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Abstract: Although psychosocial risk assessment is a managerial and regulatory concern,
validated tools like FPSICO frequently offer aggregate dimension scores that may mask the
co-occurrence of numerous risk variables within employee groups. A replicable unsupervised
machine-learning framework for developing interpretable psychological risk profiles and
connecting them to occupational health and human resource intervention planning is proposed
in this proof-of-concept study. The methodology was illustrated using a wholly synthetic
dataset of 180 workers represented by the nine FPSICO variables on a 0—100 risk scale, as
access to actual psychosocial evaluation data is limited due to confidentiality concerns. Data
normalization, principal component analysis, K-Means clustering, internal cluster evaluation,
comparison with Ward hierarchical clustering, and profile interpretation were all part of the
analytical workflow. 77.4% of the variation was explained by two main components. With a
mean silhouette coefficient of 0.50, a five-cluster solution yielded the best overall structure.
With an adjusted Rand index of 0.99, the recovered clusters closely matched the known
generative design. The resultant profiles of psychosocial risk were balanced circumstances,
psychological demands and workload, inadequate social support and engagement, role conflict
and low recognition, and generally high psychosocial risk. The hierarchy of controls was used
to relate each profile to an illustrated intervention matrix. The suggested paradigm offers a
clear decision-support layer that supplements proven psychological evaluation but does not
replace it, making the contribution scientific rather than empirical. The crucial next step is
empirical validation using actual organizational data.

Keywords: psychosocial risk; FPSICO; unsupervised machine learning; K-Means clustering;
principal component analysis; worker segmentation; hierarchy of controls; human resource
management; synthetic data; reproducible methodology; proof of concept

1. Introduction

Work related psychosocial risks, arising from how work is designed, organized,
and managed, are now recognized as major determinants of employee health (Lunn et
al., 2026), wellbeing, and organizational performance. Sustained exposure to adverse
psychosocial conditions such as excessive workload, low autonomy, role ambiguity,
weak social support (Alali et al., 2025), and inadequate recognition is associated with
stress, burnout, absenteeism, turnover intention, and reduced productivity (Amoadu
et al., 2023). Regulatory frameworks across many jurisdictions oblige employers to
assess and manage these risks, and international guidance such as ISO 45003 has
formalized the management of psychological health and safety at work (Nebbs et al.,
2025).

In Spanish speaking and European contexts, the FPSICO method developed
by the National Institute for Safety and Health at Work (INSST) is one of the most
widely used validated instruments for psychosocial risk assessment (Nebbs et al.,
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2025). FPSICO characterizes the psychosocial environment through nine dimensions
and classifies the level of risk on each dimension. While information by dimension
is crucial for diagnosis and compliance with the law, it presents a practical constraint
for managers: results are often aggregated by unit or dimension, which can obscure
how various risk factors are grouped within specific sets of workers. Two departments
or organizations may have similar average scores, but need very different actions
because the underlying risk combinations are different. Occupational health and
human resources (HR) teams work with constrained budgets and must set priorities
(Neuhaus et al., 2026). In order for interventions to be designed and targeted
effectively, they need to know not only which dimensions are higher on average, but
also which risk configurations coexist, how common they are, and which employees
have a similar risk signature. This is basically a matter of segmentation and is very
appropriate for unsupervised machine learning (Donohoe et al., 2024).

This study addresses that methodological gap by proposing a reproducible
methodology, rather than reporting on findings concerning a specific organization.
To identify latent psychosocial risk profiles from FPSICO dimensions, we used
unsupervised learning, principal component analysis (PCA) for structural exploration,
and K-Means clustering for segmentation (Neuhaus et al., 2026). These methods
were validated through hierarchical groupings. Since true psychosocial assessment
data are difficult to acquire and share for reasons of confidentiality, the methodology
is shown through a fully synthetic dataset created to mimic the results of FPSICO.
The use of simulated data is an intentional methodological decision, as it enables
the open disclosure of the entire pipeline and the total dataset for reproduction, and
provides a familiar structure with which the method's ability to retrieve profiles can
be objectively tested. We propose the contribution as a complement and not as a
substitute for the FPSICO assessment (Bennett et al., 2026). The instrument offers
a validated measurement, while clustering provides a layer of decision support that
can be interpreted. Then, we show how each profile can be converted into an HR
intervention plan that is organized according to the hierarchy of controls (Lot Tanko,
2020).

Therefore, the objectives are methodological in nature: (i) to suggest a complete,
repeatable analytical workflow to classify workers into psychosocial risk profiles that
can be interpreted using FPSICO dimensions; (ii) test its performance on a synthetic
dataset with an established profile structure; (iii) verify, using internal indices of
validity and recovery of the known design, that the analytical pipeline produces stable
and interpretable clusters; and (iv) demonstrate how it is possible to map the resulting
profiles to a matrix for practical interventions based on the hierarchy of controls
for those responsible for the human resources department (Rivera Armendariz &
Banning, 2026). Before concluding, the rest of the article examines related work,
presents the materials and methods, including how the data are generated, shows
what has been demonstrated, discusses the implications and pathway to empirical
validation, describes the framework for planning interventions, and points out
limitations (Wang et al., 2026).

2. Materials and Methods

2.1. Research design and framework

This is a methodological study with a demonstrative design: the aim is to
propose and exercise a reproducible pipeline that uncovers structure and groups
workers by their psychosocial risk signature, not to test causal hypotheses, predict an
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FPSICO
dimensions
(9 factors)

PCA

outcome, or describe a real organization (Goncalves et al., 2020). Accordingly, the
analysis is performed on a synthetic dataset constructed for this purpose, as described
in Section 2.3. The overall workflow, from the simulated FPSICO style data through
standardization, dimensionality reduction, clustering, validation, profile interpretation,
and intervention planning (Rahman et al., 2026), is summarized in Figure 1.

Research framework

Synthetic Simulated
dataset socio-occupational
(N = 180) variables

Standardization Exploratory analysis
(z-scores) & correlation

K-Means clustering Hierarchical clustering
(dimensionality reduction) (elbow + silhouette) (validation)

Interpretable psychosocial risk profiles

HR intervention planning — Hierarchy of controls

Figure 1. Methodological framework linking simulated FPSICO-style data to clustering and HR intervention planning.

2.2. FPSICO dimensions

The analysis is based on the nine dimensions of the FPSICO method (INSST
technical guideline NTP 926), an instrument of 44 questions yielding 89 items whose
nine-factor structure has been empirically validated on a sample of 1,718 workers
(global Cronbach’s o = 0.895; confirmatory factor analysis indicating good fit, e.g.,
CFI = 0.935, RMSEA = 0.035). Each dimension is expressed here as a normalized
risk index ranging from O to 100, where higher values indicate greater psychosocial
risk, consistent with the ascending-risk logic of the FPSICO scoring system (Jachens,
2019). Table 1 lists the dimensions, their interpretation, and their published internal-
consistency coefficients.

Table 1. FPSICO dimensions, interpretation, and published reliability.

Code

Dimension

Interpretation (higher score = higher risk) af

TT

Time at work

Demands related to working hours, rest, weekend/holiday work

and their effect on personal life. 0.70
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Continuation Table:

Code Dimension Interpretation (higher score = higher risk) ot
Limi i infl h h k

AU Autonomy 1m1ted- capacity t’o influence the pace, methods, breaks and 0.87
scheduling of one’s work.

CT Workload Excessive quantity and intensity of work and time pressure to 0.73
complete tasks.

DP Psychological demands Cognitive and emotional demands required by the job. 0.74

Ve Variety / content of work Low meaningfulness, variety, and perceived contribution of the 0.71
work performed.

PS Participation / supervision Imbala.n?e in participation in decisions and in the degree of 0.73
supervision/control exerted.

ITC Interest for the worker / Low organizational concern for development, stability, and fair 0.84

compensation compensation. '

DR Role performance Role an?b.lg.u.lty and role conflict in job demands and 0.84
responsibilities.

RAS Relationships and social Poor quality of relationships and insufficient support from peers 0.72

support

and supervisors.

Following the method's own logic, FPSICO classifies each factor into four
risk levels derived from percentiles: adequate (percentile < P65), moderate (P65 to
P75), high (P75 to P85), and very high (> P85). Because the raw score range differs
across factors (for example, time at work ranges from 0 to 37), the dimensions are
not directly comparable on their native scales. Expressing each dimension as a 0 to
100 risk index, and subsequently standardizing using z scores, places the dimensions
on a common footing so that none dominates the distance computations underlying
clustering. Importantly, FPSICO was conceived to produce valuations at the group
level for relatively homogeneous groups of workers and to support the identification
of problem sources, the prioritization of actions, and comparisons across groups
(Jachens, 2019). Clustering is in line with the objective of the instrument as it
provides a data-driven way to create these homogeneous groups directly from risk
data, without having to rely on predetermined OUs.

2.3. Synthetic dataset design and generation

The analysis uses a completely synthetic dataset of 180 simulated workers;
no actual people, responses, or organizations are involved in order to clearly
and reproducibly illustrate the process (Tucker et al., 2020). The dataset was
created to mimic the output format of the FPSICO instrument and the structure
of a medium-sized manufacturing workforce in order to test the pipeline under
realistic circumstances while maintaining its shareability and lack of confidentiality
restrictions.

Five predetermined latent psychosocial patterns were combined to create the
data, each of which was characterized by a mean risk vector over the nine FPSICO
dimensions (on a scale from 0 to 100) and a common dispersion. Gaussian noise was
applied for each dimension, and the values were limited to the range of 0 to 100.
The five motifs were purposefully made to stand out from one another. Elevated
workload and psychological demands, for instance, were associated with one pattern;
role conflict and poor recognition were associated with another; uniformly low risk
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was associated with another; and uniformly high risk was associated with a third.
The patterns were assigned the following approximate proportions of the workforce:
balanced 28%, workload and demand 22%, low participation and support 20%,
role conflict and recognition 18%, and generalized high risk 12%. Crucially, the
generative labels were withheld from the entire unsupervised pipeline and retained
only to provide a reference benchmark for validating profile recovery (Section 4.4).

Table 2. The synthetic dataset's generative parameters (mean risk index per dimension, 0—100 scale).

Perfil

Prop. TT AU CT DP vC PS ITC DR RAS

Balanced

28% 20 19 22 21 20 21 20 19 18

Workload / psychological demand 22% 70 30 80 78 32 34 36 38 30
Low participation / weak support 20% 34 58 38 40 46 80 58 34 78

Role conflict / low recognition

Generalized high risk

18% 42 40 44 46 42 52 80 82 44
12% 74 70 80 82 68 78 80 76 76

Every dimension was restricted to [0, 100] and derived from N (mean, ¢ =
11). 42 is the random seed. Proportions are not experimentally calibrated; they were
selected for illustration.

Sociodemographic and occupational variables, including age, gender,
department, job position, seniority, work shift, and contract type, were simulated
alongside the dimension scores to improve descriptive realism (Dankar et al., 2022).
These variables were not used in any clustering step; they serve only to illustrate
how, in a real deployment, profiles could subsequently be compared across the
organization. The dispersion parameter was tuned so that the recovered structure
exhibited realistic, rather than perfect, separability (mean silhouette of 0.50 rather
than near perfect values), thereby avoiding an artificially easy clustering task. A
fixed random seed makes the dataset and all results exactly reproducible from the
accompanying code.

2.4. Dataset and variables

Two sets of variables were employed. Age, gender, department, job position,
seniority, work shift, and contract type are examples of simulated sociodemographic
and occupational variables that were kept just for descriptive purposes and excluded
from the clustering procedure. For all segmentation analyses, the analytical feature
set consisted of the nine FPSICO dimension risk indices. This division is intentional
since it guarantees that profiles are solely based on psychosocial risk content, after
which the descriptive factors can be analyzed to show how each profile might
focus inside an organization in a genuine deployment (Yapi et al., 2026). Table 3
summarizes the variables:

Table 3. Dataset variables (all values simulated).

Variable

Type Role in analysis

WorkerID
Age
Gender

Identifier Synthetic record key
Numeric Descriptive only

Categorical Descriptive only
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Continuation Table:

Variable Type Role in analysis
Department Categorical Descriptive only
Job position Categorical Descriptive only
Seniority (years) Numeric Descriptive only
Work shift Categorical Descriptive only
Contract type Categorical Descriptive only

9 FPSICO dimensions (TT, AU, CT, DP, VC,
PS, ITC, DR, RAS)

Numeric (0-100) Clustering features

2.5. Machine learning methods

NumPy, pandas, and scikit-learn were used in all Python studies. The following
steps made up the pipeline. (1) Standardization: To ensure that each dimension
contributed equally to distance calculations, the nine dimensions were transformed to
z-scores (Jollife & Cadima, 2016). (2) Exploratory analysis: the data was described
using a Pearson correlation matrix, score distributions, and descriptive statistics.
(3) Dimensionality reduction: PCA was used to visualize the data and identify the
prominent axes of variation; components were kept using the cumulative-variance
rule and the Kaiser criterion (eigenvalue > 1). (4) Clustering: K-Means (k ranging
from 2 to 8, with 50 initializations) was the primary method (Sarker, 2021). The
number of clusters was ascertained using the Calinski Harabasz index, the Davies
Bouldin index, the average silhouette coefficient, the elbow technique (within cluster
sum of squares), and interpretability as a tiebreaker. (5) Validation: Using the adjusted
Rand index (ARI), Ward hierarchical clustering was carried out separately and
contrasted with the K-Means split. (6) Profiling: Cluster centroids were examined
using the original 0-100 scale, profiles were named based on their risk signatures,
and a one-way ANOVA for each dimension verified that the dimensions varied among
clusters. A fixed random seed was used to guarantee reproducibility (Raschka et al.,
2022).

3. Results.

3.1. Descriptive statistics and correlations

With significant dispersion across all dimensions (standard deviations ranging
from roughly 18 to 26), the mean dimension risk indices for the simulated workforce
ranged from 36.7 (variety and content) to 49.8 (psychological demands) on the 0 to
100 scale, reflecting the heterogeneous exposure incorporated into the generative
design. Table 4 reports the descriptive statistics.

Table 4. Descriptive statistics of FPSICO dimension risk indices (0—100).

Dimension Mean SD Min Q1 Median Q3 Max
TT — Time at work 45.75 2291 0.0 25.96 41.84 66.77 92.41
AU — Autonomy 39.46 20.82 0.0 21.67 37.83 57.64 93.12
CT - Workload 48.98 25.49 4.58 30.20 42.19 71.61 100.0
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Continuation Table:

Dimension Mean SD Min Q1 Median Q3 Max
DP - Psychological demands 49.77 24.46 3.07 29.18 49.14 68.58 100.0
VC - Variety / content 36.71 18.41 0.0 24.37 36.21 48.53 83.86
PS — Participation / supervision 49.59 26.41 0.13 29.14 46.01 72.85 100.0
ITC - Interest / compensation  49.42 25.92 1.26 28.80 47.32 69.42 100.0
DR - Role performance 4451 26.30 1.62 24.62 38.41 67.13 100.0
RAS — Relationships / support  44.53 26.46 0.0 23.60 38.05 68.22 100.0

Three coherent blocks were found in the correlation matrix (Figure 2). Time
spent at work, workload, and psychological demands were all connected by a
demand block (pairwise correlations of 0.81-0.84). A control-and-support block
linked autonomy, participation/supervision, and relationships/social support (e.g.,
participation—support r = 0.85, autonomy—support r = 0.78). A recognition—role block
linked interest/compensation with role performance (r = 0.80). These blocks are in
line with the theoretical division between needs, resources, and incentives and hint at
the structure that was subsequently retrieved by PCA and clustering.

Correlation matrix of FPSICO risk dimensions

= 1.00
1.00
D
< 0.75
|_
L 0.50
o
[a) -0.25 _
5
g -0.00 @
©
(O]
[a
¥ --0.25
—-0.50
=
-0.75
&
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3 019021 0.30 056 033

DR

Figure 2. Pearson correlation matrix of the nine FPSICO risk dimensions.

3.2. Principal component analysis

Two components with eigenvalues larger than 1 were found using PCA of the
nine standardized FPSICO dimensions. These factors collectively accounted for
77.4% of the variation (Table 5, Figure 3). An overall psychosocial-severity axis
is represented by the first component (55.2%), which loaded positively on all nine
dimensions. Employees with high PC1 scores are generally at higher risk. In order
to capture a demand-versus-support axis, the second component (22.2%) compared
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the demand dimensions (time at work, workload, psychological demands; positive
loadings) against the control-and-support dimensions (participation, relationships/
support, autonomy; negative loadings). A third, lesser component was related to
recognition and role performance. In addition to making visualization easier, this low-
dimensional structure verifies that the nine dimensions are not independent.

Table 5. PCA explained variance.

Component Eigenvalue Explained variance (%) Cumulative (%)
PC1 4.999 55.24 55.24

PC2 2.009 22.19 77.43

PC3 0.866 9.57 87.01

PC4 0.333 3.68 90.69

PC5 0.228 2.52 93.21

PC6 0.182 2.01 95.22

PC7 0.160 1.76 96.98

PC8 0.141 1.56 98.54

PC9 0.132 1.46 100.00

PCA explained variance (scree plot)

-100

8 -80 &
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c ©
0 -60 =
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x
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Principal component

Figure 3. PCA scree plot: individual and cumulative explained variance.

3.3. Selecting the number of clusters

K-Means was run for k = 2 to 8. The within-cluster sum of squares decreased
markedly up to k =5 and then flattened, indicating an elbow at five clusters (Figure 4).
The average silhouette coefficient peaked at k = 5 (0.50), the Calinski Harabasz index
was maximal at k = 5 (183.1), and the Davies—Bouldin index was minimal at k = 5
(0.79). All four criteria converged on a five-cluster solution (Table 6). The per-cluster
silhouette diagram (Figure 5) showed positive silhouettes across all clusters with few
misassigned points, supporting a clean partition.
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Table 6. Clustering performance across candidate values of k (K-Means).

k Inertia (WCSS) Silhouette Calinski-Harabasz = Davies—Bouldin
2 956.46 0.389 123.49 0.889
3 622.68 0.429 141.75 0.908
4 446.52 0.468 154.18 0.902
5 312.45 0.501 183.09 0.794
6 295.02 0.386 156.29 1.185
7 283.54 0.300 13591 1.516
8 274.85 0.222 120.25 1.806

Elbow method for K-Means

900
800
400
300
2 3 4 5 6 7 8

Number of clusters (k)

()] ~
o o
o o

Within-cluster sum of squares (inertia)
3
o

Figure 4. Elbow method: within-cluster sum of squares versus k.

Silhouette analysis for K-Means (k = 5)

Cluster
N

=== Mean = 0.501
0 L
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Silhouette coefficient

Figure 5. Silhouette analysis for the five-cluster K-Means solution (mean = 0.50).
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PC2 (22.2% var.)

3.4. Cluster structure and validation

Projected onto the first two principal components, the five clusters occupied
clearly separated regions (Figure 6): the balanced cluster sat at the low-severity
end of PC1, the generalized-high cluster at the opposite end, while the demand and
support profiles separated vertically along PC2, exactly as the loadings predict. When
compared to the K-Means solution, Ward hierarchical clustering yielded an essentially
comparable partition (silhouette = 0.50) with an adjusted Rand index of 0.987.
This agreement shows that the recovered partition for the current synthetic dataset
is widely reproduced by Ward hierarchical clustering and is not exclusive to the
K-Means implementation. Since the dataset was created using a known five-profile
design, it provides an additional validation reference that is only possible because the
underlying synthetic structure is known. An adjusted Rand index of 0.99 was obtained
by comparing the recovered clusters with the generating labels, indicating that the
pipeline nearly precisely recovers the known structure. The main methodological
outcome is this retrieval of the known structure. The pipeline retrieved the planted
structure with great fidelity under the current simulation's settings.

PCA biplot of workers colored by cluster

@ CO: Balanced psychosocial profil
[ ) ™Y @ CL: Generalized high psychosocia
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Figure 6. PCA biplot of workers colored by cluster, with dimension loading vectors.

3.5. Psychosocial risk profiles

The five clusters were interpreted from their centroids on the original 0-100
scale (Table 7) and named accordingly (Table 8). As expected, when groups are
defined by a clustering algorithm, a one-way ANOVA found that every dimension
differed across clusters (all F > 95, p < 0.001); this serves as a descriptive
confirmation of separation rather than an independent hypothesis test. The radar chart
(Figure 7) visualizes the distinct risk signatures.
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Table 7. Cluster centroids on the 0—100 risk scale (and cluster size).

Cluster (n, %) TT AU CT DP vVC PS ITC DR RAS

Co0 (50, 27.8%) 23.4 17.9 22.1 223 17.9 22.9 20.5 19.7 19.1
C1 (22,12.2%) 74.6 66.5 75.2 82.5 67.5 79.7 80.1 78.6 76.6
C2 (36, 20.0%) 34.0 60.1 39.4 43.4 41.9 81.8 56.1 33.6 79.0
C3 (39, 21.7%) 72.1 30.2 81.9 74.9 33.0 32.6 37.0 37.9 29.5
C4 (33, 18.3%) 42.1 425 43.9 46.8 43.5 54.9 80.3 79.0 41.9

Table 8. Psychosocial risk profiles.

Cluster Profile name Defining (high) dimensions Prevalence

Co Balanced psychosocial profile None elevated; uniformly low risk 27.8%
Workload, psychological demands, time at

C3 Workload and psychological demand profile work 21.7%
2 Low participation and weak social support ~ Participation/supervision, relationships/ 20.0%
profile support, low autonomy e
C4 Role conflict and low recognition profile Role performance, interest/compensation 18.3%
C1 Generalized high psychosocial risk profile All nine dimensions elevated 12.2%

-.- CO: Balanced psychosocial profile

<@- C1: Generalized high psychosocial

Psychosocial risk profiles - cluster centroids (0-100) C2: Low participation and weak soc

CT ~@- C3: Workload and psychological dem

<@~ C4: Role conflict and low recognit

DP

vC

PS

ITC

DR

Figure 7. Radar chart of cluster centroids across the nine FPSICO dimensions.
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In substantive terms, the balanced profile (27.8% of workers) shows uniformly
low risk and requires maintenance rather than remediation. The workload and
psychological demand profile (21.7%) is defined by high workload, psychological
demands, and time pressure with otherwise moderate support—classic high-demand
work. The low participation and weak social support profile (20.0%) combines weak
participation, poor relationships/support, and limited autonomy, while demands
remain moderate—a resource-deficit pattern. The role conflict and low recognition
profile (18.3%) is marked by role ambiguity/conflict and low recognition and
compensation—an effort-reward imbalance signature. The generalized high-risk
profile (12.2%), though the smallest group, is elevated on every dimension and
represents the priority population for intervention.

4. Discussion

The demonstration shows that, when applied to data with a genuine latent
structure, the proposed pipeline organizes the nine FPSICO dimensions into a
small number of coherent and interpretable psychosocial risk profiles and recovers
that structure with high fidelity. The PCA structure based on two components,
consisting of an overall severity axis and a contrast between demands and support,
was deliberately incorporated into the generative design to reflect established
theoretical frameworks. The severity axis corresponds to cumulative exposure, while
the contrast between demands and support reflects the distinctions proposed by the
demand control model and the job demands resources model. Likewise, the role and
recognition pattern reflect the effort reward imbalance perspective. The convergence
of four complementing criteria for cluster selection on a five-cluster solution, together
with the highly similar hierarchical clustering solution and the nearly perfect recovery
of the generative labels, shows that, under the given generating conditions, the
pipeline operates as expected.

When applied to actual data, this kind of segmentation has the practical benefit
of turning evaluation results into a foundation for prioritization. While profiles show
which combinations of components occur together, how common each configuration
is, and which employees share a similar risk signature, average dimension scores tell
HR teams which factors are high. There may be a significant role conflict group and a
distinct workload group in a department with moderate average scores, which call for
rather different solutions. Because profiles highlight these variations, they facilitate
focused and economical responses. Because they are based on simulated profiles,
these implications are illustrative in the current study; their usefulness depends on
using the pipeline on actual organizational data.

Crucially, clustering enhances FPSICO rather than replacing it. The unsupervised
analytical layer rearranges the verified measurement and the regulatory diagnostic
provided by the instrument into an actionable framework. The methodology is
descriptive and exploratory. The profiles should be viewed as a decision support
tool rather than as a clinical or diagnostic categorization of persons, and clusters
characterize patterns of co-occurrence rather than causative linkages.

5. Pathway to Empirical Validation

Future empirical validation should apply the proposed pipeline to actual
organizational FPSICO datasets collected under appropriate ethical and data-
protection conditions. Before clustering, the data should undergo systematic
quality checks, including verification of completeness, detection of inconsistent
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responses, treatment of missing variables, and normalization of the psychosocial
dimensions. The objective of this stage is to ensure that the resulting profiles
reflect meaningful organizational patterns rather than artifacts produced by data-
quality problems.

No universal minimum sample size guarantees a stable clustering solution.
Instead, adequacy should be evaluated empirically through multiple initializations,
bootstrap resampling, sensitivity analyses, and assessment of profile stability
across alternative analytical specifications. Future applications should examine
whether the number, composition, and characteristics of the identified clusters
remain consistent under reasonable variations in preprocessing decisions and
clustering parameters.

Missing values should be evaluated before clustering, considering appropriate
imputation procedures and sensitivity analyses to determine whether missingness
affects profile stability and interpretation. Real organizational implementations also
require anonymization or pseudonymization of worker information, secure data
governance procedures, and compliance with applicable ethical and data-protection
requirements. These safeguards are essential to preserve confidentiality and prevent
the misuse of psychosocial assessment results.

The interpretation and use of the generated profiles should involve HR
professionals, occupational health specialists, and employee representatives. The
identified clusters should be understood as decision-support patterns that help
recognize combinations of psychosocial exposures rather than as diagnostic labels
assigned to individual workers. Adequate training is therefore required to ensure that
the profiles support preventive organizational actions and participatory intervention
planning.

The five profiles identified in this synthetic demonstration should not be regarded
as universal categories. Their number, structure, and practical meaning may differ
across industries, occupational groups, countries, and organizational environments.
Therefore, external validation with real organizational data is required before
generalizing these profiles, and future applications should adapt the interpretation
of clusters according to the specific social and operational context in which the
assessment is conducted.

6. HR Intervention Planning

Each recovered profile is converted into an illustrative, prioritized intervention
plan using the hierarchy of controls adapted to psychosocial risk, where elimination
and substitution rank highest, followed by organizational/work redesign (the
engineering control equivalent), administrative controls, and individual support
measures, to demonstrate how the methodology informs decision-making (Figure 8).
A caveat specific to psychosocial factors must be stated: unlike physical hazards, these
factors are not simply to be removed but optimized, since well-designed demands,
autonomy, and social relationships are beneficial. Accordingly, the elimination and
substitution level are interpreted in this context as removing the adverse situation
or its source, for instance, by eliminating competing mandates or unnecessary time
pressure, while maintaining and optimizing the underlying element. The guiding
principle is that higher risk profiles require upstream organizational action, and
individual measures should complement, rather than replace, structural change. Table
9 presents the intervention matrix as a reusable template that an organization would
populate from its own profile results.
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Intervention planning framework: profiles - hierarchy of controls
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Higher-risk profiles prioritize upstream, organization-level controls; individual measures complement but never replace them.

Figure 8. Intervention planning framework: mapping profiles to the hierarchy of controls.

Table 9. HR intervention matrix based on the hierarchy of controls.
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This matrix would give HR managers a justifiable foundation for allocating
limited resources when applied to actual data. While the support and recognition
profiles necessitate the reform of participation and incentive systems, the generalized
high risk and demand-related profiles usually support prompt structural action.
Monitoring is mostly necessary for the balanced group in order to identify any
possible decline. The scale of intervention is also influenced by profile predominance.
About one in eight of the simulated employees in this example fit the broad high-risk
profile, a sign that would require priority investment in a real business.

7. Limitations

This study's main drawback stems from its proof-of-concept nature. The profiles,
their proportions, and the descriptive correlations derived from them are products
of the generative model, and the dataset is completely synthetic. As a result, there is
no empirical assertion made by the data regarding the configuration or prevalence
of psychosocial risk in any actual workforce. Therefore, rather than being proof
of organizational psychosocial factors, the study should be seen as a methodical
demonstration of the behavior and repeatability of the suggested pipeline.

The fact that the simulated profiles were produced using preset mean vectors and
a similar dispersion value is a related drawback. The results are nonetheless better
controlled than actual organizational evaluations, even if Gaussian variation was
included and the profile sizes were purposefully uneven. Measurement inaccuracy,
missing values, response biases, unusual observations, unbalanced group sizes, non-
normal distributions, and significantly overlapping patterns of psychosocial exposure
are all possible in real FPSICO data. As a result, it is not appropriate to interpret
the silhouette coefficient, modified Rand index, and other cluster-selection values
presented in this work as anticipated performance levels in practical applications.

More border observations and less distinct clusters would result from greater
overlap in empirical data. Cluster membership should not be used as a precise, long-
term, or diagnostic categorization in such circumstances. Employees that work
close to cluster borders may have traits in common with many profiles. Instead of
relying just on a hard cluster label, their interpretation should take into account the
initial FPSICO dimension scores, distances to cluster centroids, sensitivity studies,
and, when relevant, probabilistic membership estimations. Therefore, equivocal
circumstances should be treated by HR and occupational health specialists as mixed
exposure patterns rather than putting people into strict classifications.

There are more methodological restrictions when using K-Means. When clusters
are roughly spherical and compact in the standardized feature space, separated by
Euclidean distance, and have about equal dispersion, the method works well. Instead,
real psychosocial profiles might be extensive, unevenly distributed, layered, non-
convex, or impacted by outliers. Additionally, K-Means allocates each observation
to a single cluster, even in cases when the separation is poor, and demands that the
number of clusters be predetermined. Multiple initializations, four complementing
cluster-selection criteria, and comparison with Ward hierarchical clustering were used
in the current work to partially solve these constraints. However, global robustness is
not established by agreement amongst approaches on synthetic data.

When the observed data structure indicates that the K-Means assumptions
might not be met, future empirical applications should examine other clustering
techniques. When probabilistic membership and uneven covariance structures are
important, Gaussian mixture models could be suitable. In addition to revealing
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layered correlations between profiles, hierarchical clustering may facilitate
exploratory interpretation. Although the effectiveness of density-based techniques
like DBSCAN is highly dependent on parameter selection and may be restricted in
moderate-dimensional data, they may be able to detect irregular structures and noise
observations. When several approaches yield conflicting conclusions, consensus
or ensemble clustering may offer further proof of stability. Instead of being chosen
arbitrarily, these options should be assessed based on cluster stability, substantive
interpretability, theoretical coherence, and practical use.

Another drawback is interpretation. Clusters may not match theoretically
identifiable profiles as well in actual organizational data as they do in this simulation.
While two other clusters may differ primarily in severity rather than exposure type,
a cluster may combine high demands, poor support, and low recognition. As a result,
profile names should continue to be descriptive rather than diagnostic. Occupational
health specialists, HR specialists, managers, employee representatives, and, where
applicable, employees themselves should all participate in the interpretation process.
Before choosing treatments, it is important to take into account the cluster centroids,
within-cluster variability, subgroup composition, and qualitative organizational
evidence.

Lastly, rather than describing causal linkages, the cross-sectional study reveals
patterns of co-occurrence. FPSICO ratings would also be self-reported and susceptible
to response and common-method biases in an actual application. Empirical validation
utilizing ethically gathered organizational data is a crucial next step. Future research
should look at how stable the profiles are across samples, time periods, industries, and
nations; connect them to pertinent outcomes like performance, absenteeism, turnover
intention, and health indicators; and assess whether profile-guided interventions result
in significant organizational improvements.

A further limitation concerns the assumptions underlying K-Means clustering.
K-Means performs best when clusters are relatively compact, approximately spherical,
and have comparable variance. These assumptions may not be fully satisfied in real
psychosocial datasets, where risk profiles are likely to overlap and workers may
occupy intermediate positions between groups. Therefore, future applications should
evaluate the stability of the solutions using alternative clustering approaches, such as
Gaussian mixture models, DBSCAN, hierarchical clustering, or ensemble clustering
strategies. Ambiguous cases should not be interpreted as definitive categories, but
rather as transitional profiles requiring contextual interpretation by HR professionals.

8. Conclusions

This paper proposed a reproducible, unsupervised machine-learning
methodology for transforming FPSICO-style psychosocial assessment data into an
interpretable, decision-ready map of worker risk, and demonstrated its behavior on a
fully synthetic dataset. Under the specified generative conditions, PCA recovered an
overall-severity axis and a demand-versus-support contrast, and K-Means—validated
by hierarchical clustering, four complementary cluster-selection criteria, and near-
perfect recovery of the generative design (adjusted Rand index = 0.99)—identified
five interpretable psychosocial risk profiles: balanced, workload and psychological
demand, low participation and weak social support, role conflict and low recognition,
and generalized high risk. Mapping each profile to the hierarchy of controls produced
a reusable intervention-planning template that would help HR and occupational health
teams prioritize upstream, organization-level action and target individual support
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appropriately. The contribution is clearly methodological and complementary: the
pipeline adds an analytical layer to FPSICO rather than replacing or predicting it, and
because both the data and the code are synthetic and publicly available, the entire
study can be replicated and audited in its entirety. Applying the same pipeline to
actual, ethically collected organizational data is a logical and essential next step, after
which the strategy can transition from proven viability to validated practice.
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