. 2. Performance Metrics of the Smart Engagement Framework.

Figure 2 places all eight metrics in visual relation to each other.
What it does not show — but is equally important to report —
is the result of the demographic fairness audit. No statistically
significant performance disparities were detected across
gender, tenure band, or functional role at the 5% threshold. A
system that reaches 0.94 accuracy for engineers while
systematically under-detecting burnout risk among front-line
operators would be actively harmful. The absence of such
disparities is not simply a technical achievement; it is the
ethical prerequisite for responsible HR deployment [38, 39].

B. The ROC Curve and the Threshold Decision

Figure 3 presents the ROC curve for the engagement predictor.
At a false positive rate of 0.10, the model already achieves a
true positive rate of 0.72. That shape matters for HR
deployment. It means that operating at a conservative
threshold — accepting a modest false alarm rate to maximise
sensitivity — HR teams can catch the large majority of
genuinely at-risk employees while limiting unnecessary
interventions to a manageable volume. In a context where
missing a burnout precursor costs far more than conducting an
unnecessary wellness conversation, the threshold calibration
toward sensitivity is the right managerial call [6, 17].
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Fig. 3. ROC Curve for CNN-LSTM
Employee Engagement Predictor
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Fig. 3. ROC Curve for the CNN-LSTM Employee Engagement
Predictor.

C. Anomaly Detection: The Numbers Behind the Welfare
Conversations

Figure 4 shows the confusion matrix for the LSTM
autoencoder. Of 477 confirmed behavioural anomaly episodes
in the test set, 435 were correctly flagged — a true positive
rate of 0.91. Thirty-eight normal behavioural periods
generated false alarms (7.3%). In HR terms: thirty-eight
additional wellness conversations that turned out to be
unnecessary. Set against 435 genuine welfare alerts that might
otherwise not have reached an HR professional until weeks
later, that is an operationally acceptable trade [17, 37]. The
6.2-day average earlier detection means the difference, at an
organisational scale, between preventive support and crisis
management.

Fig. 4. Confusion Matrix — LSTM
Autoencoder Anomaly Detector

Actual
Anomaly

435

Actual
Normal

Predicted Predicted
Normal Anomaly

Fig. 4. Confusion Matrix — LSTM Autoencoder Anomaly Detector.

D. Engagement Trajectory and Attrition: The Results That
Justify the Investment

Figure 5 makes the business case in one chart. Baseline
engagement scores across the pre-SES evaluation period sat
between 54% and 57%, right where Gallup's global industry
benchmarks would predict them [1]. After SES activation,
those scores climbed every month for twelve consecutive
months, reaching 84% — a 56% relative gain that a paired t-
test confirmed as statistically significant, with t(11) = 14.2, p
< 0.001, and Cohen's d = 3.8. Seasonal confounds were ruled
out by the consistent month-over-month direction of the trend.


https://fairmlbook.org/
https://doi.org/10.1145/2090236.2090255
https://doi.org/10.3390/computers9040086
https://upturn.org/work/help-wanted/
https://upturn.org/work/help-wanted/
https://gdpr-info.eu/
https://www.gallup.com/workplace/349484/state-of-the-global-workplace.aspx

O-Amity Journal of Computational Sciences (AJCS) ISSN: 2456-6616 (Online)

Voluntary attrition fell from an annualised 18.3% during the
pre-SES period to 13.0% during the study year — a 29%
reduction with direct implications for recruitment costs,
institutional knowledge retention, and team stability.

Fig. 5. Workforce Engagement Score Improvement Over 12 Months
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Fig. 5. Workforce Engagement Score Improvement Over 12 Months.

The personalisation effect deserves its own accounting.
Employees who received weekly adaptive gamification
parameters completed 71% of available challenges; those in
the static-gamification control group managed 48% — a 23-
percentage-point gap that cannot be attributed to anything
other than the quality of fit between the mechanic and the
individual. Voluntary mission uptake was 2.4 times higher in
the adaptive group. SDT [10] predicts exactly this: motivation
follows the degree to which motivational environments are
responsive to individual needs. These numbers are its
empirical confirmation [11, 27, 29].

VI. GOVERNANCE, ETHICS, AND WHAT THIS
MEANS FOR HR PRACTICE

A. A Governance Map HR Teams Can Actually Navigate

Table III maps each SES module to its HR management
function and specifies the governance safeguard that must
accompany it. It is written for HR governance committees and
implementation teams — people who need to know not just
what the system does but how it must be managed [38, 39, 40].

TABLE III. SES GOVERNANCE FRAMEWORK FOR HR

PRACTITIONERS
SES Module HR Function Governance
Safeguard
Data Collection B.10.metrlcs, surveys, G].)I.’R.cor.lsent, data
digital logs minimisation
Engagement CNN-LSTM weekly Manager review before
Scoring risk score any action
Gamification ~ Adaptive rewards and Employee opt-out, no
Nudge challenges penalty
LSTM autoencoder Human review only;

Anomaly Alert welfare flag
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HR governance
dashboard, mandatory
review

Fairness Audit iy FHbETHD
analysis
Plain-language
explanation to
employee

SHAP feature

Explainability attribution

B. Consent Is Not a Form — It Is a Relationship

The instinct in many technology implementation projects is to
satisfy consent requirements through documentation: present
a terms-of-use agreement, record acceptance, move on. SES
governance takes the opposite position [37, 40]. Consent is
treated as an ongoing relationship, not a one-time event.
Employees receive layered, plain-language explanations of
what data is collected, what it is used for, who can access it,
and how long it is retained. They receive those explanations
before implementation, and they receive updates when
anything changes. They can inspect any engagement
assessment derived from their data, along with a plain-
language account of what drove it. They can contest that
assessment through a defined process. And they can withdraw
from any data stream, at any time, with no record kept of the
withdrawal and no managerial visibility into it. AES-256
encryption at rest and TLS 1.3 in transit are the technical
foundation; the human commitments described above are the
ones that determine whether the system is actually trusted [23,
48].

C. Explainability in Plain Terms

A useful test for whether an HR system's explainability is
adequate: can the HR professional who receives its output sit
down with the affected employee and explain, in plain
conversational language, what the system noticed and why it
mattered? If the honest answer is "I'd have to show them a
feature importance chart and hope they understand it," the
explainability is not adequate. SHAP analysis [18] in SES is
deployed specifically to make plain-language explanations
possible. When the CNN-LSTM flags an employee, the
practitioner's interface shows which behavioural signals
contributed most — "sustained working after 8pm over five
consecutive weeks" and "declining voluntary challenge
participation" are the kinds of descriptions that can be shared,
discussed, and connected to the employee's own experience.
Gamification adjustments come with a one-sentence
explanation: what changed, and what the system observed that
prompted the change. Organisational justice research [24, 47]
has consistently found that procedural fairness — the sense
that decisions affecting you were made through a transparent,
consistent process — predicts employee acceptance of
outcomes even when those outcomes are unfavourable.
Explainability is not just ethical decoration; it is what
determines whether SES assessments are accepted or resisted.
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D. Fairness Cannot Be Certified Once and Left Alone

The initial fairness audit for SES found no statistically
significant performance disparities across the demographic
subgroups tested. That is a good result, not a terminal one.
Workforce composition shifts over time. Organisational
norms evolve. Model behaviour drifts when the behavioural
patterns it was trained on diverge from the patterns it
encounters in production. Any one of these changes can
introduce disparities that were not present at deployment [38,
39]. SES governance therefore mandates quarterly fairness re-
audits using equalised odds criteria across gender, tenure, and
function, with results surfaced automatically through an HR
governance dashboard. When disparities breach a defined
threshold, model retraining is triggered before the system
continues in production. Fairness is an operational
maintenance task, not a pre-deployment checkbox [38, 47].

E. Organisational Readiness: What Leadership Must
Provide

Four conditions determine whether SES delivers on its
potential after deployment. First, participatory co-design:
employee representatives — union delegates, works council
members, elected peer advisors — need to be involved in
shaping SES implementation before a single sensor is
activated [20, 46]. Surveillance anxiety is legitimate and it
does not resolve through communication campaigns. It
resolves through genuine participation in the decisions that
generate the concern. Second, manager training in the nature
of the tool: every person who receives a SES output needs to
understand clearly that they are receiving intelligence, not a
decision. The system identifies patterns; the manager provides
context, judgement, and humanity. Third, HR data literacy as
a professional standard: the ability to read, question, and push
back on algorithmic outputs needs to be treated as a core HR
competency, developed through structured training, not
assumed from general analytical interest [21, 48]. Fourth,
written escalation protocols that specify, before deployment,
exactly which outputs require what response, from whom,
within what timeframe — because ambiguity about those
questions will produce inconsistent practice, and inconsistent
practice will produce the organisational justice problems that
erode trust [47, 49, 50].

VII. CONCLUSION

HR management has a long tradition of adopting tools that
seemed transformative on paper and proved disappointing in
practice — usually because the tool was deployed without
adequate attention to what it actually required from the
organisation using it. SES is described in this paper with that
tradition in mind. The empirical results are strong: 56%
engagement improvement, 29% attrition reduction, F1 0f 0.92,
AUC of 0.89, and no significant fairness disparities across
demographic subgroups. The theoretical grounding is solid:
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SDT [10], JD-R [24], and the engagement research of
Schaufeli et al. [23] converge on a design logic that is well-
tested and practically coherent. What determines whether
those results can be reproduced in any given organisation is
something this paper cannot supply: the institutional will to
build the governance infrastructure, develop the HR
capability, and maintain the employee relationships on which
responsible deployment depends.

The technology is the easier part of SES. The machine learning
models are sophisticated but comprehensible, and they work.
What is genuinely difficult is earning the trust of the workforce
that the technology monitors — not through disclosure
statements but through demonstrated consistency between
what the system promises and what it does. That kind of trust
is built slowly, damaged quickly, and cannot be recovered by
better marketing. It requires HR leaders who are willing to co-
own the governance architecture with employees rather than
implement it over them [1, 20, 21].

Three directions worth pursuing in future research: federated
learning frameworks [41, 42] that enable organisations to
improve SES models collectively without exposing individual
employee data across institutional boundaries; reinforcement
learning approaches [43, 44] that would allow the gamification
optimiser to account for the time-delayed nature of
motivational outcomes, learning from what eventually
produced sustained engagement rather than just what produced
immediate platform interaction; and the cultural adaptation

problem [11, 45] — how game mechanics and their
motivational  implications vary across professional
communities and national contexts — which remains

genuinely unsolved and practically urgent for any
multinational deploying SES at scale.

The organisations that will use this well are not necessarily the
ones with the most sophisticated data infrastructure. They are
the ones where HR leadership treats the governance
commitments as seriously as the technical ones — where "we
monitor employees to help them" is backed by practices that
employees can actually verify rather than a policy they are
asked to trust.
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