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Objective:Tis study aimed to construct interpretable machine learning models to predict family intimacy in cancer patients and
identify the most infuential predictors through SHAP-based analysis.
Methods: A total of 259 cancer patients were surveyed. Te data cleaning process involved handling missing values, normalizing
continuous variables, and applying one-hot encoding to categorical variables. Statistically signifcant sociodemographic variables
(age, marital status, education, and income) and psychosocial attributes (self-esteem and three resilience subdimensions: tenacity,
strength, and optimism) were selected using LASSO regression. Four regression models—gradient boosting (GB), random forest
(RF), XGBoost (XGB), and decision tree (DT)—were trained and evaluated using R2, mean-squared error (MSE), and mean
absolute percentage error (MAPE).SHapley Additive exPlanations (SHAP) was used to interpret the GB model.
Results:TeGBmodel achieved the best predictive performance (R2 � 0.6985, MSE� 0.2405), followed by XGB (R2 � 0.6794), RF
(R2 � 0.6653), and DT (R2 � 0.5912). SHAP analysis revealed that psychological variables—tenacity, strength, and self-
esteem—were the most infuential predictors, all exerting strong positive efects. Age group and education showed moderate
impact, while income, gender, and marital status contributed minimally.
Conclusion: Gradient boosting ofers a robust and interpretable framework for predicting family intimacy in cancer patients.
Positive psychological resources—especially resilience and self-esteem—outperform traditional demographics as a predictive
foundation, highlighting their clinical signifcance in survivorship care planning.

Keywords: cancer patients; family intimacy; gradient boosting; machine learning; psychosocial predictors; resilience; self-esteem;
SHAP

1. Background

Family intimacy—a central element of family functio-
ning—refers to the emotional bond, support, and closeness

that family members experience [1]. In the context of
chronic illness, particularly cancer patients, family intimacy
not only facilitates emotional coping but also contributes to
treatment compliance, psychological resilience, and overall
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quality of life [2, 3]. Patients who perceive strong emotional
connections with family members tend to demonstrate
higher levels of hope, reduced distress, and better adjust-
ment to cancer-related challenges [4, 5].

However, the cancer experience can simultaneously
pose serious threats to family cohesion. Te burden of
treatment on the body, coupled with fnancial and care-
giving burdens, often disrupts communication patterns
and amplifes stress within the household [6, 7]. Tis is
especially pronounced among older or low-income pa-
tients, who may face greater vulnerability to isolation or
emotional disconnection [8, 9].

To conceptually ground this study, the Family Systems
Teory provides a relevant theoretical lens. Tis theory
posits that family members are interdependent, and changes
in one member’s emotional or health status inevitably in-
fuence the broader family dynamic [10]. Within oncology
contexts, cancer-related stress can reshape family roles,
emotional exchanges, and coping processes, ultimately af-
fecting levels of family intimacy.

Psychosocial factors have emerged as critical predictors
of family intimacy in oncology populations [2, 11]. Among
them, self-esteem and resilience are particularly infuential.
Self-esteem [12], a relatively stable psychological trait, un-
derpins one’s sense of worth and ability to maintain
meaningful relationships, and has been positively correlated
with warmth, trust, and interpersonal sensitivity. Resilience
[13], conceptualized as the ability to adapt and recover from
adversity, is often divided into dimensions such as tenacity,
strength, and optimism. Studies have shown that higher
resilience levels bufer against depression [14] and enhance
patients’ capacity to engage in and sustain intimate family
interactions [15].

Despite these fndings, the interplay between socio-
demographic and psychological variables infuencing family
intimacy remains insufciently understood, particularly
when accounting for interactive and nonlinear efects.
Traditional linear regression models are often limited in
their ability to handle multicollinearity, interaction efects,
and nonlinear relationships—issues frequently encountered
in real-world clinical data [16–18]. In contrast, machine
learning (ML) techniques are data-driven, fexible modeling
approaches capable of capturing complex, high-dimensional
patterns without strict distributional assumptions [19, 20].

Among various ML strategies, supervised regression
models such as random forest (RF), gradient boosting,
XGBoost, and decision trees have demonstrated superior
predictive accuracy in clinical and psychological
research [20].

Similar advanced ensemble and XGBoost-based pre-
dictive approaches have demonstrated efectiveness in
identifying high-risk subgroups and improving decision-
making in other complex system domains, such as con-
struction safety risk assessments and BIM-based diagnostic
modeling [21, 22], further reinforcing the value of ML for
early identifcation and targeted intervention.

However, there remains a signifcant research gap: the
application of interpretable ML approaches to predict
psychosocial outcomes—such as family intimacy—in

oncology populations is still limited. Existing studies rarely
incorporate model interpretability to translate predictive
patterns into clinically meaningful insights.

To address this gap, this study leverages SHapley Ad-
ditive Explanations (SHAP) to elucidate feature-level con-
tributions, allowing transparent interpretation of ML
predictions. Prior studies in other applied domains have
shown that combining predictive analytics with model-
agnostic interpretability enhances transparency and sup-
ports actionable, context-specifc decision-making [23],
highlighting the importance of interpretability in evidence-
based practice. Such interpretability is crucial for translating
computational results into personalized psychosocial care
plans that are actionable for clinicians.

Importantly, the ability to predict family intimacy ofers
substantial clinical value. In real-world oncology care,
healthcare professionals rarely have the time or resources
to conduct in-depth psychosocial assessments for every
patient [24, 25]. An accurate predictive model could allow
clinicians to identify individuals at risk—even in the ab-
sence of direct assessment—and prioritize them for early
psychosocial support or family-centered interventions
[26, 27].

Accordingly, this study aims to:

1. examine the relative contributions of sociodemo-
graphic and psychological factors to family intimacy
in cancer patients using multiple ML models;

2. compare the predictive performance of four popular
algorithms (RF, gradient boosting, XGBoost, and
decision tree); and

3. employ SHAP-basedmodel interpretability to identify
the most infuential predictors and provide clinically
relevant explanations.

Te ultimate goal is to provide data-driven and theo-
retically informed insights that guide targeted psychosocial
interventions and enhance family-centered oncology care.

2. Methods

2.1. Study Design and Participants. Tis study adopted
a cross-sectional design to explore the predictive value of
psychosocial variables on family intimacy and to compare
the performance of multiple ML regression models in this
context. A total of cancer patients were recruited from
a tertiary oncology hospital using convenience sampling,
primarily from the gastrointestinal oncology ward. Partic-
ipants were diagnosed with various gastrointestinal cancers,
including esophageal, gastric, liver, pancreatic, and co-
lorectal cancers. While we were able to collect data on
disease stages (e.g., early, advanced), treatment stage in-
formation (curative vs. palliative) was not collected due to
variations in treatment protocols. Tis limitation will be
addressed in future studies. Inclusion criteria were (1) age ≥
18 years; (2) ability to understand and complete the ques-
tionnaires independently; and (3) informed consent pro-
vided voluntarily. Patients with (1) severe psychiatric or
cognitive disorders or (2) questionnaires with more than
20% missing responses were excluded.
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Tis study was reviewed and approved by the Ethics
Committee of Peking University Cancer Hospital (Approval
No.: 2023KT17). Participation is completely voluntary. All
participants signed an informed consent form and guar-
anteed that their personal information would be kept
confdential and used only for research purposes.

2.2. Sample Size Estimation. Following established guidance
for prediction model development [28], sample size esti-
mation considered both model complexity and the precision
required for regression coefcients. Specifcally, at least
10–15 observations per predictor variable are generally
recommended to minimize overftting and ensure model
reliability. With 10 predictors in the fnal model, the min-
imum required sample size was estimated to be 100–150
participants. To further account for potential data loss due to
missing responses and to maintain adequate statistical
power for internal validation, an additional 20% was added,
resulting in a target of approximately 180 cases [29]. Te
fnal dataset comprised 259 complete cases after data
cleaning, exceeding the calculated requirement and thereby
supporting robust model estimation, sufcient power, and
reliable cross-validation performance.

2.3. Instruments

2.3.1. Demographic and Sociological Situation Questionnaire.
Te questionnaire designed by the researchers after the
literature review and discussion was adopted, including 12
items: age, age group, disease stage, occupation, gender,
marital status, income, payment method of medical ex-
penses, primary caregiver, educational level, understanding
of the disease, and presence or absence of cancer pain.

2.3.2. Family Intimacy Scale (FES-CV Intimacy Subscale).
Family intimacy was measured using the intimacy subscale
of the Chinese version of the Family Environment Scale
(FES-CV) [30], revised by Shen et al. in 1991. Te scale
includes nine items scored on a 5-point Likert scale ranging
from 5 (“strongly agree”) to 1 (“strongly disagree”), with the
frst three items reverse-coded. Te total score ranges from 9
to 45, with higher scores refecting greater perceived family
intimacy. Previous studies have reported Cronbach’s α
values consistently above 0.90 for this subscale [31, 32].
Cronbach’s α for this subscale in this study was 0.94,
demonstrating excellent internal consistency. Te Chinese
version of the FES also showed satisfactory construct val-
idity, with a KMO value of 0.954 and signifcant Bartlett’s
test results (χ2 �1603.801, df� 36, p< 0.001) in this study.

2.3.3. Self-Esteem Scale (SES). Self-esteem was assessed
using the Chinese version of the Rosenberg SES [33], which
contains 10 items. Each item is rated on a 4-point Likert scale
ranging from 1 (“strongly disagree”) to 4 (“strongly agree”).
Total scores range from 10 to 40, with higher scores in-
dicating greater trait self-esteem. Te scale has shown good
reliability in Chinese populations, with Cronbach’s α≥ 0.80

[34]. Cronbach’s α for the SES scale in this study was 0.94,
indicating strong internal reliability. Furthermore, the factor
structure showed strong construct validity, with a KMO
value of 0.958 and signifcant results in Bartlett’s test
(χ2 �1732.282, df� 45, p< 0.001) in this study.

2.3.4. Connor–Davidson Resilience Scale (CD-RISC, Chinese
Version). Resilience was measured using the Chinese ver-
sion of the CD-RISC [35], which contains 25 items across
three dimensions: tenacity, strength, and optimism. Items
are rated on a 5-point Likert scale (0� “never true” to
4� “almost always true”), yielding total scores ranging from
0 to 100. Higher scores indicate greater resilience, and scores
are categorized as follows: < 60� poor, 61–69�moderate,
70–79� good, ≥ 80� excellent. Previous studies have re-
ported Cronbach’s α values consistently above 0.80 [36, 37].
In this study, Cronbach’s α for the tenacity dimension was
0.965, for the strength dimension was 0.945, and for the
optimism dimension was 0.906. Te Chinese version of the
CD-RISC demonstrated good construct validity, as evi-
denced by a KMO value of 0.965 and signifcant Bartlett’s
test results (χ2 � 5538.451, df� 300, p< 0.001) in this study.

2.4. Data Collection Procedures. All investigators received
standardized training from the research team and were
required to follow a unifed standard operating procedure to
ensure questionnaire standardization and consistency across
data collectors. Eligible participants were approached during
hospitalization and were provided with detailed verbal and
written explanations of the study purpose and procedures.
After obtaining written informed consent, participants
completed the paper-based questionnaire independently in
a quiet environment, with investigators available to clarify
any questions if necessary.

To ensure inter-rater reliability, questionnaires were
reviewed on-site for completeness and logical consistency,
including internal logic checks (e.g., reverse-coded items or
inconsistent responses) to identify potentially invalid or
careless answers. Outliers or implausible values identifed
during this process were examined by the research team and
removed only when they could not be verifed against source
data, following predefned exclusion criteria to maintain
data integrity.

Questionnaires showing uniform or repetitive response
patterns were excluded, as were those with more than 10%
overall missing data or with over 40% missing values within
any individual scale section. All valid questionnaires were
double-entered independently by two researchers into
a secure database, and discrepancies were resolved through
comparison to ensure data accuracy.

2.5. Data Analysis

2.5.1. Data Preprocessing on the Model. Data preprocessing
was conducted following a standardized workfow to ensure
data quality and model reliability. Te main steps are
summarized below:
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1. Predictor Selection and Statistical Screening
A two-step screening process was used to identify
predictive variables. First, the least absolute shrinkage
and selection operator (LASSO) regression was ap-
plied using the Python scikit-learn package to address
multicollinearity and perform automatic variable
selection. Te optimal regularization parameter (λ)
was determined through a 10-fold cross-validation
based on the minimum MSE [38]. Second, the
Pearson correlation analysis was performed to ex-
amine relationships between family intimacy and key
psychological variables (self-esteem and resilience).

2. Data Cleaning and Imputation
Missing values were handled using mean imputation,
which provides a straightforward approach for
maintaining dataset completeness and avoiding case
deletion. Tis choice was justifed given the small
proportion of missing data (< 5%) and the continuous
nature of most predictors. However, we acknowledge
that more robust imputation techniques (e.g., K-
nearest neighbors or multiple imputation) could be
adopted in future studies to further improve esti-
mation accuracy [39].

3. Outlier Detection and Treatment
Outliers were defned as data points exceeding ±3
standard deviations from the mean or showing clear
inconsistency upon logical inspection. Such cases
were examined against the original records and ex-
cluded only if confrmed as data entry or measure-
ment errors [40].

4. Data Transformation
Categorical variables were converted using one-hot
encoding, and all numerical variables were stan-
dardized (mean� 0, SD� 1) using the StandardScaler
method to improve convergence and comparability
across predictors.

5. Data Splitting and Cross-Validation
Te dataset was randomly divided into training (80%)
and testing (20%) subsets using stratifed sampling to
preserve the distribution of the dependent variable
(family intimacy).

A 5-fold cross-validation was used within the training set
for model tuning and validation, ensuring fold consistency
and minimizing performance bias.

Note: As this study focused on a regression task in-
volving continuous outcomes, no oversampling or class
balancing techniques were applied [41].

2.5.2. ML Modeling Procedure. All modeling procedures
were implemented in Python within the PyCharm 2021
environment [42].

Four regression algorithms were compared for pre-
dicting family intimacy: RF, gradient boosting regressor
(GBR), Extreme Gradient Boosting (XGBoost), and De-
cision Tree Regressor (DTR). Hyperparameters were opti-
mized using grid search with 5-fold cross-validation. Model

performance was evaluated using R2, MSE, and mean ab-
solute percentage error (MAPE). Model interpretability was
assessed via SHAP analysis, and robustness was examined
through residual, Q–Q, and prediction–observation plots.

3. Results

3.1. Variable Selection Using LASSO Regression. Te score of
family intimacy among cancer patients was 28.58± 8.20.

To identify key predictors of family intimacy among
cancer patients, Figure 1 displays the coefcient path plot,
which illustrates the trajectories of standardized regression
coefcients as the regularization penalty (lambda) increases.
As lambda increased, coefcients of less relevant variables
shrank to zero, ensuring model parsimony and reducing the
risk of overftting.

Figure 2 shows the 10-fold cross-validation results,
where the MSE reached its minimum at the optimal lambda
value (log λ≈−4). Tis point was selected for the fnal model
to balance predictive accuracy and variable sparsity.

Te fnal model retained 10 nonzero coefcient pre-
dictors: gender, age, age group, education level, marital
status, and family income. Teir respective coefcients are
shown in Table 1. Among them, “age group” (β� 0.4375)
had the largest absolute coefcient, suggesting stronger
discriminative power, followed by “Gender” (β� 0.1741)
and “Optimism” (β� 0.1688). Tese variables were sub-
sequently used as input features for ML model
development.

3.2. Predictive Performance of ML Models. In the univariate
analysis, the statistically signifcant indicators and the in-
dicators with signifcant correlations were taken as in-
dependent variables, and family intimacy was taken as the
dependent variable. To evaluate the predictive capability of
diferent algorithms in estimating family intimacy, then four
regression models—random forest (RF), gradient boosting
(GB), XGBoost (XGB), and decision tree (DT)—were
constructed. Figure 3 shows the predicted and actual family
intimacy values on the test dataset. Among all models, the
prediction curves of GB and RF align most closely with the
actual family intimacy values, suggesting better ft. (Te
summary of the model evaluation indicators can be found in
Supporting Information 1).

Figure 4 presents scatter plots of predicted versus actual
family intimacy for each model. All scatter points cluster
near the ideal diagonal line (in red), indicating good overall
prediction performance. Te GB model exhibits the highest
point concentration around the diagonal, refecting superior
predictive precision.

Te residual histograms (Figure 5) show that the re-
siduals of all models approximately follow a normal dis-
tribution. Te GB model demonstrates the highest kurtosis
with residuals more concentrated around zero, implying
higher accuracy. Figure 6 presents residual boxplots, where
GB and XGB show median values close to zero with fewer
outliers, suggesting better model robustness and lower
variance.
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In Figure 7, prediction intervals for each model
are visualized, highlighting the overlap between predicted
and actual values. Te GB model displays more stable
and narrow confdence intervals (±0.9551), further con-
frming its high reliability. By contrast, the DT model
shows wider intervals (±1.1190), indicating lower pre-
diction certainty.

Figure 8 illustrates the residuals plotted against predicted
values. All four models show random residual patterns
without apparent heteroscedasticity, satisfying regression
assumptions. In Figure 9, Q–Q plots of residuals confrm
normality, particularly for GB and XGB, whose points ad-
here closely to the theoretical diagonal.

Aggregated model performance metrics are summarized
in Supporting Information 2. GB achieved the highest R2

value (0.6985), lowest MSE� 0.2405, and lowest
MAPE� 0.1320 outperforming RF (R2 � 0.6653,
MAPE� 0.1424), XGB (R2 � 0.6794, MAPE� 0.1270), and
DT (R2 � 0.5912, MAPE� 0.1454). Tese results consistently
demonstrate that the GB model ofers the best overall
performance, combining high predictive accuracy with
model stability.

3.3. Feature Importance Analysis. We employed SHAP
analysis based on the optimal GB model. As illustrated in
Figure 10, the features with the greatest impact on family
intimacy prediction were psychological resilience-related
dimensions and self-esteem. Specifcally, tenacity,
strength, and self-esteem exhibited the highest SHAP value
distributions and exerted consistent positive efects on the
model output. Higher values in these attributes were asso-
ciated with higher predicted levels of family intimacy. Tese
fndings underscore the importance of internal psycholog-
ical strengths in maintaining and fostering close family
relationships.

Te average absolute SHAP value rankings (Figure 11)
provide a clearer picture of relative feature contributions.
Te top three predictors—tenacity, strength, and self-
esteem—demonstrated substantially higher importance
scores than other variables, forming the core predictor
cluster. Tese were followed by age group and actual age,
suggesting that both developmental stage and chronological
age contribute moderately to model predictions. Education
level and optimism ranked next, indicating that cognitive
resources and positive afectivity play auxiliary roles. At the
lower end of the spectrum were gender, family income, and

Table 1: Predictors of family intimacy selected by LASSO
regression.

Nonzero coefcient variable
Variable name Coefcient
Gender 0.17410790
Age 0.01012923
Age group 0.43745522
Education level 0.16514127
Married 0.02092318
Family Income 0.08213909
Self-esteem 0.16016174
Tenacity 0.13402763
Strength 0.13360108
Optimism 0.16883456

Sample index
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marital status, which showed minimal predictive power in
the current dataset.

Tis gradient of feature importance refects a broader
trend: psychological capital variables outweighed traditional
sociodemographic indicators in determining family
intimacy.

(Supporting Information 3 shows SHAP dependence
plots for top features to explore interaction efects.)

4. Discussion

4.1. Summaryof Findings andModel Performance. Tis study
provides an overview of how interpretable ML can identify
cancer patients at risk of low family intimacy. Psychological
strengths—particularly self-esteem and resilience—emerged
as the most infuential predictors, outweighing demographic
factors. Among the four tested algorithms, GB demonstrated
the best performance, with XGBoost following closely,
confrming the reliability of ensemble-based models for
psychosocial prediction. Integrating SHAP interpretation
enhanced transparency, showing that psychological factors
contributed substantially more to the model’s predictions
than demographic variables. Collectively, these fndings

demonstrate the promise of explainable ML as a practical
screening approach to support early psychosocial in-
tervention in oncology.

4.2. Self-Esteem and Resilience as Dominant Predictors.
Te prominence of self-esteem and resilience aligns with
Family Systems Teory, which posits that intrapersonal
strengths infuence the adaptive functioning of the entire
family system.

Consistent with previous studies, high self-esteem is
linked to emotional regulation, openness to support, and
lower interpersonal withdrawal, enabling patients to sustain
close relationships even under cancer-related stress [43–46].
Resilience—particularly tenacity and strength—facilitates
emotional recovery, promotes constructive communication,
and reinforces mutual support, fndings comparable to
previous oncology research [15]. Importantly, our results
extend this literature by demonstrating that these psycho-
logical resources are not merely outcomes of adjustment but
serve as predictive mechanisms of family intimacy, refecting
a feedback process emphasized in systemic family
theories [47].

Random Forest-true vs predicted scatter plot GradientBoosting-true vs predicted scatter plot
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4.3. Demographic Moderators and Sociostructurally
Implications. SHAP-based interpretation of the optimal GB
model revealed that sociodemographic factors contributed
modestly to predictions of family intimacy, with their efects
being secondary to psychological variables.

Among the six demographic predictors examined—
age, age group, gender, income, marital status, and ed-
ucation level—age-related variables demonstrated rela-
tively higher SHAP values but remained moderate overall.
Tis pattern suggests that developmental stage and life
roles may infuence relational dynamics only to a limited

extent, consistent with prior research emphasizing the
transitional nature of intimacy across life phases [48, 49].
Education level emerged as a weak predictor of family
intimacy. While education is generally associated with
better communication and emotional regulation, its direct
efect on familial closeness may be constrained in the
context of serious illness, where collective coping rather
than individual expression becomes central [50, 51]. Tis
result may also refect cultural particularities in Chinese
family systems. In collectivist cultures, intimacy is often
rooted in relational obligations, interdependence, and
shared emotional endurance rather than personal
achievement or educational attainment [52]. Within this
context, family harmony and mutual support are main-
tained through emotional reciprocity—a process consis-
tent with Family Systems Teory, which emphasizes the
dynamic balance between individual adaptation and
collective functioning.

Marital status, surprisingly, showed the weakest pre-
dictive power, challenging the conventional notion that
spousal ties are the foundation of family intimacy [53]. Tis
fnding implies that the quality of emotional connection,
rather than formal family structure, plays a more critical role
in sustaining intimacy when families confront chronic ill-
ness. Similarly, gender and income exhibited low SHAP
values, indicating a limited explanatory value once psy-
chological resources were accounted for.

Random Forest-residual distribution GradientBoosting-residual distribution

DecisionTree-residual distribution
XGBoost-residual distribution
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Tese results collectively underscore that in Chinese
oncology families, internal psychological strengths and re-
lational interdependence are more decisive for maintaining
family intimacy than external demographic attributes.

4.4. Methodological Innovations: Explainable AI in Psycho-
social Oncology. A notable strength of this study is its use of
SHAP-based interpretability to overcome the “black box”
limitations of ML [54]. In clinical settings, the lack of
transparency in AI-driven predictions has hampered
adoption. SHAP enables the assignment of individualized
contributions of each variable to each prediction, enabling
clinicians to understand not only what is predicted but why
[55]. For example, a low family intimacy score can be di-
rectly linked to low resilience and high income instability in
specifc patients, ofering immediate clinical insights. While
SHAP improved model transparency, it also presents lim-
itations. Te additive nature of SHAP values does not
capture higher-order feature interactions unless explicitly
modeled. Tus, while SHAP enhances interpretability, it

should be complemented by interaction analyses or hier-
archical modeling to fully understand complex psychosocial
relationships.

Nevertheless, its ability to assign feature-level impor-
tance and visualize individualized predictions remains
a valuable step toward interpretable AI in psycho-oncology
[56]. Te results of the SHAP underscore the potential of
explainable ML to support targeted psychosocial in-
terventions for improving family intimacy in cancer
patients.

4.5. Clinical Relevance: Informing Targeted Interventions.
Te fndings of this study provide important implications
for psycho-oncological practice by demonstrating how
interpretable ML can complement traditional psychoso-
cial assessment. Family intimacy, long recognized as
a protective factor for adjustment, treatment adherence,
and quality of life [4, 57], can now be evaluated not only
through self-report instruments but also via predictive
modeling that identifes patients at risk for relational
strain. Te model’s predictive function ofers clinicians
a screening mechanism for early detection of patients
exhibiting psychosocial vulnerability. For example, pa-
tients with low predicted intimacy scores driven by low
resilience or low self-esteem can be proactively referred
for targeted psychological services even before overt
distress is reported.

From a practical standpoint, the model could be em-
bedded into routine electronic health records (EHRs) or
patient management systems, allowing real-time risk
stratifcation during oncology visits. Such integration would
enable multidisciplinary teams—oncologists, nurses, and
psychologists—to coordinate timely family-centered in-
terventions without increasing the clinical workload.

Interventions aimed at strengthening self-esteem and
resilience—such as cognitive–behavioral therapy, resilience-
building workshops, and family-based psychoeducation
[58–60]—may be prioritized for those fagged by the model
as high risk.
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Moreover, the SHAP interpretability framework pro-
vides individualized insight, helping clinicians explain to
patients and families why specifc psychosocial dimensions
contribute to risk, thereby enhancing communication and
patient engagement. Future applications may extend beyond
oncology to other chronic disease contexts where family
dynamics infuence coping and recovery. By integrating
predictive analytics with person-centered care, this approach
bridges data science and clinical psychology, moving toward
a precision psychosocial model of healthcare delivery.

5. Limitations and Future Prospects

Tis study has several limitations. First, the cross-sectional
design limits our ability to infer causal relationships between
psychosocial factors and perceived family intimacy. Te
potential for overftting still existed despite cross-validation.
Inability to capture temporal or dynamic changes in family
intimacy. Second, although the sample size met the mini-
mum requirements for ML modeling, it remains relatively
modest. Tis may restrict the generalizability of the fndings
to broader cancer populations with diverse clinical and
demographic characteristics. Because participants were
recruited via convenience sampling at a single tertiary
center, selection bias and limited representativeness are
possible. Tird, while SHAP analysis enhances model in-
terpretability, it does not capture potential interaction efects
between features unless explicitly modeled. As such, syn-
ergistic relationships between psychosocial variables—such
as how resilience and self-esteem might jointly infuence
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intimacy—may be underestimated. Lastly, this study focused
solely on structured data and lack of unstructured data;
incorporating unstructured data sources such as narrative
texts or audio interviews may further enrich model per-
formance and contextual insight into future research.

Future studies should involve longitudinal follow-up and
consider stratifed or quota sampling across cancer types and
treatment stages to enhance generalizability. In subsequent
applied research, when the ML model be integrated into
clinical workfows, EHRs, the ethical risks in clinical de-
ployment of predictive models (bias, data privacy) should
also not be overlooked. It is necessary to strengthen clinician
training on information systems to promote model accep-
tance and ensure the smooth advancement of the system.
Additionally, further collecting real-world data will optimize
the model, thereby better addressing bias issues in predictive
models, particularly considering variations brought about by
demographic variables.

6. Conclusion

Tis study applied four interpretable ML models to predict
perceived family intimacy among cancer patients. Among
the four models tested, the GB algorithm demonstrated the
highest predictive accuracy and robustness. SHAP analysis
revealed the dominant role of resilience and self-esteem in
prediction. Tese fndings highlight the critical role of in-
ternal psychological strengths in improving family re-
lationships within the cancer context and provide clinical
practice guidelines for targeted screening of low family
intimacy and intervention research. Future research should
incorporate longitudinal designs, larger and more diverse
samples, and multimodal data sources, and conduct applied
research to integrate it into clinical practice, so as to optimize
and enhance its applicability.
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