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Abstract

Background Oncology nurses face unique and intense demands due to the nature of their work, caring for patients
with life-threatening illnesses. The emergence of professional burnout among these nurses is influenced by several
factors, highlighting the importance of identifying protective and risk factors to mitigate its impact. This study aims
to identify burnout profiles and protective socio-demographic and work-related patterns associated with reduced
burnout among oncology nurses.

Methods A cross-sectional study was conducted with 150 oncology nurses at a specialized hospital exclusively
dedicated to adult oncology treatment in Portugal. Data collection included a self-administered questionnaire
incorporating the validated Portuguese version of Maslach Burnout Inventory (MBI). Statistical analyses were
performed using SPSS and machine learning tools, specifically KMeans clustering and Random Forest algorithms.

Results Six protective patterns against burnout were identified, characterized by conditions of permanent contracts,
work-life balance, and supportive work environments. Moreover, factors such as holding management roles and
being a parent of two or more children might even be protective in some circumstances, suggesting a nuanced
relation between personal and professional factors. Machine learning analyses made apparent the unpredictability of
burnout and highlighted the critical role of protective factors in mitigating its impact.

Conclusions This study underscores the importance of resilience-building strategies and promoting protective
factors, such as job stability, learned experience, and adequate rest, to reduce burnout risk among oncology nurses.
Future research should validate these findings through hypothesis-driven analyses to inform targeted and context-
specific burnout prevention programs.
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Background

Burnout syndrome is a significant occupational issue for
oncology nurses, impacting both their physical and men-
tal health, as well as the quality of care they provide [1]. It
is particularly prevalent among healthcare professionals
working in emotionally demanding fields, such as oncol-
ogy [2-4], and is now recognized in the International
Classification of Diseases (ICD-11) under the code QD85
[5]. The nature of oncology nursing, which often involves
providing care to individuals with advanced or life-
threatening illnesses, contributes to sustained emotional
strain and psychological fatigue [6, 7]. These demands
place oncology nurses at increased risk of developing
burnout, underscoring the urgent need for better under-
standing of how the syndrome manifests in this work-
force [8].

Burnout is defined as a psychological syndrome result-
ing from chronic job-related stress, characterized by
emotional exhaustion (EE), depersonalization (DP) (cyni-
cism), and reduced personal accomplishment (PA). This
three-dimensional model, as conceptualized by Maslach,
reflects the dynamic interaction between individual
stress responses and the broader social context [9]. The
Maslach Burnout Inventory (MBI), developed to measure
this construct, remains the most widely used instrument
in healthcare settings [10].

While the prevalence of burnout among oncology
nurses has been well-documented, estimates vary sub-
stantially depending on the setting, population and
instruments used. For a example a meta-analysis of
nearly 10,000 oncology nurses reported rates of 30% for
emotional exhaustion, 15% for depersonalization, and
35% for low personal accomplishment [3]. In a Portu-
guese study by Paiva et al. [11], 8.9% of nurses were clas-
sified as experiencing burnout using a two-dimensional
criterion, while only 1.3% met the full three-dimensional
criteria. These disparities reflect the complexity of burn-
out and its dependence on contextual and methodologi-
cal factors.

Previous research has primarily focused on identify-
ing risk factors, such as younger age, high workload,
and poor communication skills [3, 12]. However, fewer
studies have examined the how socio-demographic and
work-related variables interact to create profiles of vul-
nerability and protection. Rather than isolating personal
traits, recent perspectives emphasize the importance of
structural and contextual dimensions in shaping work
environments that are more sustainable and conducive to
well-being [13]. Understanding these patterns is essential
for developing systems-level strategies to support oncol-
ogy nurses and reduce burnout risk.

Recent approaches to burnout research also highlight
the value of identifying distinct profiles or patterns of
vulnerability and protection, rather than relying solely
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on variable-by-variable associations [14]. Such pattern-
based perspective recognizes the complexity of how
personal, professional, and organizational factors may
interact [15]. In this context, machine learning tech-
niques offer a valuable means of identifying data-driven
burnout profiles that may remain undetected through
traditional statistical approaches [16]. These methods can
help reveal latent configurations of protective character-
istics that support the well-being of oncology nurses.

Portuguese adaptation of the Maslach burnout inventory
to the Portuguese nursing context

The Maslach Burnout Inventory — Human Services Sur-
vey (MBI-HSS) is widely used to measure burnout among
healthcare professionals. It assesses burnout across
three dimensions and is tailored to human service fields,
including healthcare, social work, and education [17].

In Portugal, several studies have assessed the MBI-
HSS in contexts. Mardco et al. [18] confirmed its reli-
ability and validity in a national sample, with strong
reliability for Emotional Exhaustion («=0.87), moderate
for Depersonalization (a=0.72), and good for Personal
Accomplishment (a=0.82). A five-item short version for
each sub-scale showed excellent model fit (CFI=0.957,
RMSEA =0.027).

In the context of nursing, Laranjeira [19] validated 20
of the original 22 items for Portuguese nurses, reflecting
some variability. da Fonte [20] reported high consistency
for Emotional Exhaustion (a=0.905) though two items
from the other subscales were excluded to improve reli-
ability («x=0.799). Santos [21] initially identified seven
factors explained 65.9% of the variance, but a forced
three-factor solution reaffirmed the original MBI struc-
ture, with Emotional Exhaustion (a=0.797) and Deper-
sonalization («=0.763) showing satisfactory reliability.

Focusing on oncology nurses, Sa [22] found that while
the MBIs core dimensions remained relevant, some
adjustments were needed. Item 15 from the Deperson-
alization subscale was removed due to poor performance,
reducing the scale to 21 items. Emotional Exhaustion
remained the most reliable dimension (a=0.85), while
Depersonalization showed lower reliability (a=0.52).
These findings underscore the need for context-sensitive
applications of the MBI in oncology settings in Portugal.

Research problem

Burnout is widely recognized as a serious concern among
oncology nurses, yet how socio-demographic and work-
related characteristics contribute to vulnerability or
resilience remains insufficiently understood. Variations
across care settings, workloads, and personal circum-
stances, highlight the need for deeper insight into the
patterns that may protect against burnout in this work-
force. Accordingly, this study aims to identify burnout
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profiles among oncology nurses and explore the socio-
demographic and work-related characteristics associ-
ated with protective patterns that may mitigate burnout.
The study’s research question is what protective patterns,
based on socio-demographic and work-related character-
istics, are associated with reduced burnout among oncol-
ogy nurses?

Methods
The present study resports a secondary analysis of data
originally collected within a broader research project on
the prevalence of burnout among health professionals,
including oncology nurses, working in a hospital dedi-
cated to cancer care in the Centre Region of Portugal
The original project followed a quantitative, exploratory,
cross-sectional design.

The Strengthening the Reporting of Observational
Studies in Epidemiology (STROBE-Statement) (Supple-
mentary file A) was followed to report this manuscript.

Inclusion and exclusion criteria

Data for this secondary analysis were drawn from a
broader study conducted in a Portuguese tertiary hos-
pital dedicated exclusively to adult oncology care. The
original study targeted all healthcare professionals in the
institution, with inclusion criteria being: aged > 18 years,
employed at the hospital, and capable of understanding
the study purpose and providing informed consent. Pro-
fessionals with psychiatric disorders or unwilling to par-
ticipate were excluded.

The recruitment was conducted during regular staff
meetings. The staff meetings were systematically planned
department-level gatherings that included all health-
care professionals working in direct patient care at that
department. During these meetings, the study was intro-
duced by the research coordinator, who also distributed
the data collection materials. Eligibility criteria were
verified through hospital staffing records prior to the
meetings. Healthcare professionals with a self-reported
psychiatric diagnosis or who declined participation were
excluded, consistent with the broader project’s inclusion
criteria. For the current analysis, only nurses working in
direct patient care were considered. Of the 216 eligible
nurses, 150 completed the survey, yielding a response
rate of 69.4%.

Data collection

The study adhered to the principles of the Helsinki Dec-
laration and was approved by the ethics committee of
the institution where the research was conducted (Reg-
ister number TI02/2017). Additionally, appropriate
authorization was obtained from the original authors to
use the MBI for research purposes. The data collection
materials were individually distributed by the project’s
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coordinator during the staff meetings in sealed enve-
lopes, each accompanied by a letter explaining the nature
and objectives of the study and ensuring data confiden-
tiality. Participants were given the flexibility to complete
the questionnaires during work hours or at home and
were instructed to return them in sealed envelopes. This
process ensured minimal disruption to their professional
duties while maximizing participation and maintaining
confidentiality.

After obtaining informed consent, data were collected
using a protocol specifically designed for this study. The
protocol included a sociodemographic questionnaire
covering key participant information such as age, gender,
marital status, number of children, education level, pro-
fessional category, years of work, weekly workload, night
shifts, employment contract type, management position,
and hours of sleep per day, and the MBI-HSS.

The MBI-HSS consists of 22 items measuring burn-
out across three dimensions: EE, DP, PA. Responses are
given on a 7-point Likert scale ranging from 0 (Never)
to 6 (Every day), reflecting the frequency with which the
respondent experiences these feelings.

The interpretation of burnout is based on cut-off scores
derived from normative data. High levels of burnout are
indicated by high scores in EE and DP, and low scores
in PA. Conversely, low burnout is characterized by low
scores in EE and DP, and high scores in PA.

The cut-offs for each dimension typically divide scores
into low, moderate, and high categories. For EE, scores
between 0 and 16 are considered low, 17 to 26 are mod-
erate, and scores above 27 are high. In the DP dimen-
sion, scores from 0 to 6 are classified as low, PA Personal
Accomplishment, low scores are 39 and above, moderate
scores range from 32 to 38, and high burnout is indicated
by scores between 0 and 31.

Burnout is considered severe when individuals score
high in EE and DP, and low in PA. The MBI does not gen-
erate a single burnout score but provides a profile across
these three dimensions, giving a comprehensive view of
the individual’s burnout experience [17].

Data analysis

Data were analyzed using SPSS version 24.0. Descrip-
tive statistics were calculated for socio-demographic and
work-related variables, and for the items of the Maslach
Burnout Inventory (MBI). Missing data analysis was per-
formed for all items.

The software also assisted psychometric assessment
of the MBI-HSS. To complement this analysis, machine
learning, specifically using Random Forest models, was
applied to further examine the MBI structure and assess
the relationships between individual items and burnout
dimensions, exploring their alignment with theoretical
assumptions.
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Additionally, machine learning was used to identify the
most important socio-demographic and work-related
variables contributing to burnout. Moreover, KMeans
clustering was employed to group nurses based on their
burnout profiles derived from the MBI dimensions,
enabling the identification of distinct burnout patterns.
No a priori sample size calculation was performed for the
purpose of the machine learning analyses.

Assessment of MBI structure in the study sample

Given ongoing evidence of variation in factor structure
and item retention depending on the target population,
the following procedures were conducted to assess the
psychometric properties to confirm the the MBI's dimen-
sional structure and reliability in this sample of oncology
nurses.

Reliability analysis was conducted to assess internal
consistency, using Cronbach’s alpha for the total MBI
scale and its dimensions: EE, DP, and PA. Alpha val-
ues between 0.70 and 0.79 were considered indicative
of acceptable reliability, 0.80 to 0.89 as good, and val-
ues >0.90 as excellent.

Construct validity was evaluated through two methods:
(i) item-construct and item-total correlations, and (ii)
exploratory factor analysis (EFA). Correlations were cat-
egorized as inadequate if they were below 0.20, adequate
between 0.20 and 0.34, good within the range of 0.35-
0.49, and excellent at 0.50 or above [23].

The suitability of the data for factor analysis was con-
firmed using the Kaiser-Meyer-Olkin (KMO) measure
of sampling adequacy and the Bartlett’s test of spheric-
ity. The EFA was conducted using Principal Component
Analysis with Varimax rotation to extract underlying fac-
tors. Factors were retained based on Eigenvalues>1 and
the Scree Plot [24].

Machine learning analyses
To address the research question, we applied two
machine learning techniques: KMeans clustering and
Random Forest classification. KMeans, an unsupervised
learning algorithm, grouped oncology nurses based on
their scores in the MBI dimensions, generating distinct
burnout profiles without relying on predefined labels.

Following this, the Random Forest algorithm, a super-
vised learning technique, was used to classify nurses into
burnout and non-burnout clusters. Random Forest builds
an ensemble of decision trees, allowing for accurate clas-
sification by aggregating results across multiple trees. A
key feature of a Random Forest is explainability, provid-
ing insights into which MBI dimensions contribute most
to classifying burnout, by visualizing each individual
decision tree.

These methods were chosen due to their increas-
ing application in healthcare research, particularly in
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exploring complex, non-linear relationships in psycho-
logical outcomes and occupational health [25, 26]. Their
capacity to reveal latent structures and handle high-
dimensional data makes them particularly suitable for
exploratory analyses in fields such as burnout and men-
tal health (e.g [27, 28]). In the present study, they offered
a data-driven way to identify meaningful profiles that
might be missed by traditional statistical approaches.

The decision trees were interpreted based on two main
criteria: (1) Cluster Homogeneity — clusters with lower
Gini values were considered more homogeneous and
distinct, making them more reliable for analysis; and (2)
Sample Size — clusters grouping five or more nurses were
prioritized to ensure sufficient sample size, reducing the
impact of random variation and providing a more stable
basis for identifying meaningful patterns within the data.

In a final step, a Random Forest was constructed to
analyze, additionally, socio-demographic and work-
related variables, to identify potential protective and
risk factors associated with burnout. This step provided
an understanding of how these variables influence burn-
out risk. All analyses were conducted on a split sample,
with 70% of the data used for training and 30% for test-
ing, ensuring the machine learning algorithm remained
unbiased, free from overfitting, and blind to theoretical
cut-off values.

Model performance was evaluated using accuracy, sen-
sitivity, and specificity metrics. Accuracy assessed the
overall correct classification rate, while sensitivity mea-
sured the model’s ability to correctly identify cases of
burnout. Specificity evaluated the model’s effectiveness
in correctly identifying non-burnout cases.

To assess clusters’ validity, the data from the significant
decision trees, cf,, the Gini and Sample size criteria, were
compared with existing literature and analyzed in Excel
against the burnout prevalence within the study sample.

Results

Sample characteristics

The study involved 150 oncology nurses, representing
69,4% of the hospital’s nursing staff (Table 1). The sample
comprised 123 women, with a mean age of 39.82 years
(SD=8.86), and 59.3% were married. Nurses reported
working a mean of 36.47 h per week (SD =4.18) in oncol-
ogy services, and the majority (70%) had been employed
at the institution for over 10 years. Most participants had
a permanent employment contract (96.7%) and worked
night shifts (59.3%). Additionally, 44% reported having
secondary work activities. Of the total sample, 66% had at
least one child, and 76.7% reported sleeping the recom-
mended number of hours per night.



Rocha et al. BMC Nursing (2025) 24:805

Table 1 Descriptive statistics of oncology nurses

Variable M Md SD Min Max
Age (years) 3982 39 886 23 61
Workload (hours per week) 3647 40 418 30 42
Number of Children (Son/Daughther) 1.05 1 09 O 4
Variable n(N=150) %
Gender Female 123 82

Male 27 18
Marital Status Single 46 30.70

Married 89 59.30

Divorced 14 9.3

Widow 1 0.7
Be a parent Yes 99 66

No 51 34
Night Shift Yes 89 593

No 60 40
Permanent Contract Yes 145 96.7

No 5 33
Management Functions Yes 21 14

No 129 86
Extra work activities Yes 66 44

No 84 56
Time in Institution (years) <5 25 16.7

6-10 20 133

>10 105 70
Sleeping hours (per day) >6 31 20.7

6-8 115 76.7

>8 4 27
M=Mean; Md=Median; SD=Standard  Deviation;  Min=Minimum;

Max=Maximum; n=Sample size; % = Percentage

Psychometric results

Reliability analysis revealed that the MBI-HSS is a homo-
geneous and valid instrument for measuring burnout in
this sample (Table 2). The Emotional Exhaustion subscale
showed strong consistency (a=0.90), with item-total cor-
relations ranging from 0.579 to 0.811. The highest corre-
lation was for Item 8 (“I feel exhausted by my work”), and
its removal would reduce the reliability (a=0.880). For
the Depersonalization subscale, reliability was accept-
able (a=0.78), with correlations between 0.468 and 0.612.
Item 5 had the highest correlation, while Item 22 showed
the lowest. Yet, removing Item 22 would reduce the alpha
to 0.761. The Personal Accomplishment subscale had
good consistency (a=0.85), with correlations ranging
from 0.291 to 0.762. Item 18 contributed the most to the
scale’s reliability, while removing Item 4 would slightly
increase the alpha to 0.868.

The sample size adequacy and the sufficiency of the
correlations between items to perform factor analy-
sis were determined by the KMO value of 0.887, and a
significant Bartlett’s test of sphericity (x> = 1,715.309,
p<0.001) [24].

Based on eigenvalues greater than 1, a four-factor solu-
tion was retained, explaining a total of 62.17% of the
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variance. Factor 1, primarily representing Emotional
Exhaustion, included items with strong loadings, such
as Item 8 (“I feel exhausted by my work,” loading =0.859)
and Item 2 (“At the end of the workday, I feel exhausted,”
loading=0.802). Factor 2, associated with Personal
Accomplishment, featured items such as Item 18 (“I feel
invigorated after working closely with my patients,” load-
ing=0.805) and Item 17 (“I can easily create a relaxed
atmosphere with my patients,” loading=0.761). Factor 3
corresponded to Depersonalization, with Item 5 (“I treat
some patients as impersonal objects,” loading=0.735)
and Item 11 (“I am worried this job is hardening me emo-
tionally,” loading = 0.698) loading strongly.

Item 4 (“I can easily understand how my patients feel”)
loaded on Factor 4 with a high value of 0.809, but it was
the only item loading on this factor. Despite this, the
high communality of 0.727 and lack of cross-loadings
above 0.3 justified its retention, given its theoretical
importance.

The Random Forest model exploring the relationships
between individual items and burnout dimensions indi-
cated that the Random Forest analysis effectively repli-
cated the theoretical structure of the MBI.

The results confirmed the robustness of the MBI’s theo-
retical dimensions and their reliability in assessing burn-
out in oncology nurses, supporting the use of the original
structure and corresponding cut-off values in this study.
Although the instrument has previously been validated in
the Portuguese healthcare context, no item modification
or cultural adaptation was applied. The full 22-item ver-
sion of the MBI was used in its original form.

Burnout profiles and protective and risk factors

From the descriptive statistics performed to analyze
burnout among oncology nurses, the MBI subscales
revealed significant insights into their emotional well-
being (Fig. 1). The mean EE score was 22.99, with 43% of
nurses scoring in the high burnout range (EE>27), 19%
in the moderate range, and 39% reporting low emotional
exhaustion. DP, which had a mean score of 6.36, was high
in 25% of nurses, moderate in 21%, and low in 53%, indi-
cating that most nurses maintained a connection with
their patients. PA, with a mean score of 33.68, showed
that 25% of nurses had low PA (PA < 34), 30% had moder-
ate PA, and 45% had high PA, suggesting that a significant
proportion of nurses still felt competent and effective in
their roles.

Based on the established burnout criteria, i.e., high
emotional exhaustion and/or high depersonalization,
combined with low personal accomplishment, the overall
prevalence of burnout in this sample of oncology nurses
was 17.3%.

The KMeans algorithm grouped the sample of oncol-
ogy nurses based on their levels of PA, DP, and EE. Five
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Table 2 Item homogeneity statistics and internal consistency coefficients
Dimensions and Items Mean (SD)’ Item-construct r Cron-
correlation bach’s a
if item
deleted
Emotional Exhaustion (a=0,90)
1. I feel emotionally drained from my work. 1,63 (1,53) ,739*% 502 892
2.1feel used up at the end of the workday. 3,69 (1,51) J751% ,580 893
3.1feel fatigued when | get up in the morning and have to face another day on 2,90 (1,55) ,750% 613 891
the job.
6. Working with people all day is really a strain for me. 1,99 (1,73) 676% 482 ,898
8.1 feel burned out from my work. 2,91 (1,66) 861* 691 880
13. I feel frustrated by my job. 2,25 (1,66) 837* 657 882
14. | feel I'm working too hard on my job. 347(1,72) 729*% ,502 ,895
16. Working with people directly puts too much stress on me. 2,23 (1,69) 701% 453 896
20. | feel like I'm at the end of my rope. 1,91 (1,71) 737* 453 893
Depersonalization (a=0,78)
5.1feel | treat some recipients as if they were impersonal objects. 75(1,22) 635% 413 726
10. I've become more callous toward people since | took this job. 1,49 (1,76) ,760%* 397 729
11. I worry that this job is hardening me emotionally. 1,89 (1,76) ,758*% 326 740
15. I don't really care what happens to some recipients. 91(1,29) 676% 428 720
22.1feel recipients blame me for some of their problems. 1,31(1,48) 614% 276 761
Personal Accomplishment (a=0,85)
4.1 can easily understand how my recipients feel about things. 466 (1,29) ,345% 228 868
7.1 deal very effectively with the problems of my recipients. 419 (1,19) 650* 380 836
9.1feel I'm positively influencing other people’s lives through my work. 463 (1,39) 670*% 382 835
12.1feel very energetic. 3,51(1,48) 633 ,389 ,850
17.1can easily create a relaxed atmosphere with my recipients. 451 (1,33) ,783% 579 819
18. 1 feel exhilarated after working closely with my recipients. 4,15 (1,32) 818* 635 815
19. I have accomplished many worthwhile things in this job. 3,99 (1,47) ,754% 481 827
21.In my work, | deal with emotional problems very calmly. 4,04 (1,45) 762% 475 826

' SD: Standard Deviation; * The correlation is significant at the 0.01 level (two-tailed)

m low

m moderate

Percentage of nurses (%)
w
o

m high

Personal
Accomplishment

Emotional Exhaustion Depersonalization

MBI subscales

Fig. 1 EE, DP and PA in the study sample

clusters were specified for the KMeans algorithm. Cluster
3 contained 24 nurses whose scores were consistent with
the burnout thresholds defined by the theoretical model
(i.e., DP>9.5, PA <30.5, EE > 20), aligning closely with the
established burnout cut-offs (Fig. 2). The remaining four
clusters correspond to burnout-free nurses.

Additionally, two other cases were split, with 8.3%
(n=12) assigned to Cluster 0 and 14.3% (n=7) to Cluster
2 (Fig. 3). These groupings were based on their burnout
profiles, as calculated by KMeans.

Following this, the Random Forest algorithm was used
to classify the identified clusters based on socio-demo-
graphic and work-related variables, specifically to classify
nurses as belonging to Cluster 3 (burnout) or to any of
the burnout-free clusters. Model performance showed an
accuracy of 78%, with a sensitivity of 0% and a specificity
of 100%. This implies that the model was highly effective
in identifying non-cases of burnout, correctly classifying
all nurses without burnout. These performance metrics
indicate that the machine learning model revealed valu-
able insights into protective factors associated with non-
burnout profiles among oncology nurses, while it did not
recognize any risk factors contributing to burnout.

Random Forest models consisting of three decision
trees were trained. Despite exploring models with higher
tree numbers and depths, this ensemble provided the
best balance between stability and simplicity, because
greater numbers of trees and depths did not improve the
accuracy metrics.

Decision tree number one (Fig. 4) reflects two classes:
cases of burnout in blue and non-burnout cases in
orange. Given the absence of model’s sensitivity, only the
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DP <= 9.5
gini = 0.767
samples = 150
value = [27, 47, 36, 30, 10]
1

class =

PA <=37.5
gini = 0.713
samples = 112
value = [22, 46, 30, 6, 8]
class =1
PA <= 28.5
gini = 0.724

samples = 65

value = [17,7, 27, 6, 8]
class =

/ N\

gini = 0.687 gini = 0.598
samples = 19 samples = 46
value = (2, 0, 3, 6, 8] value = [15, 7, 24, 0, 0]
class = 4 class = 2

Fig. 2 KMeans clusters interpreted using a Decision Tree model

c 100.0% 1 4
S 80.0%
o
S 60.0%
o
Q.
2 40.0%
[e]
§ 20.0% 8.3% ” 1 .
0.0% 0.0%
D o ¢ [ | °
0 1 2 3 4
Clusters

Fig. 3 Burnout proportion in the KMeans clustering

orange class was analyzed. The root node split is based on
the number of children (QSDL4), with a threshold of 1.5,
indicating that this variable plays a critical role in the ini-
tial classification. Samples were divided into two groups:
those with QSDL4<1.5 and those with QSDL4>1.5. At
the second level, further splits are observed. For instances
where QSDL4<1.5, the next split occurs on workload
(QSDL5) with a threshold of 30.5, while for QSDL4 > 1.5,
the split is determined by management duties (QSDL11),

QSDL12 <=1.5
gini = 0.5
samples = 8
value = [4, 4]
class =0
/ \
gini = 0.444 gini = 0.48
samples = 3 samples = 5
value = [1, 2] value = [3, 2]
class =1 class =0

EE <= 30.0
gini = 0.569
samples = 12
value =[5, 1, 6, 0, 0]
class = 2

also at 1.5. These subsequent divisions highlight the
importance of QSDL5 and QSDLI11 in refining the clas-
sification further. The terminal nodes of the first deci-
sion tree have Gini values close to 0, indicating high
purity and well-separated classifications. Specifically, in
the case where QSDL4>1.5 and QSDL511<1.5 and Age
(QSDL1) > 39.5, the Gini index is 0, indicating no misclas-
sification at that node.

In the second decision tree (Fig. 5), the root node is
determined by the civil status (QSDL3), with a split at
3.5, suggesting that this variable is central in distinguish-
ing between non-burnout profiles at the top level. For the
branch where QSDL3 < 3.5, the next split occurs based on
participation in leisure activities (QSDL12) at 1.5, indi-
cating its relevance in further distinguishing samples. On
the other side, when QSDL3 > 3.5, the model uses QSDL4
at 0.5 to further split the data. Altogether three terminal
nodes exhibit low Gini values. Where QSDL3<1.5 and
QSDL12< 1.5, the Gini index reaches 0.19. If QSDL3 > 1.5,

QSDL11 <= 1.5
gini = 0.401
samples = 36
value = [26, 10]
class =0

QSDL1 <= 38.0
gini = 0.444
samples = 27
value = [18, 9]

class =0

/

Fig. 4 Decision-tree one, distinguishing the number of children (QSDL4), the workload (QSDL5), Management duties (QSDL 11), and Age (QSDLT1)
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Fig. 5 Decision-tree one, distinguishing the civil status (QSDL3), number of children (QSDL4), Leisure activities (QSDL12) and the type of job contract

(QSDL10)

gini = 0.5
samples = 2
value =[1, 1]
class =0

gini = 0.5 gini = 0.476
samples = 2 samples = 23
value = [1, 1] value = [14, 9]

class =0 class = 0

Fig. 6 Decision-tree one, distinguishing Age (QSDL1), the type of job contract (QSDL10), the working setting (pali2), Management duties (QSDL 11), and

Sleeping hours (QSDL13)

Gini equals 0. Similarly, when focusing on the right
branch split, where of QSDL3 > 3.5 and QSDL4<0.5, Gini
equals 0. On the other side, if QSDL4> 0.5, then the type
of job contract (QSDL10) at 1.5 further distinguishes the
classes. Although reaching a Gini of 0, the sample only
comprises two nurses.

The third decision tree (Fig. 6) begins with a root node
split on QSDL1, with a threshold of 34.5, indicating that
age is the primary driver of classification in this model.
Cases where QSDL1<34.5 are split further into two
branches. On the left branch, the next critical split is on
QSDL10 at 1.5. The terminal right node in this branch
demonstrates high classification accuracy, with Gini
equalling 0 and a sample of 21 nurses. If QSDL1 greater
than 32.5 but lower than 34.5, then the working setting

(pali2) follows to further split the sample at 1.5, leading to
a terminal node of Gini at 0.17 and a sample of 11 nurses.
On the right side, for instances where QSDL1>34.5,
the tree splits again on QSDL11 at 1.5, and further divi-
sions are based on QSDL13 and QSDL1 with thresholds
of 1.5 and 41.5, respectively. As with the left branch,
the terminal nodes here also exhibit low Gini values,
indicating highly effective classifications. For example,
where QSDL1>34.5, QSDL11<1.5 and Sleeping hours
(QSDL13) >6 h (threshold > 1.5), Gini lowers to 0.17 with
a sample of 11 nurses.

Proceeding to the validity assessment in Excel, the
prevalence of burnout was determined in the clustered
samples. Clusters were determined valid if their burn-
out prevalence was inferior to the overall sample (i.e., <
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Table 3 Valid clusters of protective patterns based on socio-
demographic and work-related variables

Pattern Model Cluster Burnout
Gini & size Preva-
sample lence

Tree 1, Pattern A: 0.19;58 75 12%

Number of children < 1.5; work-

load >30,5 h; No management

duties

Tree 1, Pattern B: 0.00; 8 10 10%

Number of children > 1.5; Manage-

ment duties; Age >39.5

Tree 2, Pattern C. 0.19; 19 26 11,5%

Single; Leisure activities

Tree 2, Pattern D: 0.00; 7 9 0%

Married; No children

Tree 3, Pattern E: 0.00; 21 29 3,4%

Age < 32.5; Permanent position

Tree 3, Pattern F: 017,11 15 13,3%

Age >34.5; Management duties;
sleeping hours>6 h

17,3%), given the performance model results showing
the absence of predictive burnout capability (cf., sensitiv-
ity =0%) but effective prediction of non-cases of burnout
(specificity =100%).

After determining the prevalence of burnout in the
clustered samples, only six patterns were considered valid
(Table 3). Two patterns failed validation as their burnout
prevalence was greater than the total sample burnout
prevalence (17.3%), i.e., 20% and 23%, respectively.

The analysis of the decision trees identified several sig-
nificant patterns highlighting protective factors of burn-
out in the current sample of oncology nurses. Pattern A
includes half of the total sample (75 nurses). This pattern,
characterized by nurses with only one or no children,
working more than 30.5 h per week, and holding no man-
agement duties, showed a burnout prevalence of 12%.
Compared to the overall burnout prevalence of 17.3%
in the sample, Pattern A prevalence reveals a reduction
of 5.3% points, equivalent to a 30.6% decrease in burn-
out prevalence in the overall sample. This indicates that
specific work and personal characteristics—such as the
absence of management duties and certain family struc-
tures—may serve as protective factors against burnout
within this group.

Furthermore, Pattern D revealed a burnout-free group
consisting of 9 nurses who are married and have no chil-
dren. The 0% burnout prevalence in this cluster suggests
protective factors associated with marital status (i.e.,
being married) combined with the absence of children.
It must be highlighted that lacking these protective fac-
tors does not necessarily lead to higher burnout risk (for
instance, in Pattern B having two or more children is pro-
tective). Therefore, Pattern D can be especially helpful in
prioritizing other groups for preventive strategies.

Page 9 of 13

Additionally, Pattern E identified younger nurses
aged<32.5 years in permanent positions as another
group with low burnout risk. With 29 nurses in this clus-
ter and a burnout prevalence of just 3.4%. Compared to
the overall burnout prevalence of 17.3% in the sample,
Pattern E demonstrates a difference of 13.9% points,
which would be equivalent to an 80.3% reduction in
burnout prevalence in the overall sample. This pattern
highlights that job stability in younger nurses may serve
as a protective factor against burnout.

Pattern B identifies a group of nurses who are in man-
agement positions, have two children or more, and are
aged over 39.5 years. This cluster, consisting of 10 nurses,
has a relatively low burnout prevalence of 10%. Com-
pared to the overall burnout prevalence of 17.3% in the
sample, Pattern B shows a decrease of 7.3% points, which
would be equivalent to 42.2% reduction in burnout prev-
alence in the overall sample. This suggests that the age
and experience of these nurses may act as protective fac-
tors, helping them to manage burnout more effectively.

Pattern C groups 26 nurses who are single and engage
in leisure activities, with a burnout prevalence of 11.5%.
Compared to the overall burnout prevalence of 17.3% in
the sample, Pattern C exhibits a difference of 5.8% points,
which would be equivalent to a 33.5% reduction in burn-
out prevalence in the overall sample. Similarly to Pat-
tern D, this pattern can help prioritizing other groups for
burnout prevention while also suggesting a moderate role
of leisure activities as a protective factor.

Lastly, Pattern F highlights a cluster of 15 nurses who
are aged over 34.5 years, have management duties, and
sleep for more than 6 h per night. The burnout preva-
lence in this group is 13.3%. Compared to the overall
burnout prevalence of 17.3% in the sample, Pattern F
shows a difference of 4% points, which would correspond
to a 23.1% reduction in burnout prevalence in the overall
sample. Similarly to Pattern B, these results indicate that
the combination of age and experience may help nurses
to handle burnout, while also highlighting the impor-
tance of sleep.

Discussion
Oncology nurses face the constant challenge of provid-
ing emotional support to patients and are frequently
exposed to their suffering, leading to chronic stress that
may contribute to burnout syndrome [29]. In this study,
the machine learning analysis revealed distinct patterns
of potential protective factors that appear that appear to
shape burnout profiles among oncology nurses. While no
clear risk factors emerged, several configurations were
identified as significant in reducing burnout risk, offering
valuable insights for targeted preventive strategies.

The burnout prevalence identified in our study aligns
with other research conducted among Portuguese
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oncology nurses, but some variations are evident when
comparing findings from studies such Sa [22] and subse-
quent theses, which reported similar burnout levels but
highlighted differences in specific burnout dimensions.
For example, S4 [22] found that emotional exhaustion
was the most prevalent burnout symptom in oncology
nurses, with the depersonalization dimension being less
pronounced, possibly reflecting the emotional nature
of oncology care. In contrast, other studies conducted
among Portuguese nurses, such as those by da Fonte [20]
and Santos [21], observed moderate levels of burnout but
with significant variability in depersonalization and per-
sonal accomplishment scores.

These discrepancies in burnout rates may be attrib-
utable to differences in organizational settings and
work conditions. It is known that environment where
job demands are increasingly disproportionate to job
resources, lead to high levels of burnout [30].

Cumbie et al. [31], for instance, noted slightly lower
burnout levels in settings where emotional support sys-
tems were more robust. Additionally, factors such as
workload, nurse-patient ratios, and the availability of
coping resources could explain why some studies, includ-
ing ours, report higher levels of emotional exhaustion
[32]. The findings across these studies highlight the need
for context-specific interventions tailored to the chal-
lenges faced by oncology nurses in Portuguese healthcare
settings.

Altogether, the findings drawn from Patterns B and F
reinforce that factors like age, experience, and adequate
sleep may mitigate burnout. Evidence from a meta-anal-
ysis highlighted some factors that predispose to burnout,
and are complementary to the findings described, for
instance factors related with characteristics of the pro-
fession, as rotative shifts, workload, and to sociodemo-
graphic variables such as marital status, work experience,
age and gender [33]. Although in this study the gender
was not a significant variable, other studies also add gen-
der as a predisposing burnout factor, namely belonging to
female gender [34].

It is important to emphasize Patterns A, D, and E,
which showed some variables that protect from burnout
syndrome. In Pattern A (characterized by having one or
no children, working>30.5 h per week, and having no
management duties) particularly highlights the absence
of managerial roles as a protective factor. Managers are
tasked with ensuring high-quality care, which involves
active problem-solving and requires future resilience
and confidence from leaders under highly stressful con-
ditions. These challenges often lead to burnout, affecting
both job satisfaction and leadership effectiveness [35, 36].

Pattern D (characterized by being married and hav-
ing no children) highlights the significance of personal
support without the responsibilities of parenthood. The
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relation among these factors is complex, as evidenced by
the fact that Pattern B nurses have two or more children
as a protective factor. This complexity can be associated
to working parents facing numerous demands, including
workload, night shifts, physical tiredness, low income,
social demands [37-39].

Work and family are typically viewed as distinct yet
interdependent domains, with boundaries that allow for
some degree of permeability [40]. Studies have recom-
mended the provision of work-life balance programs to
improve nurses’ psychological well-being [40, 41]. This
underscores the critical role of work-family-life balance
in nurse’s mental well-being. Several factors have been
identified as influencing this balance, including work-
ing conditions, workload, leave policies, remuneration,
career development opportunities, job satisfaction and
security, organizational commitment, family and social
relationships, self-care, and broader public health chal-
lenges [42].

Furthermore, evidence indicate that individuals with
strong social support and adaptive coping strategies tend
to report lower levels of burnout [43, 44]. This suggests
that strategies aiming at strengthening support networks
and promote self-care are essential to preserve the men-
tal health of healthcare professionals.

Pattern E, (Age<32.5; Permanent position) highlights
the importance of creating work stability with permanent
positions, namely for the youngest nurses. Such job sta-
bility may provide nurses with the confidence to invest
in their personal lives, underscoring the importance of
promoting permanent positions early in their careers. An
integrative review [45], highlights the value of support-
ing nurses during undergraduate training and early pro-
fessional by fostering realistic expectations and effective
coping strategies to address the complex organizational
and functional demands of nursing [45]. Additionally, it is
further recognized that younger individuals are often the
most impacted by shifts in the job market, the instability
brought on by career transitions, and uncertainties about
future career growth, which may increase their vulner-
ability to developing burnout [45].

Burnout among oncology nurses is closely linked to the
high emotional and physical demands of caring for can-
cer patients, often resulting in severe emotional exhaus-
tion and depersonalization [4]. The variability in burnout
profiles identified in our study underscores the impor-
tance of developing interventions that address the unique
stressors faced by oncology nurses. These findings sug-
gest that interventions should move beyond generalized
group approaches and embrace more tailored, person-
centered strategies.

Person-centered care (PCC) principles advocate for
strategies that are context-specific and adaptable to the
individual’s emotional needs, which is particularly crucial
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in oncology settings where emotional resilience var-
ies widely among nurses [46]. Nurses in high emotional
exhaustion groups may benefit more from emotional
support systems, while those in low personal accomplish-
ment clusters may require professional development and
recognition programs. The effectiveness of such support-
ive strategies is highly context-dependent, aligning with
person-centeredness principles towards individualized
plans that reflect both the care environment and the cul-
tural context of the healthcare system [46].

These results align with broader research, which sug-
gests that burnout interventions in oncology care must
consider not only the individual nurse experience but
also the broader organizational and emotional demands
[31, 32]. A scoping review exploring the association
between PCC and healthcare providers’ job satisfaction
and work-related health supports this view, demonstrat-
ing that PCC interventions improve job satisfaction and
reduce work-related stress through tailored, context-
sensitive approaches [47]. As such, implementing per-
son-centered, contextually tailored strategies is crucial to
improve the well-being of oncology nurses.

This study has some limitations that should be
acknowledged. First, although the MBI is widely used and
validated for measuring burnout, it was the sole instru-
ment used in this report. While adequate for measur-
ing the core dimensions of burnout, it does not capture
broader elements of occupational well-being, such as
work engagement, job satisfaction, or perceptions of
organizational culture (e.g. [48, 49]). The inclusion of
complementary instruments could have offered a more
comprehensive view of protective and contextual factors
relevant to oncology nursing.

Secondly, while machine learning methods are well-
suited for identifying complex patterns of burnout in
multidimensional data [50], their performance can be
affected by dataset size and variable distribution. In
this study, the model achieved 100% specificity but 0%
sensitivity, indicating strong accuracy in identifying
non-burnout cases but limited ability to detect actual
burnout. Similar limitations have been noted in other
psychological studies applying machine learning tech-
niques, where class imbalance or subtle feature differ-
ences can hinder sensitivity (e.g. [47, 51]). Although no
a priori sample size calculation was conducted, measures
such as sample splitting (70/30 train-test), performance
evaluation (accuracy, specificity), confusion matrix
determination, and Gini index analysis were applied to
support the robustness of the exploratory findings. The
patterns uncovered in the present study are acknowledge
as exploratory and hypothesis-generating in nature.

Together, these limitations underscore the need for
future studies to use larger, purposefully designed
datasets and integrate complementary methodologies
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to further clarify and validate the protective factors
identified.

Conclusion

The findings of this study highlight the complexity of
burnout risk among oncology nurses, demonstrating that
burnout is not easily predicted by socio-demographic
and work-related variables alone. Machine learning anal-
ysis revealed that protective factors seem to play a larger
role in shaping burnout than specific risk factors. This
suggests a nuanced interplay of individual, social, and
professional circumstances that can influence burnout
in unexpected ways, underscoring the unpredictability of
burnout onset in this population.

Rather than pinpointing clear-cut risk factors, the
results emphasize the value of fostering protective fac-
tors identified in specific nurse profiles. The presence of
these protective elements, such as job stability in younger
nurses, learned experience that can be instrumentally
shared, and the alleviating effect of adequate sleep and
leisure activities, appears pivotal in reducing burnout
levels. These insights encourage a shift toward preven-
tive strategies that prioritize protective factors within the
work environment and beyond.

Given the unpredictable nature of burnout, these find-
ings advocate for a proactive approach that focuses on
reinforcing protective factors within the organizational
and work environment. Tailoring systemic interventions
to enhance job stability, work-life balance, and support-
ive workplace conditions offers a promising direction for
promoting well-being and reducing burnout in oncology
nursing.

Future research should focus on validating the protec-
tive patterns identified in this study within broader oncol-
ogy nursing datasets, using hypothesis-driven statistical
analyses. By testing predefined hypotheses concerning
each protective factor’s impact on burnout, such stud-
ies could confirm the significance and generalizability
of these findings across diverse nursing populations and
settings. This validation step would provide clarity and
interpretability, facilitating the translation of the insights
on job stability, family support, and work-life balance into
actionable strategies that can be systematically integrated
into burnout prevention programs for oncology nurses.
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