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Abstract

Background Compassion fatigue is a significant issue in nursing, affecting both registered nurses and nursing
students, potentially leading to burnout and reduced quality of care. During internships, compassion fatigue can
shape nursing students’ career trajectories and intent to stay in the profession. Identifying those at high risk is crucial
for timely interventions, yet existing tools often fail to account for within-group variability, limiting their ability to
accurately predict compassion fatigue risk.

Objectives This study aimed to develop and validate a predictive model for detecting the risk of compassion fatigue
among nursing students during their placement.

Design A cross-sectional study was used to capture the prevalence and associations of compassion fatigue among
nursing interns, as it allows for timely assessment of key influencing factors without requiring long-term follow-up.

Methods A convenience sampling strategy was used to recruit 2256 nursing students from all ten public junior
colleges in Hunan province in China between December 2021 and June 2022. Participants completed questionnaires
assessing compassion fatigue, professional identity, self-efficacy, social support, psychological resilience, coping
styles, and demographic characteristics. Predictors were selected based on prior literature and theoretical frameworks
related to compassion fatigue in nursing. Latent profile analysis was used to classify compassion fatigue levels, and
potential predictors were identified through univariate analysis and least absolute shrinkage and selection operator
(LASSO) regression. Eight machine learning algorithms were applied to predict compassion fatigue, with performance
assessed through cross-validation, calibration, and discrimination metrics. The best-performing model was further
validated to ensure robustness.

Results A three-profile model best fits the data, identifying low (55.73%), moderate (32.17%), and severe (12.10%)
profiles for compassion fatigue. Generally, an area under the curve (AUC) above 0.700 is acceptable, and above

*Correspondence:
XuTian
xutian@alumni.urv.cat

Full list of author information is available at the end of the article

© The Author(s) 2024. Open Access This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long as you
give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you modified the

licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of it. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http:/creati
vecommons.org/licenses/by-nc-nd/4.0/.


http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s12909-024-06505-9&domain=pdf&date_stamp=2024-12-18

Yi et al. BMC Medical Education (2024) 24:1495 Page 2 of 20

0.800 indicates good predictive performance. The AUC values for the eight machine learning models ranged from
0.644 to0 0.826 for the training set and 0.651 to 0.757 for the test set, indicating moderate to good discriminatory
ability. The eXtreme Gradient Boosting (XGBoost) performed best, with AUC values of 0.840, 0.768, and 0.731 in the
training, validation, and test sets, respectively. Shapley Additive Explanation (SHAP) analysis interpreted the model by
quantifying the contribution of each variable to the prediction, revealing that psychological resilience, professional
identity, and social support were the key contributors to the risk of compassion fatigue. A user-friendly, web-based
prediction tool for calculating the risk of compassion fatigue was developed.

Conclusions The XGBoosting classifier demonstrates excellent performance, and implementing the online tool can
help nursing administrators manage compassion fatigue effectively. It holds practical value for nursing education and
practice by supporting early detection and intervention. Future research should validate its use across settings, and
longitudinal studies could assess its long-term impact.

Keywords Nursing student, Internship nonmedical, Compassion fatigue, Prediction model, Latent profile analysis,

Machine learning

Background

Nursing is a profession defined by its commitment to
compassion but also accompanied by significant stress.
Nurses frequently witness patients’ suffering and distress
while providing care and support. Prolonged exposure to
such traumatic experiences can result in psychological
distress, impairing their capacity to deliver optimal care
[1-3]. This phenomenon, known as compassion fatigue,
was first defined by Joinson in 1992, and it encompasses
physical, psychological, and social dysfunction aris-
ing from continuous exposure to patient suffering or
traumatic events [4]. Compassion fatigue, encompass-
ing both burnout and secondary traumatic stress [5, 6],
represents a complex phenomenon in nursing. Burnout
stems from prolonged exposure to job-related stress,
leading to emotional exhaustion and detachment, while
secondary traumatic stress arises from indirect exposure
to patients’ suffering. Together, these elements intensify
the emotional and psychological exhaustion of nurses,
contributing to a range of adverse outcomes such as mus-
culoskeletal disorders, sleep disturbances, depression,
diminished professional identity, and decreased work
engagement [7-10].

Compassion fatigue is not exclusive to registered
nurses; it also affects nursing students [11-14]. In China,
pre-licensure nursing education includes both associate
(three or five-year programs) and baccalaureate (four-
year programs) tracks. These programs emphasize a com-
bination of theoretical knowledge and practical skills.
After completing on-campus theoretical studies, students
are required to undertake at least eight months of clinical
placement in secondary or higher-level hospitals. These
students are referred to as nursing interns during this
clinical placement period. A survey of 972 Chinese nurs-
ing interns revealed that 97.8% experienced moderate
burnout, and 55.3% suffered from secondary traumatic
stress [15]. High levels of compassion fatigue or burn-
out are associated with a higher intention to drop out,

increasing attrition rates [16-20]. Additionally, burn-
out developed during educational programs may persist
after graduation, impacting the health and retention of
new nurses [20, 21]. Thus, compassion fatigue or burn-
out adversely affects the career development of nursing
students. Early identification and intervention for those
at risk of compassion fatigue are crucial to prevent wors-
ening symptoms.

Current assessments of compassion fatigue primar-
ily rely on survey-based tools [22], such as those devel-
oped by Figley and Stamm, including the Compassion
Fatigue Self-Test [23], the Compassion Satisfaction and
Fatigue Scale [24], the Compassion Fatigue Scale [25],
the Compassion Fatigue Short Scale [26] and the Profes-
sional Quality of Life Scale [27]. While these tools have
been widely used, they present notable limitations. For
instance, tools that treat compassion fatigue as a com-
bination of burnout and secondary traumatic stress can
oversimplify their assessment by failing to address dis-
tinct dimensions, as highlighted in studies where these
tools were unable to account for within-group variabil-
ity or predict compassion fatigue effectively in nursing
interns [22-25, 27]. Furthermore, despite its brevity, the
Compassion Fatigue Short Scale needs to have defined
cutoff values, making it difficult to distinguish between
different risk levels, which has been problematic in
research and clinical settings [26, 28]. Importantly, these
tools primarily rely on total scores, which may mask
individual differences and are focused on assessment
rather than prediction [15, 16, 29, 30]. As a result, there
is a pressing need for the development of predictive tools
that assess and predict the risk of compassion fatigue
among nursing interns, considering individual variability
and providing actional insights for early intervention.

Several psychosocial factors, such as social support,
coping strategies, self-efficacy, psychological resilience,
and professional identity, have been identified as rele-
vant to compassion fatigue among nursing students [15,
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16, 31, 32]. These particular factors were chosen for this
study based on their consistent associations with com-
passion fatigue and burnout risk in prior research. Spe-
cifically, these factors have been shown to either buffer or
exacerbate stress responses in healthcare settings, mak-
ing them strong candidates for predicting compassion
fatigue. They are commonly examined in similar studies,
providing a robust basis for compassion fatigue across
different populations and settings. Moreover, psycho-
social variables like educational background, academic
major, program length, previous student leadership, and
career intentions have also been linked to compassion
fatigue or burnout [15, 31, 33, 34]. Demographic factors
such as gender, residence, only-child status, monthly
expenses, and internship-related characteristics such as
the level of the internship hospital and the frequency of
night shifts are also associated with compassion fatigue
or burnout [32, 33, 35—37]. These variables were selected
not only for their predictive value, as demonstrated in
prior studies but also to capture a comprehensive under-
standing of the multifaceted influences on compassion
fatigue among nursing students.

Compassion fatigue is a complex and dynamic phenom-
enon, making traditional “one-size-fits-all” approaches
insufficient to capture its variability among nursing
interns. Most existing studies rely on variable-centered
approaches, typically measuring compassion fatigue
through total scale scores, which overlook nuances
within groups [15, 16, 31, 32, 38]. Latent profile analy-
sis (LPA) is particularly suitable for this study because
it identifies unobserved heterogeneity within a popula-
tion, classifying individuals into distinct subgroups based
on their responses to continuous variables. This method
enables researchers to move beyond arbitrary cutofts,
allowing the identification of nuanced patterns in com-
passion fatigue across nursing interns [39, 40]. These
subgroups provide the foundation for more tailored
interventions, addressing the specific needs of each pro-
file, which is especially beneficial in preventing and miti-
gating compassion fatigue in a targeted manner [41, 42].
While LPA is highly effective at identifying latent profiles,
it lacks predictive capabilities. Its practical implementa-
tion is also complex, requiring significant expertise in
both statistical methods and clinical practice to trans-
late findings into actionable interventions. Moreover,
LPA depends on high-quality data, poor data quality or
missing information can lead to inaccurate results. These
limitations can be mitigated when LPA is combined with
machine learning. Machine learning algorithms are effec-
tive at handling complex data structures and learning
patterns from large datasets, complementing LPA by pro-
viding predictive capabilities [43]. In this study, machine
learning was employed to predict the likelihood of com-
passion fatigue by utilizing the classification results from
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LPA along with other relevant variables. Commonly used
algorithms, such as random forest and multi-layer per-
ceptron, were chosen for their robustness in handling
multi-dimensional data and their interpretability, mak-
ing them particularly suitable for predicting compassion
fatigue risk among nursing interns. This dual approach
of LPA and machine learning provides both a granular
understanding of compassion fatigue and the ability to
predict individual risk levels. Despite the complexity of
these methods, the comprehensive framework they offer
enhances our ability to assess and address this critical
issue in nursing education.

The main objectives of this study are (1) to identify
potential classifications of compassion fatigue among
nursing interns using LPA, (2) to develop and validate
machine learning models for predicting individual risk
levels, and (3) to develop an online prediction tool for
practical application. Generally speaking, this study will
provide nursing educators and clinical supervisors with
a practical resource to better support nursing interns.
Meanwhile, this tool could facilitate early identification of
high-risk individuals, enabling timely interventions and
personalized support during internships, thus enhancing
their well-being and overall performance.

Methods

Study design

This cross-sectional study, conducted from December
2021 to June 2022 with nursing interns at all ten public
junior colleges in Hunan Province, China, aimed to cap-
ture a snapshot of compassion fatigue. While longitudinal
studies could track changes over time, our objective was
to develop and validate a predictive model based on cur-
rent data. Although cross-sectional studies cannot estab-
lish causality, they efficiently identify risk profiles and
contributing factors, providing valuable insights without
the complexity of time-based analysis. The study adheres
to guidelines outlined in the Strengthening the Report-
ing of Observational Studies in Epidemiology (STROBE,
Supplementary file 1) and Transparent Reporting of a
Multivariable Prediction Model for Individual Prognosis
or Diagnosis (TRIPOD, Supplementary file 2).

Participants

Participants were recruited using convenience sampling
from all public junior colleges in Hunan province, China.
While this method is efficient, it may introduce selec-
tion bias and limits generalizability. To address this, we
included students from multiple colleges and recruited
both 3-year and 5-year associate nursing program stu-
dents to ensure a more diverse and representative sample.
The inclusion criteria were: (1) enrollment in a three- or
five-year associate nursing program, (2) active participa-
tion in a clinical internship lasting at least eight months
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in a secondary-level or above hospital, and (3) willingness
to participate with informed consent. Nursing interns
whose clinical practice was in clerical management or
administration, without direct patient contact, were
excluded.

Sample size

While there is no standardized method for calculating
sample size in survey studies using machine learning
techniques [44], a sample size of over 500 is typically rec-
ommended for LAP [45]. A review by Spurk et al. indi-
cated that 53.4% of studies using LPA follow this rule [46].
To ensure adequacy in our study, we conducted a post-
hoc power analysis, which revealed that a sample size of
322 participants provided sufficient power (>0.800) to
detect significant effects in the machine learning model.
Although our sample size is below the recommended 500
for LPA, the combination of LPA and post-hoc power
analysis supports that our sample size is appropriate for
the study’s objectives.

Data collection

Data were collected using an online survey created on the
WenJuanXing platform (https://www.wjx.cn), a widely
used survey tool in China. The survey link was distrib-
uted through WeChat groups specifically created for this
study, which included nursing interns in 10 public junior
colleges across Hunan province. Full-time student coun-
selors, responsible for managing nursing interns dur-
ing their placements, facilitated recruitment by inviting
interns to join the WeChat groups. Participants were
provided with standardized information about the study,
including its purpose, potential risks, and benefits. Par-
ticipation was entirely voluntary, with anonymity fully
guaranteed. Reminders were sent to non-responders one
week after the initial invitation via WeChat groups, as no
direct follow-up was conducted due to the anonymous
nature of the data collection process. To ensure a diverse
and representative sample, recruitment efforts targeted
interns from various academic and clinical backgrounds.
All survey questions were mandatory to reduce miss-
ing data, and each IP address was restricted to one sub-
mission. Identical, patterned, or invalid responses were
excluded to maintain data quality. After excluding 149
invalid responses, the final sample consisted of 2256 valid
responses, resulting in a 93.8% effective response rate.

Instruments

General demographic information collection table

A self-designed table collected sociodemographic data,
including gender, academic major, program length, place
of residence, only-child status, monthly expenditure, pre-
vious experience as a student leader, hospital level dur-
ing an internship, number of night shifts per month, and
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career intentions. This set of variables was chosen to
comprehensively capture factors potentially influencing
compassion fatigue, as identified in previous studies.

The compassion fatigue short scale

The Compassion Fatigue Short Scale, developed by
Adams et al., was chosen due to its widespread use and
strong psychometric properties in healthcare settings,
particularly in nursing populations. It effectively cap-
tures secondary traumatic stress and job burnout [26],
which are critical components of compassion fatigue.
We selected the Chinese version validated by Sun (2015)
[28], as it demonstrated strong reliability and validity in
Chinese nursing populations, making it well-suited for
our study’s demographic. In addition to the good inter-
nal consistency reflected by Cronbach’s alpha coefficients
ranging from 0.87 to 0.95, the scale’s construct validity
was confirmed using exploratory and confirmatory fac-
tor analyses, supporting its two-dimensional structure.
Its brevity, with only 13 items, also made it practical for
use with a large sample within limited time constraints.
In this study, the overall Cronbach’s alpha coefficient for
the Chinese version was 0.92.

The professional identity scale

We selected the Professional Identity Scale, which was
developed by Brown et al. to assess professional identity
in healthcare professionals [47]. The scale only includes
ten items, therefore its concise provides a practical yet
comprehensive assessment, making it ideal for large-
scale surveys. Higher scores indicate a more robust pro-
fessional identity. The Chinese version, translated and
validated by Lu et al., demonstrated adequate internal
consistency, with a Cronbach’s alpha coefficient of 0.82
[48], confirming its suitability for measuring professional
identity among Chinese nursing interns. The content
validity of this scale was ensured through expert consul-
tations during its initial development, confirming its rel-
evance in capturing professional identity dimensions in
healthcare settings. In this study, the overall Cronbach’s
alpha coefficient of the Chinese version was 0.80.

The general self-efficacy scale

The General Self-Efficacy Scale, developed by Schwarzer
and Jerusalem (1995) [49], was chosen for its robustness
in measuring self-efficacy across various populations.
The Chinese version, validated by Zeng et al. [50], exhib-
ited strong internal consistency and criterion validity in
multiple studies, with a Cronbach’s alpha coefficient of
0.89 in this study, reinforcing its reliability. In addition
to Cronbach’s alpha, previous studies have confirmed
the scale’s construct validity via factor analysis, and its
cross-cultural adaptability has made it a reliable tool
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for self-efficacy assessment across diverse populations,
including healthcare workers.

The perceived social support scale

The Perceived Social Support Scale, developed by Zimet
et al. [51], was selected for its strong psychometric prop-
erties and widespread use in healthcare research. The
Chinese version, translated by Jiang [52] and modified
by Yan et al. [53], has been validated extensively, dem-
onstrating excellent internal consistency (Cronbach’s
a=0.85) and test-retest reliability (Cronbach’s a=0.87)
[53]. This scale includes 12 items across three dimen-
sions: family support (items 3, 4, 8, 11), friend support
(items 6, 7, 9, 12), and other support (items 1, 2, 5, 10).
Responses range from 1 (strongly disagree) to 7 (strongly
agree), resulting in a total score of 12 to 84. Higher scores
indicate higher levels of perceived social support. Its ease
of administration, with just 12 items, was an added bene-
fit, facilitating its use in large-scale surveys without over-
burdening participants. In the present study, the Chinese
scale version achieved an overall Cronbach’s alpha coef-
ficient of 0.92.

The 10-item connor-davidson resilience scale

We selected the 10-item Connor-Davidson Resilience
Scale, a refinement by Campbell-Sills of the original scale
developed by Connor and Davidson [54, 55], due to its
strong track record in measuring resilience in healthcare
professionals. This unidimensional scale comprises ten
items, each rated on a 5-point scale (0—4), with higher
scores indicating greater resilience. The Chinese version
of the scale, validated by Ye in 2016 [56], has been used
in nursing populations, exhibiting good reliability, with a
Cronbach’s a coefficient of 0.851 [34]. The scale’s valida-
tion studies included exploratory and confirmatory fac-
tor analyses supporting its construct validity in Chinese
nursing samples. In the present study, the overall Cron-
bach’s « coefficient for the scale was 0.93.

Simple coping style questionnaire

The simple coping style questionnaire, adapted by Xie et
al. from Folkman and Lazarus’ Ways of Coping Question-
naire [57, 58], was chosen for its ability to capture both
positive and negative coping strategies, which are key fac-
tors developing and managing compassion fatigue. In this
20-item scale, each item is rated on a Likert four-point
scale, with 1 indicating “do not take” and with 4 indicat-
ing “often take” Higher scores in the positive coping style
dimension indicate a greater likelihood of adopting posi-
tive coping strategies, while higher scores in the negative
coping style dimension indicate a greater likelihood of
adopting negative coping strategies. The scale’s transla-
tion and adaptation have been validated in Chinese pop-
ulations, demonstrating psychometric solid properties
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with a Cronbach’s a coefficient of 0.90 [57]. Factor analy-
ses conducted in previous studies further confirmed the
two-dimensional structure of the scale, validating its use
for assessing coping styles in Chinse nursing populations.
The scale achieved an overall Cronbach’s a coefficient of
0.87 in the present study.

Statistical analyses

Descriptive and univariate analysis

Descriptive statistics summarized the general character-
istics of the participants. Continuous variables, which
did not follow a normal distribution, were represented as
median and inter-quartile range, while categorical vari-
ables were shown as numbers and percentages. Univari-
ate analysis identified predictive factors for compassion
fatigue or burnout using the Mann-Whitney U test, chi-
squared test, or Fisher’s exact test. The candidate factors
included demographic characteristics, professional iden-
tity, self-efficacy, social support, psychological resilience,
and coping styles. Analyses were performed using SPSS
26.0 (IBM Corp., Armonk, NY, USA), with a significance
threshold of p<0.05 for the two-sided test.

Handling of missing data

Although the survey required responses to all ques-
tions to minimize missing data, any instances of incom-
plete data were addressed systematically. If missing data
occurred, cases were excluded from the final analysis
to avoid introducing bias. Given the large sample size,
excluding these cases did not significantly affect the
study’s statistical power. No imputation methods were
employed, as missing data were minimal, and excluding
incomplete cases ensured that only complete data were
included in both the statistical and machine learning
analyses.

Latent profile analysis

LPA was conducted using the 13 items from the Com-
passion Fatigue Short Scale as indicators, employing
robust maximum likelihood estimation to identify sub-
groups of compassion fatigue symptoms. To determine
the optimal number of latent profiles, several statistical
criteria were employed: entropy, the Lo-Mendell-Rubin
likelihood ratio test (LMR), the bootstrap likelihood
ratio test (BLRT), Akaike Information Criterion (AIC),
Bayesian Information Criterion (BIC), and adjusted
Bayesian Information Criterion (aBIC) [59-61]. Each
criterion contributed to assessing model fit and deter-
mining the appropriate number of profiles. Entropy
measures classification accuracy, with values range
from O to 1, where higher values indicate better separa-
tion between latent classes. An entropy value>0.80 was
chosen based on prior methodological recommenda-
tions [59]. as it ensures accurate profiles assignment and
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minimizes overlap between groups, which is critical for
reliable model interpretation. LMR and BLRT statistics
compared the k-class model to the (k-1) class model, with
significant p-values indicating a better fit for more com-
plex k-class model [59]. Lower AIC, BIC, and aBIC values
indicated better model fit by balancing model complex-
ity with goodness of fit [60, 62]. A scree plot was used
to visually examine aBIC values, identifying the “elbow”
point where the slope begins to flatten, signaling the opti-
mal number of classes. This visual tool, along with other
statistical criteria, guided the final selection of latent
profiles [63]. Analyses were conducted using Mplus ver-
sion 8.3 [63]. Ultimately, the combinations of these fit
criteria, supported by theoretical considerations, deter-
mined the final number of latent profiles. To facilitate
the construction of the subsequent predictive model,
following recommendations from previous studies [63,
64], we assigned individuals who belonged to the latent
profile representing the lowest level of symptoms or risks
as “non-cases,” while other individuals were considered
cases!

Features selection

After determining the optimal model and defining clas-
sifications, we assessed differences in some sociodemo-
graphic characteristics, professional identity, self-efficacy,
social support, psychological resilience, and coping styles
between the “non-cases” and “cases” groups. Significant
variables from the univariate analysis (p<0.05) were fur-
ther analyzed using the Least Absolute Shrinkage and
Selection Operator (LASSO) regression, a technique that
penalizes regression coeflicients to optimize the model by
retaining only significant predictors [65]. This approach
handles complex covariance structures and improves
predictive accuracy. LASSO regression was performed
using Lasso CV with 10-fold cross-validation.

Development and evaluation of machine learning models
learning

Eight machine learning algorithms were employed to
develop and compare models for predicting the risk of
compassion fatigue, including logistic regression, support
vector machine, random forest, multi-layer perceptron,
extreme gradient boosting (XGBoost), gradient boosting
decision trees, Gaussian naive Bayes, and adaptive boost-
ing. All models were implemented using Python 3.7,
with the “xgboost 2.0.1” package for XGBoost and the
“scikit-learn 1.1.3” package for the remaining algorithms.
Hyperparameter tuning was performed for each algo-
rithm using grid search with cross-validation to optimize
the model performance. For each model, hyperparame-
ters were selected based on cross-validated accuracy and
the area under the receiver operating characteristic curve
(AUC) on the training set. The optimal configuration
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was chosen by maximizing these metrics. Additionally,
For more computationally intensive models, random-
ized search was used to identify the best configurations
efficiently. Models were trained and validated using boot-
strap resampling, with a 7:3 training-to-testing ratio.
Performance was evaluated using metrics such as area
under the receiver operating characteristic curve (ROC),
accuracy, sensitivity, specificity, positive predictive value,
negative predictive value, and F1 score. Calibration was
assessed by comparing predicted and observed incidence
of “cases”

Model optimization and evaluation

To ensure robustness and mitigate overfitting, 10-fold
cross-validation assessed predictive performance. The
dataset was randomly divided into ten equal parts, with
training and validation repeated five times. Model dis-
crimination was evaluated using ROC analysis and quan-
tified by AUC. Calibration plots assessed the agreement
between predicted probabilities and actual outcomes.
Decision curve analysis (DCA) estimated the clinical
utility and net benefit. Feature importance was assessed
using Shapley additive explanation (SHAP) analysis, with
higher absolute SHAP values indicating a greater impact
on predictions [66]. Additionally, we explored the distri-
bution of feature values and their relationship with model
predictions to gain further insights into model behavior.
SHAP analysis was conducted using the “shap 0.43.0”
package.

Ethical considerations
Institutional Review Board approval was granted for this
study by the institution review board of Hunan Tradi-
tional Chinese Medical College, with an approval num-
ber of YX202212001.

Results

Descriptive statistics

Data were collected from 2256 nursing interns, with
notable trends in participants’ demographics and intern-
ship conditions. A significant majority of participants
were female (2077, 92.07%) and from rural areas (1784,
79.08%), reflecting the widespread recruitment of nursing
students from these regions. Most participants were non-
only children (1962, 86.97%), suggesting stronger family
support systems that may buffer stress. Economically,
the majority reported a monthly expenditure between
1000 and 2000 RMB (1574, 69.77%). A substantial por-
tion (1660, 73.58%) were enrolled in nursing programs,
with most in three-year programs (1736, 76.95%), indi-
cating potential socioeconomic challenges that influence
stress and coping. Internship conditions revealed that
most students worked in tertiary hospitals (1708, 75.71%)
and typically worked 3 to 4 night shifts per month (1037,
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45.96%), factors likely contributing to compassion fatigue
due to the high-intensity environment. Despite these
challenges, 86.13% of participants expressed a strong
desire to pursue a nursing career, which may help miti-
gate emotional exhaustion linked to compassion fatigue.
Psychological assessments revealed median scores of
39.00 for professional identity, 2.800 for self-efficacy,
58.00 for social support, 23.00 for psychological resil-
ience, and 34.00 for coping style. Further details of par-
ticipants’ characteristics are presented in Table 1.
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Latent profiles of nursing students’ compassion fatigue

Our LPA, ranging from one to four latent classes, pro-
duced models with fit indices detailed in Table 2. All clas-
sifications demonstrated excellent separation of classes,
with entropy values consistently exceeding 0.9, indicat-
ing excellent separation of classes. The BLRT was statis-
tically significant across all models, while the LMR was
significant only for the one to three-class models. As the
number of classes increased, the AIC, BIC, and aBIC val-
ues progressively decreased, and the scree plot of aBIC
flattened after the three-class model (Fig. 1), suggesting a
point of diminishing returns. Based on statistical criteria,

Table 1 Univariate analysis of influencing factors of compassion fatigue of nursing interns

Case®

Variable N (%) Non-case ? Statistics p
Academic major, n (%) 15.358 <0.001
Nursing 1660 (73.58) 973 (76.80) 687 (69.46)
Midwifery 596 (26.42) 294 (23.20) 302 (30.54)
Length of schooling, n (%) 1452 0.228
3-year 1736 (76.95) 963 (76.01) 773 (78.16)
5-year 520 (23.05) 304 (23.99) 216 (21.84)
Gender, n (%) 14.759 <0.001
Male 179 (7.93) 125 (9.87) 54 (5.46)
Female 2077 (92.07) 1142 (90.13) 935 (94.54)
Residence, n (%) 0.167 0.683
Urban 472 (20.92) 269 (21.23) 203 (20.53)
Rural 1784 (79.08) 998 (78.77) 786 (7947)
Only child or not, n (%) 0.988 0320
Yes 294 (13.03) 173 (13.65) 121 (12.24)
No 1962 (86.97) 1094 (86.35) 868 (87.76)
Monthly expenses, n (%) 0.447 0.800
<1000 RMB 420 (18.62) 242 (19.10) 178 (18.00)
1000-2000 RMB 1574 (69.77) 879 (69.38) 695 (70.27)
2001-3000 RMB 262 (11.61) 146 (11.52) 116 (11.73)
Whether as a student cadre, n (%) 0.035 0.851
Yes 1172 (51.95) 656 (51.78) 516 (52.17)
No 1084 (48.05) 611 (48.22) 473 (47.83)
Hospital level during internship, n (%) 6.498 0.011
Tertiary 1708 (75.71) 985 (77.74) 723 (73.10)
Secondary 548 (24.29) 282 (22.26) 266 (26.90)
Frequency of night-shift per month, n (%) 8.868 0.031
0-2 803 (35.60) 468 (36.94) 335(33.87)
3-4 1037 (45.96) 590 (46.57) 447 (45.20)
5-6 278(12.32) 145 (11.44) 133 (13.45)
>6 138 (6.12) 64 (5.05) 74 (7.48)
Career intention, n (%) 79.820 <0.001
Yes 1943 (86.13) 1164 (91.87) 779 (78.77)
No 313(13.87) 103 (8.13) 210 (21.23)
Professional identity, median (IQR) 39.00 (34.00, 43.00) 41.00 (37.00, 44.00) 36.00 (31.00, 40.00) 17.774 <0.001
Self-efficacy, median (IQR) 2.800 (2.50, 3.000) 2.80 (2.60, 3.00) 2.70 (240, 3.00) 10.160 <0.001
Social support, median IQR) 58.00 (50.00, 66.00) 61.00 (53.00, 69.00) 54.00 (48.00, 61.00) 13.058 <0.001
Psychological resilience, median (IQR) 23.00 (20.00, 29.00) 26.00 (21.00, 30.00) 20.00 (18.00, 25.00) 16.793 <0.001
Coping style, median (IQR) 34.00 (27.00,4 0.00) 34.00 (27.00, 40.00) 33.00 (27.00, 39.00) 2.691 0.007

Note: IQR, Interquartile spacing; CF, compassion fatigue. a:“non-cases” refers to nursing interns with low levels of compassion fatigue; b: “cases” refers to nursing
interns with moderate to severe levels of compassion fatigue. The bold p values indicate statistical significance
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Table 2 Goodness of fit statistics for 1 to 4 class models
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Class AIC BIC aBIC Entropy LMR(p) BLRT(p) Sample proportion (%) per class
1 135405.166 135553.921 135471.315 n.a. na. na. n.a.

2 125201.556 125430410 125303.324 0.935 <0.001 <0.001 71.37/28.63

3 122468.063 122777.016 122605.449 0.908 <0.001 <0.001 55.73/32.17/12.10

4 121328.755 121717.807 121501.759 0916 03132 <0.001 25.67/55.70/8.23/10.40

Note: AIC, Akaike Information Criterion; BIC, Bayesian Information Criterion; aBIC, adjusted Bayesian Information Criterion; LMR, Lo-Mendell-Rubin; BLRT, bootstrap
likelihood ratio test; n.a., not applicable. An entropy value of more than 0.80 indicates good discrimination. Significant results from LMR and BLRT tests indicate that
the more complex model (k-class) fit the data better. Lower AIC, BIC, and aBIC values indicate better model fit
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125000

aBIC

120000
115000
110000

1 2 3 4

Class number

Fig. 1 Scree plot of aBIC from LPA analysis. The “elbow” point in the plot,
where the slope begins to flatten, indicates the turning point. aBIC, ad-
justed Bayesian information criterion; LPA, latent profile analysis

Table 3 Average latent class probabilities for most likely latent
class membership by latent class
Latent class Latent class membership

1 2 3
1 0.968 0.032 0.000
2 0.043 0.940 0.018
3 0.000 0.040 0.960

The average latent class probabilities for most likely latent class membership
by latent class reflects the classification accuracy, with higher diagonal values
indicating greater accuracy in classifying individuals into the correct latent class

interpretability, and parsimony, the three-class model
was selected as the optimal, with significant implications
for future research and intervention strategies.

Table 3 presents the average latent class probabilities
for the most likely latent class membership in the three-
class model (0.968, 0.940, and 0.960), indicating reason-
able classification and good distinction. The distribution
and conditional means of the Compassion Fatigue Short
Scale items for each class in the three-class model are
illustrated in Fig. 2. Based on the conditional means of
the items for each class, Class 1 (#=1257, 55.73%) was
defined as the “low compassion fatigue” group, Class 2
(n=726, 32.17%) as the “moderate compassion fatigue”
group, and Class 3 (#=273, 12.10%) as the “severe com-
passion fatigue” group. Class 1 consists of interns with

lower levels of compassion fatigue, likely benefiting
from solid coping strategies. Interventions for this group
should focus on maintaining resilience to prevent future
escalation. Class 2 shows noticeable emotional strain,
and to avoid progression, these interns may benefit from
targeted support, such as stress management and self-
care practices. Class 3 exhibits significant emotional
exhaustion and detachment, indicating a need for inten-
sive mental health support and monitoring to prevent
burnout. These profiles offer valuable insights for tailor-
ing interventions to different risk levels, enabling early
identification and targeted support for nursing interns.

Influencing factors of nursing students’ compassion
fatigue

LAP identified participants in the “low compassion
fatigue” group as “non-cases” (i.e., without compassion
fatigue), and those in the “moderate compassion fatigue”
and “severe compassion fatigue” groups as “cases” (i.e.,
potentially experiencing compassion fatigue). Univari-
ate analysis revealed significant differences between
these groups in major (x*=15.358, p<0.001), gen-
der (x*=14.759, p<0.001), level of internship hospital
(x2=6.498, p=0.011), night shifts frequency (x*>=8.868,
p=0.031), career intention (x*=79.820, p<0.001),
professional identity (z=17.774, p<0.001), self-effi-
cacy (z=10.160, p<0.001), social support (z=13.058,
»<0.001), psychological resilience (z=16.793, p<0.001),
and coping style (z=2.691, p=0.007) (see Table 1). These
ten variables were included in the LASSO model, and
nine key features were retained for developing the pre-
diction model: major, gender, frequency of night shifts
per month, career intention, professional identity, self-
efficacy, social support, psychological resilience, and
coping style (see Fig. 3). Gender differences may reflect
cultural expectations. Female nursing students often
experience greater emotional labor and are more likely
to use emotion-focused coping strategies, which could
increase their vulnerability to compassion fatigue. In con-
trast, male students may rely on problem-solving coping
strategies, which could serve as a buffer. Career inten-
tion was a strong predictor. Uncertainty or dissatisfaction
with nursing profession may increase emotional burden.
Those weaker career commitment may internalize chal-
lenges, potentially exacerbating fatigue. Although Coping
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Fig. 2 Three profiles of the best-fitting three-class pattern based on the Compassion Fatigue Short Scale
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Fig. 3 Feature selection based on the LASSO regression. Coefficient profile (A) and penalty plot (B). The minimum criteria and the one standard error of
the minimum criteria were chosen as the optimal values for the drawn dotted vertical lines

style showed a weaker effect than professional identity
and social support, this suggests that coping strategies
alone may not fully mitigate fatigue without additional
psychological or social support. Similarly, night shift
frequency had less impact, indicating the greater impor-
tance of psychological and social factors in compassion
fatigue.

Comparison of multiple classification models

We compared eight machine learning models for pre-
dicting the risk of compassion fatigue in nursing interns.
The XGBoost model outperformed others, showing high
accuracy and stability across both training and valida-
tion sets. This is due to its regularization techniques and
iterative boosting, which help prevent overfitting and
improve generalization. In contrast, the Random For-
est models overfitted the training data, leading to a drop
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in validation accuracy, likely because it lacks the same
level of regularization as XGBoost and is prone to cap-
turing noise in the training data. Other models, such as
Logistic Regression, Support Vector Machine, and Multi-
Layer Perceptron, showed weaker performance. Logistic
regression struggled with non-linear feature interactions,
Support Vector Machine was sensitive to hyperparam-
eters, and Multi-Layer Perceptron required more tuning
to handle complex relationships. The results, presented
in Table 4; Fig. 4, provide a detailed comparison of the
models’ ROC curves in the training and validation sets
(Fig. 4A and B), the calibration plots (Fig. 4C), and the
forest plot with the AUC score results (Fig. 4D). These
results highlighted XGBoost’s balance between complex-
ity and generalization, which led to its selection as the
final model See Table 5.

Model optimization

The XGBoost model, identified as the best performer in
predicting compassion fatigue risk, was optimized using
hyperparameter tuning to enhance predictive accuracy.
The process involved adjusting parameters such as the
learning rate and the number of estimators, improving
the model’s overall performance by balancing bias and
variance more effectively. This tuning process helped
control overfitting and enhanced generalization to
unseen data. Consequently, the XGBoost model selected
nine pre-identified variables as input features, and a
10-fold cross-validation strategy was employed to ensure
that 90% of the data was used for training and 10% for
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validation. The ROC curves and AUC values (shown in
Fig. 5A-C) demonstrate the model’s strong discriminative
ability, with AUC values of 0.840, 0.768, and 0.731 across
the training, validation, and test sets. The slight decline in
AUC suggests some overfitting from the training to vali-
dation. However, the learning curve (Fig. 5D) shows that
the error between the training and validation sets gradu-
ally converged, indicating effective learning. Calibra-
tion plot (Fig. 5E) confirmed that predicted probabilities
aligned well with actual outcomes.

While ROC curves, AUC, and calibration plots are use-
ful validation tools, they have certain limitations. ROC
curves and AUC values primarily assess discriminative
ability but may not fully reflect the clinical utility of the
model in practice, especially in populations with different
demographic or clinical characteristics. Calibration plots,
while helpful for comparing predicted and actual prob-
abilities, may not generalize well to populations with dif-
ferent compassion fatigue prevalence. Given the study’s
focus on nursing interns in a specific region, caution is
advised when applying these findings to other settings.
DCA (Fig. 5F) demonstrated significant net benefits
below a 70% risk threshold, supporting the model’s effec-
tiveness in real-world applications.

Model interpretation

Figure 6 illustrates the impact of various features on the
prediction outcomes of the model. As shown in Fig. 6A,
the SHAP summary plot indicates that psychological
resilience, professional identity, and social support are

Table 4 Predictive performance of the eight machine learning techniques in the training and validation sets for compassion fatigue of

nursing interns

Models AUC (95% Cl) Accuracy Sensitivity Specificity PPV NPV F1score
Training set

XGBoost 0.826 (0.810,0.842) 0.748 0.771 0.731 0.697 0.797 0.732
LR 0.762 (0.744, 0.780) 0.700 0.663 0.730 0.663 0.737 0.659
RF 1.000 (1.000, 1.000) 0.999 1.000 1.000 1.000 0.999 1.000
AdaBoost 0.788 (0.771,0.805) 0.709 0.731 0.694 0.657 0.768 0.688
GBDT 0.778(0.761,0.795) 0.707 071 0.699 0.665 0.742 0.687
GNB 0.744 (0.726,0.762) 0.686 0.712 0.667 0.631 0.746 0.667
MLP 9(0.700,0.738) 0.654 0.703 0.617 0.587 0.729 0.639
SVM 0.644 (0.624, 0.664) 0611 0677 0.562 0.548 0.688 0.605
Validation set

XGBoost 0.750(0.732,0.768) 0.679 0.643 0.730 0.613 0.738 0.627
LR 0.772 (0.755,0.789) 0.707 0.710 0.709 0.665 0.747 0.684
RF 0.749 (0.731,0.767) 0.682 0.696 0.684 0.708 0.673 0.701
AdaBoost 0.757 (0.739,0.775) 0.677 0.668 0.722 0.608 0.751 0.635
GBDT 0.749 (0.731,0.767) 0.679 0.624 0.753 0.638 0.712 0.630
GNB 0.738(0.720, 0.756) 0.671 0.661 0711 0.603 0.738 0.630
MLP 0.704 (0.685, 0.723) 0.637 0.696 0610 0.577 0.707 0.630
SVM 0.651(0.631,0.671) 0.612 0.694 0.552 0.548 0.685 0.611

Note: AUC, area under the curve; PPV, positive predictive value; NPV, negative predictive value; LR, logistic regression; SVM, support vector machine; RF, random
forest; GBDT, gradient boosting decision tree; MLP, multi-layer perceptron; XGBoost, extreme gradient boosting; GNB, Gaussian naive Bayes; AdaBoost, adaptive

boosting; Cl, confidence interval
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Fig. 4 Construction and comparison of eight ML models. ROC curves of eight ML algorithms for predicting psychological distress in the train (A) and
validation (B) sets as well as calibration curves (C) and forest plot of various models (D). ROC, receiver operating characteristic; ML, machine learning

Table 5 Performance of the XGBoost classification model for predicting the risk of compassion fatigue of nursing interns

Models AUC (95% ClI) Accuracy Sensitivity Specificity PPV NPV F1 score
Training set 0.840 (0.825, 0.855) 0.761 0.720 0.793 0.730 0.788 0.723
Validation set 0.768 (0.738, 0.798) 0.704 0.653 0.789 0.660 0.741 0.653
Test set 0.731 (0.698, 0.764) 0.656 0.770 0.581 0.607 0.704 0.679

Note: AUC, area under the curve; PPV, positive predictive value; NPV, negative predictive value. XGBoost, extreme gradient boosting; Cl, confidence interval
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the features with the most significant influence on the
model’s output. Figure 6B, the mean absolute SHAP val-
ues bar chart, further confirms this finding. Figure 6C
and D decompose the feature contributions for two sam-
ple students, demonstrating the individual-level impact
of these features on risk prediction. These figures identify
which feature values significantly affect the final risk pre-
diction scores and cause them to fluctuate.
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Development of a web-based application for predicting
compassion fatigue

We developed a web-based application based on the
final model’s predicted risks (available at http://www.xs
martanalysis.com/model/list/predict/model/html?mid
= 15239&symbol=21Dx71Ab62wF580Bl642), providing
individualized risk assessments for compassion fatigue
among nursing interns (Fig. 7). The application features

Prediction model of compassion fatigue in nursing interns
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Academic major Nursing
Coping style 18
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Social support 46
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Fig. 7 The web-based calculator for predicting the risk of compassion fatigue among nursing interns
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a user-friendly interface for healthcare professionals. Key
steps for developing this application include model inte-
gration (XGBoost was embedded to ensure accurate pre-
dictions), accuracy verification (outputs were tested using
a holdout sample and compared with Python-generated
results to verify consistency), and usability testing (nurs-
ing educators evaluated the usability of this application).
The tool offers a practical method for early detection of
compassion fatigue, helping educators and colleges inter-
vene early.

Discussion

Latent profile analysis of compassion fatigue among
nursing students during the internship

This study identified three distinct profiles of compassion
fatigue among nursing interns using LPA: low compas-
sion fatigue, moderate compassion fatigue, and severe
compassion fatigue. Each profile exhibits unique char-
acteristics and levels of vulnerability, warranting tailored
interventions to mitigate compassion fatigue and support
emotional resilience during their internships.

The “low compassion fatigue” group, comprising
55.73% of the participants, had average scores of 18.74
for burnout and 10.14 for secondary traumatic stress,
with an overall average score of 28.874 on the Compas-
sion Fatigue Short Scale. Although these nursing interns
showed low overall compassion fatigue, they scored
higher on item 2 (“I feel I have not accomplished much in
my life”) and item 7 (“I often feel weak, tired, or exhausted
as a caregiver”). These scores reflect their emotional and
psychological adaptation to new environments and work
challenges, likely due to the high intensity of internship
tasks, academic pressure, and the fear of incompetence
during the transition to their new roles [68, 69]. Despite
the overall low level of compassion fatigue, the higher
scores on specific items warrant attention to prevent pro-
gression to moderate or severe fatigue levels. Preventive
measures are vital for this group to ensure compassion
fatigue does not escalate. Self-care workshops focused on
stress management, peer support networks, and reflec-
tive practice sessions can help reinforce resilience. Early
identification of emotional stress signals is crucial to pre-
vent progression into higher fatigue levels.

The “moderate compassion fatigue” group included
32.17% of the participants, with average scores of 37.78
for burnout and 19.14 for secondary traumatic stress,
totaling 56.92 on the Compassion Fatigue Short Scale.
This group also scored highest on items 2 and 7. Besides,
item 9 (“I feel frustrated with my job”) showed the most
significant score difference, indicating professional con-
fusion, fatigue, and emotional distress. This may stem
from a heightened sensitivity to patient suffering and
death, leading to increased burnout and frustration [70].
Additionally, the inability to establish stable relationships
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with supervisors and staff during a short internship exac-
erbates their emotional burden [71]. Mindfulness-based
interventions, including mindfulness-based stress reduc-
tion (MBSR), can greatly enhance emotional regulation
and self-awareness. Moreover, developing a structured
mentorship program that ensures continuous emotional
support from senior staff may help alleviate professional
confusion and reduce burnout. This group would also
benefit from training in empathy management tech-
niques, enabling them to manage emotional boundaries
more effectively when working with patients in distress
[72, 73].

The “severe compassion fatigue” group, representing
12.10% of the participants, had average scores of 55.92
for burnout and 32.83 for secondary traumatic stress,
with a total score of 88.75. This group scored highest on
items 2 and 7. It showed the most significant score dif-
ferences on item 8 (“I have intrusive thoughts about the
traumatic situations I have encountered”) and item 10 (“I
relive traumatic experiences when helping those in cri-
sis”), indicating rapidly increasing psychological trauma
and distress. These interns lack effective coping strategies
and psychological resilience, leading to higher secondary
traumatic stress and compassion fatigue [74, 75]. Long-
term high-pressure environments and cumulative emo-
tional burdens aggravate these issues [75]. For this group,
immediate and intensive interventions are required. Psy-
chological counseling, such as trauma-informed therapy
and cognitive-behavioral therapy (CBT), should be pro-
vided to address underlying trauma and develop coping
strategies. Stress management workshops focusing on
crisis intervention and peer support groups can provide
emotional outlets and coping mechanisms for dealing
with trauma. Given the cumulative emotional burden,
implementing resilience training and promoting a sup-
portive workplace culture is essential for helping these
interns recover from their experiences and prevent future
burnout [76].

Influencing factors of compassion fatigue among nursing
students during the internship

Demographic characteristics

Our study identified several demographic factors asso-
ciated with higher compassion fatigue, including being
female, specializing in midwifery, working frequent
night shifts, and intending to leave the profession post-
graduation. These findings align with earlier research
but suggest underlying sociocultural and psychological
mechanisms that merit further exploration.

Female students reported higher compassion fatigue
than their male counterparts, which is consistent with
Sacco et al’s [77] findings in critical care nurses. This may
be attributed to the fact that female students, generally
possessing higher emotional intelligence and empathy
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[78], are more emotionally involved with patients, lead-
ing to emotional exhaustion over time [79, 80]. Addition-
ally, cultural norms in China often discourage emotional
expression in males, which may reduce their emotional
engagement, thus lowering their risk of compassion
fatigue [78]. This suggests that gender roles and societal
expectations play a significant role in shaping how male
and female nursing students experience and express
compassion fatigue, enlightening our readers about the
broader context of this issue.

Midwifery students reported higher compassion
fatigue than general nursing students, echoing findings
from obstetric nurses who frequently encounter emo-
tionally intense situations such as complex births and
neonatal deaths [81, 82]. The discrepancy between stu-
dents’ expectations, often formed by a focus on normal
physiological births, and the reliability of critical situa-
tions may exacerbate emotional strain, increasing their
risk of secondary traumatic stress [76, 83]. These findings
underscore the importance of targeted educational inter-
ventions addressing the emotional challenges of mid-
wifery as necessary step to better prepare students for
such experiences, reducing compassion fatigue [84].

Students who worked frequent night shifts reported
higher compassion fatigue scores, consistent with find-
ings among hospice nurses [85]. Night shifts not only dis-
rupt students’ sleep patterns and circadian rhythms, but
they also increase the likelihood of exposure to emotional
exhaustion, exploitation, and workplace bullying. This
aligns with research linking shift work to anxiety, depres-
sion, and psychological distress [85]. Institutions may
need to revise internship structures to limit night shift
hours or provide coping strategies for students, thereby
mitigating compassion fatigue.

Students intending to leave the profession after gradu-
ation reported higher compassion fatigue, reflecting a
misalignment between expectations and reality dur-
ing internships. This lack of intrinsic motivation likely
leads to emotional exhaustion and moral distress [86],
reinforcing the importance of providing structured sup-
port systems for students who express dissatisfaction or
uncertainty about their career path [87]. Encouraging
reflection on nursing’s role and offering career guidance
may help students align their expectations with reality,
potentially reducing their compassion fatigue.

Psychological resilience

Our study confirmed that psychological resilience is a
protective factor against compassion fatigue, consistent
with previous research [15, 88]. Psychological resilience
enhances nursing students’ psychosocial functioning and
professional performance [88, 89], avoiding emotion-cen-
tered coping and building confidence in managing work-
place stress. This mitigates compassion fatigue and aids
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in adapting to clinical environment [90]. These findings
suggest that students with higher resilience are better
equipped to handle emotional demands, supporting the
integration of resilience training into nursing curricula
[91]. Enhancing resilience can improve nursing students’
psychological functioning, professional performance, and
overall well-being. Future interventions should explore
how resilience-building programs can be tailored to indi-
vidual needs, especially for those entering high-stress
specialties.

Professional identity

Our study found a negative correlation between com-
passion fatigue and professional identity, consistent with
findings from similar studies [92]. Professional iden-
tity is a psychological resource that helps nursing stu-
dents maintain a positive attitude during high-pressure
internships [93]. This finding suggests that building a
strong professional identity can buffer against compas-
sion fatigue by fostering commitment and resilience in
challenging tasks. Conversely, students with lower pro-
fessional identities may experience reduced job satisfac-
tion and enthusiasm, making them more susceptible
to compassion fatigue [94, 95]. These findings highlight
the importance of strengthening professional identity in
nursing education.

Social support

Greater social support was linked to a lower risk of com-
passion fatigue, a finding consistent with a study involv-
ing 307 intern nursing and midwifery students [14].
Social support is an external resource critical for stress
management, reducing feelings of loneliness and anxiety
[96, 97, 98]. According to the stress coping model, robust
social networks enable students to employ positive cop-
ing strategies, effectively reducing compassion fatigue
[99, 100]. Our findings underscore the importance of
encouraging nursing students to cultivate social sup-
port systems, whether through peers, mentors, or fam-
ily, especially during emotionally demanding internships.
Nursing programs could benefit from integrating social
support strategies, ensuring students are better equipped
to handle stressors.

Coping style

Negative coping strategies significantly and positively
predict higher compassion fatigue, while positive cop-
ing strategies negatively predict lower compassion
fatigue. Rui’s study on clinical nurses [101] observed
that negative coping strategies were linked to higher
compassion fatigue, while positive coping strategies
were protective. Nursing students who rely on negative
coping mechanisms, such as avoidance, are more sus-
ceptible to compassion fatigue because these strategies
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tend to exacerbate stress and emotional exhaustion [102,
103, 104]. In contrast, students who adopt positive cop-
ing strategies can maintain a more constructive attitude
toward stressful situations, reducing the impact of com-
passion fatigue [102, 104]. These findings suggest that
teaching adaptive coping mechanisms should be a pri-
ority in nursing education to foster resilience and emo-
tional stability.

Self-efficacy

Higher self-efficacy was associated with lower compas-
sion fatigue in our study, consistent with previous stud-
ies focusing on nurse populations [105, 106]. Self-efficacy
enables nursing students to perceive nursing as a mean-
ingful and manageable profession, fostering a robust pro-
fessional identity and more excellent career preparation
[107, 108], enhancing job satisfaction and reducing burn-
out [105, 109]. Therefore, nursing educators should guide
students in seeking meaningful experiences and learn-
ing opportunities to build self-efficacy, improve adapt-
ability, and reduce the incidence of compassion fatigue.
Abusubhiah et al. (2023) advocate for using multimodal
interventions, including flipped classrooms, simulations,
debriefing, and role-playing better to enhance nurs-
ing students’ self-efficacy [110]. These strategies should
be incorporated into nursing education programs to
improve adaptability and reduce the incidence of com-
passion fatigue.

Development and application of a machine learning-based
predictive model for compassion fatigue among nursing
students during internships

This study is the first to develop a user-friendly, per-
sonalized model to predict compassion fatigue among
nursing interns using machine learning techniques.
Traditional models, like the one developed for emer-
gency department nurses [111], are often constrained
by assumptions of linearity and struggle to account for
complex interactions between variables as effectively
as machine learning. In contrast, machine learning
models such as XGBoost, used in our study, handle
non-linear relationships and high-dimensional data
more robustly. However, machine learning models
carry the risk of overfitting, particularly with small
datasets. We mitigated this through hyperparam-
eter tuning and cross-validation, but external vali-
dation in other populations is necessary to confirm
generalizability.

Our study identified nine significant predictors,
such as gender and professional identity. Gender dif-
ferences, particularly in nursing, align with existing
literature, where female nurses often report higher lev-
els of compassion fatigue due to societal expectations
and caregiving roles. Professional identity is another
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crucial factor in how nursing students manage work-
place stressors. A recent study across 21 tertiary hos-
pitals in China developed a risk prediction model for
compassion fatigue among emergency department
nurses using a logistic regression model [111]. This
model incorporated only seven factors: job position,
job satisfaction, dietary habits, daily sleep duration,
occupational stress, physical harassment, and work-
place violence levels. By contrast, our model demon-
strated higher predictive efficiency, covering a broader
range of influencing factors and providing a more
comprehensive assessment of the risk of compassion
fatigue. However, since our model has not been vali-
dated in external populations, its generalizability still
requires further investigation.

While the model demonstrated high accuracy, its appli-
cation in real-world settings must address ethical and
cultural considerations. Identifying high-risk students
could lead to stigmatization, so strict confidentiality is
crucial. Institutions should establish guidelines to protect
students’ privacy, ensuring results are shared only with
authorized personnel, such as trained student advisors
or mental health professionals. Students should also have
the option to opt-out of screenings and receive psycho-
logical support if identified as high-risk.

Cultural factors, especially in China, where emotional
vulnerability is often minimized, may influence the
expression and reporting of compassion fatigue. This
could affect the accuracy of self-reported data due to
social desirability bias. Integrating objective indicators
like work hours or job roles can enhance the model’s pre-
dictive power beyond self-reported data.

Additionally, Chinese nursing interns face unique
stressors such as academic pressure, family obligations,
and the hierarchical healthcare structure, which may
contribute to compassion fatigue differently compared
to Western contexts. Gender roles in China often place
extra caregiving expectations on female nurses, poten-
tially amplifying their compassion fatigue risk. Future
research should explore how these cultural dynam-
ics influence the model’s performance across different
settings.

Our model can identify nursing students at high risk
of compassion fatigue before symptoms manifest. The
online tool can be integrated into electronic health
records or used in educational settings. To streamline
routine psychological assessments in clinical environ-
ments, the model could be simplified by focusing on
objective indicators like job roles or work hours without
compromising predictive power. Adapting the model
to other cultural or institutional contexts, by including
locally relevant stressors like work conditions or health-
care policies, will enhance its applicability.
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Strengths and limitation

This study has several strengths, most notably its inno-
vative use of machine learning to predict compassion
fatigue, an area where traditional models have shown
limitations. Integrating LPA with machine learning
allows for identifying risk groups and individualized
risk prediction, providing more nuanced insights than
conventional methods. Our machine learning algo-
rithms offered enhanced predictive power by account-
ing for complex, non-linear relationships between
variables, which may be overlooked in traditional sta-
tistical models. This makes our model a valuable tool
for educational and clinical settings, where early iden-
tification and intervention are critical.

However, there are limitations to consider in our
study. One of the primary challenges is that machine
learning models, while powerful, require larger data-
sets for optimal performance and external validation
to ensure generalizability. The reliance on a cross-sec-
tional design limits our ability to infer causality, and
future longitudinal studies could provide more robust
evidence for the predictors of compassion fatigue.
Additionally, the convenience sampling method, cou-
pled with a high proportion of female participants,
may introduce selection bias, reducing the model’s
applicability to more diverse populations. Future stud-
ies should aim for more balanced samples to improve
generalizability. Another limitation is the practical
application of the model in clinical settings, as col-
lecting psychological parameters in busy environ-
ments is challenging and may hinder implementation.
Additionally, relying on self-reported data introduces
potential biases, such as social desirability or recall
bias, which could affect the accuracy of measuring
compassion fatigue. Future research could explore
using more readily available, objective data to enhance
feasibility. Finally, cultural differences should be con-
sidered when applying this model internationally. The
predictors of compassion fatigue may vary across dif-
ferent healthcare systems, and further validation in
diverse settings is necessary to ensure the adaptability
of the model.

Conclusion

This study developed a machine learning-based model
for predicting compassion fatigue among nursing
interns, integrating demographic and work-related
characteristics and psychosocial variables. With strong
predictive accuracy, the model led to an online tool
that helps nursing educators and nursing administra-
tors identify at-risk students early. enabling targeted
interventions to improve well-being and learning out-
comes. The this model’s adaptability suggests potential
scalability for use across other nursing populations
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and settings, offering a broader approach for managing
compassion fatigue in various clinical and educational
contexts.
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