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Background: In the context of embodied cognition and psychosomatic medicine, predicting post-treatment depression in elderly 
patients with knee osteoarthritis (KOA) is critical for improving psychological outcomes. While regression analysis is widely used in 
longitudinal medical studies, the optimal model for forecasting complex psychosomatic changes remains unclear.
Objective: This study compared the predictive performance of five regression models in estimating post-treatment depression (D2) 
among elderly KOA patients, considering variables such as gender, age, pain, anxiety, sleep quality, and baseline depression.
Methods: A total of 106 elderly KOA patients from the Affiliated Hospital of Southwest Medical University were assessed before and 
after treatment (September 2023 to February 2024). Psychological and physical metrics included the Visual Analog Scale (VAS), Beck 
Anxiety Inventory (BAI), Geriatric Depression Scale (GDS), and Pittsburgh Sleep Quality Index (PSQI). Five regression techniques— 
non-negative linear regression, stochastic gradient descent (SGD), AdaBoost, Random Forest, and Gradient Boosting Decision Trees 
(GBDT)—were evaluated using R², mean squared error (MSE), and mean absolute error (MAE). Bootstrap resampling and the 
Kruskal–Wallis test were applied to ensure robustness and compare model coefficients.
Results: Random Forest regression achieved the highest performance (R² = 0.687, MSE = 0.589, MAE = 0.785), followed by 
AdaBoost. Post-treatment anxiety and sleep quality emerged as the strongest predictors. All models showed acceptable multi
collinearity (VIF < 10), and Kruskal-Wallis results suggested no significant differences in coefficients across models.
Conclusion: Random forest regression outperformed other models in predicting depression after KOA treatment, demonstrating its 
strength in capturing complex nonlinear relationships. However, the study’s relatively small sample size and predominantly female 
cohort may limit generalizability. Future research with larger and more diverse samples is recommended to validate these findings.
Keywords: knee osteoarthritis, post-treatment depression, psychosomatic outcomes, regression models, random forest, elderly 
patients, longitudinal analysis

Introduction
Regression analysis is widely used in disciplines such as medicine and psychology, and its importance is particularly 
prominent when dealing with longitudinal research data.1–3 Longitudinal studies, which involve multiple measurements 
of variables from the same group over time, reveal the dynamic relationships between variables as they change, providing 
a vital statistical tool for understanding complex causal relationships. In medical research, regression analysis is 
employed to predict disease progression, evaluate treatment outcomes, and explore associations between risk factors 
and health outcomes.3,4 In psychological research, regression analysis is often used to examine relationships between 
psychological states, behaviors, and environmental factors, helping researchers derive meaningful conclusions from large 
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datasets.5 Despite the extensive use of regression models in both medical and psychological research, the optimal 
regression approach for predicting psychosomatic outcomes in patients with knee osteoarthritis (KOA) remains unclear.

Meanwhile, growing attention has been paid to embodied cognition and psychosomatic medicine in the treatment of 
chronic diseases. In current hospital applications, the background of embodied cognition and psychosomatic medicine is 
increasingly valued, especially in the treatment of chronic diseases and mental health issues.6,7 The theory of embodied 
cognition highlights the central role of the body in cognitive and emotional regulation. Hospitals are starting to design more 
personalized and holistic treatment plans by considering not only patients’ physical responses, emotional states, and 
cognitive processes but also how these factors interact.8,9 For example, in the treatment of elderly patients with chronic 
pain, knee osteoarthritis (KOA), or depression, doctors not only focus on medication and surgery but also incorporate 
physical exercises, relaxation techniques, and cognitive-behavioral therapy to help patients improve their physical condition, 
which in turn promotes emotional and psychological health.10 Psychosomatic medicine further emphasizes the interaction 
between mental and physical health, recognizing the impact of psychological factors on the onset and treatment of diseases.11 

This approach has led to the use of psychological interventions, meditation, and breathing exercises in hospitals to help 
patients manage psychological stress, improve quality of life, and enhance overall treatment outcomes. Previous studies have 
typically focused on the application of individual regression techniques in clinical prediction tasks. However, few studies 
have conducted a comparative analysis of multiple regression models specifically in the context of post-treatment psycho
logical outcomes among elderly KOA patients. This lack of comparison represents a significant gap in the current literature.

However, such psychosomatic processes are complex and may involve nonlinear and interactive effects across 
multiple domains. Regression models that can effectively capture these patterns are crucial for understanding and 
predicting post-treatment mental health outcomes. Different types of regression methods have their own strengths and 
weaknesses when handling longitudinal data.12,13 Linear regression is the simplest method and is suitable for exploring 
linear relationships between variables. However, when dealing with longitudinal data, it may result in biased outcomes 
due to its neglect of time dependence.14–16

In contrast, non-parametric methods such as random forest regression and gradient boosting decision tree (GBDT) 
can capture more complex nonlinear relationships.17–19 Although these methods excel in predictive accuracy, they may 
fail to fully account for the dynamic characteristics of time series in longitudinal studies due to their lack of time 
dependency mechanisms.20,21 Similarly, AdaBoost regression improves prediction performance by combining multiple 
weak learners, but its neglect of time dependence also limits its application in longitudinal research.22,23 Thus, selecting 
an appropriate regression method to analyze longitudinal data, especially in the presence of complex time effects, is a key 
challenge for researchers.24,25 Despite extensive applications of regression analysis in medical and psychological 
research, the optimal regression model for predicting psychosomatic outcomes in KOA patients remains unclear.

Previous studies have shown that KOA patients not only suffer from physical pain but also frequently experience 
depression, anxiety, and sleep disorders.10,26–28 Factors such as gender, age, anxiety, depression, pain, and sleep quality 
all influence the post-treatment depression of elderly knee osteoarthritis (KOA) patients.26–30 Based on the impact of 
these factors on patients’ post-treatment depression, this study aims to compare several common regression methods to 
evaluate their strengths and weaknesses in such research, assess their predictive performance, and further validate 
previous conclusions.

Therefore, this study aims to systematically compare the predictive performance of five commonly used regression 
models—non-negative linear regression, stochastic gradient descent, AdaBoost, random forest, and GBDT—in forecast
ing post-treatment depression among elderly KOA patients. By examining their accuracy, error rates, and coefficient 
patterns, we aim to identify the most suitable model for capturing psychosomatic dynamics in longitudinal clinical data 
and to provide guidance for future psychosomatic research involving predictive modeling.

Research Design and Methods
Instruments
This study employed multiple scales to assess the psychological and physiological states of elderly knee osteoarthritis 
(KOA) patients.
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First, pain intensity was measured using the Visual Analog Scale (VAS), a widely used clinical tool for pain 
assessment. Patients indicated their pain levels on a horizontal line, with scores ranging from 0 (no pain) to 10 (severe 
pain). The VAS has demonstrated good reliability and validity, making it a quick and accurate measure of subjective pain 
experience.31–33

Anxiety was assessed using the Beck Anxiety Inventory (BAI), developed by Beck et al to measure the severity of 
various anxiety symptoms. The BAI exhibits high internal consistency, with Cronbach’s alpha ranging from 0.92 to 0.94, 
and possesses good convergent and discriminant validity, making it suitable for evaluating anxiety in elderly patients.34,35

Depressive symptoms were measured using the Geriatric Depression Scale (GDS), specifically designed for the 
elderly and sensitive to the core symptoms of depression in older adults. The GDS has high internal consistency and test– 
retest reliability, with Cronbach’s alpha between 0.88 and 0.94, demonstrating its effectiveness in screening for 
depression among the elderly.36,37

Sleep quality was evaluated using the Pittsburgh Sleep Quality Index (PSQI), which includes 19 items divided into 7 
components to provide a comprehensive assessment of the patient’s sleep status over the past month. The PSQI has good 
internal consistency (Cronbach’s alpha = 0.83) and test–retest reliability (0.85) and is widely used in studies on sleep 
disorders and psychological health.38,39

Sample and Data Collection
The study sample consisted of knee osteoarthritis (KOA) patients hospitalized in the Department of Orthopedics and 
Traumatology at the Affiliated Hospital of Southwest Medical University in Luzhou, China, between September 2023 
and February 2024. Inclusion criteria were patients aged over 55 years, with clear consciousness, and able to complete 
the questionnaire independently. Exclusion criteria included patients with severe internal diseases, major trauma, or 
hospital stays of less than 7 days or more than 30 days.

A total of 234 patients were initially screened for eligibility. Of these, 144 patients met the inclusion criteria and 
completed the pre-treatment survey, resulting in a response rate of approximately 61.5%. During the follow-up period, 106 
patients completed the post-treatment survey, indicating a follow-up rate of 73.6%. The primary reasons for non- 
participation in the follow-up included refusal to continue (10 patients) and loss to follow-up due to discharge or transfer 
(28 patients). Missing data were handled using multiple imputation methods to ensure the robustness of the analysis. All 
participants provided informed consent before participation. Missing data were handled using Multiple Imputation by 
Chained Equations (MICE), implemented in SPSS 26.0. Five imputed datasets were generated and pooled to ensure stable 
estimation. The imputation model included all variables used in the analysis to maintain consistency and reduce bias.

Data Processing and Regression Model Selection
Data Cleaning and Standardization
Before data analysis, the raw data were cleaned and standardized using SPSS 26.0. First, missing data and outliers were 
removed to ensure data integrity and accuracy. Then, all variables were standardized to eliminate differences in 
measurement scales, making the regression analysis more comparable. All continuous variables were standardized 
using z-score normalization, where each variable was transformed to have a mean of 0 and a standard deviation of 1. 
This was done to ensure that all predictors were on a comparable scale, minimizing bias in model training caused by 
differing units of measurement.

Correlation and Collinearity Analysis
Before performing regression analysis, correlation analysis was conducted using SPSS 26.0 to examine the linear 
relationships between variables. Pearson correlation coefficients and variance inflation factors (VIFs) were calculated 
to assess potential collinearity issues and provide a foundation for subsequent regression analysis. In addition to 
calculating the Variance Inflation Factor (VIF) for each predictor, we also examined tolerance values and pairwise 
Pearson correlations. While no VIF exceeded the threshold of 10, variables with VIFs above 2.5 were further reviewed. 
No variable was removed due to collinearity, but we retained this analysis to ensure the robustness of coefficient 
estimation across models.
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Regression Model Selection and Evaluation
This study analyzed the influence of gender, age, pre-treatment pain, depression, anxiety, and sleep on post-treatment 
depression in elderly KOA patients using various regression models. Specifically, several regression methods were 
applied. Non-negative linear regression was implemented using the LinearRegression module in Python 3.7 (sklearn 
version 0.24), with the positive parameter set to True. Linear regression (SGD) and AdaBoost regression were 
implemented using the MLPRegressor module. Random forest regression was implemented using the 
RandomForestRegressor module, and GBDT regression used the GradientBoostingRegressor module. All models were 
implemented in Python 3.7 with sklearn version 0.24, and regression coefficients were tested using the Kruskal–Wallis 
test in R, with key coefficients further analyzed using Bootstrap methods.

Non-negative Linear Regression is a variant of linear regression that constrains the regression coefficients to non- 
negative values. This method is useful when the relationship between predictor and outcome variables is expected to be 
unidirectional (ie, increasing the predictor should increase the outcome). In psychological and medical research, non- 
negative linear regression prevents the occurrence of negative coefficients, which is crucial when interpreting certain 
practical issues.40

Linear Regression: As a fundamental regression method, linear regression is suitable for exploring linear relationships 
between variables. However, in longitudinal data, the time dependence of the data may cause the model to miss the 
dynamic changes in the time series. Therefore, residual analysis was conducted to ensure the model’s reasonable 
interpretation of the data.41–43

Random Forest Regression: This method enhances predictive ability by constructing multiple decision trees. Random 
forest performs well with high-dimensional and nonlinear data, but it lacks a mechanism for handling time dependence. 
To address this, lagged variables were introduced to better capture the characteristics of time series.44

AdaBoost Regression: AdaBoost is an ensemble learning method that improves prediction accuracy by weighting 
multiple weak learners. Although it performs well with complex data, it also lacks time-dependence handling. Therefore, 
lagged variables were similarly introduced to enhance its performance in longitudinal studies.23

Gradient Boosting Decision Tree (GBDT): GBDT offers high flexibility in handling nonlinear relationships, making it 
particularly suitable for datasets with complex interactions. However, as GBDT does not naturally handle time series, 
appropriate feature engineering was required to capture the time dynamics.45

Model Evaluation Criteria
Coefficient of Determination (R²): Measures the explanatory power of the model on data variation. The closer the R² 
value is to 1, the stronger the model’s explanatory power. However, R² is not sensitive to model complexity, so other 
metrics should be considered when comparing models.46

Mean Squared Error (MSE): Measures the average squared error between predicted and actual values. MSE is 
sensitive to large errors, highlighting significant deviations, but may amplify errors due to outliers.47

Mean Absolute Error (MAE): Calculates the average of the absolute errors between predicted and actual values. MAE 
provides an intuitive understanding of errors and is less sensitive to outliers than MSE, making it suitable for situations 
where all errors are treated equally.48

Results
Descriptive Statistics
In Table 1 and Figure 1, the variables involved in the study include gender (sex), age (age), pre-treatment pain (P1), pre- 
treatment depression (D1), pre-treatment anxiety (A1), pre-treatment sleep (S1), post-treatment pain (P2), post-treatment 
depression (D2), post-treatment anxiety (A2), and post-treatment sleep (S2).

The mean value for gender (sex) is 0.2642, indicating a higher proportion of females in the sample (Table 1). The 
skewness is 1.085, and the kurtosis is −0.838. The mean age of participants is 59.6415 years, with a median of 60 
(Table 1), suggesting a relatively concentrated age distribution (Figure 1). The skewness is −0.853, and the kurtosis is 
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0.849 (Table 1), indicating a relatively symmetrical age distribution with a slight negative skew (Figure 1), meaning that 
the sample contains a slightly higher proportion of middle-aged and elderly patients (Figure 1).

The mean pre-treatment pain score (P1) is 5.2075, with a median of 5 (Table 1), indicating that most patients 
experienced moderate levels of pain. The skewness is −0.564, and the kurtosis is 1.376, showing a fairly symmetrical 
distribution with a slight negative skew (Table 1). The mean pre-treatment depression score (D1) is 15.3208, with 
a median of 15 (Table 1), suggesting that patients had relatively high levels of depression. The skewness is −0.008, and 
the kurtosis is 0.424, indicating a symmetrical distribution (Table 1). The mean pre-treatment anxiety score (A1) is 
7.7358 (Table 1), with a median of 6, indicating relatively high anxiety levels. The skewness is 4.667, and the kurtosis is 
27.019, showing a highly positively skewed distribution with a significant number of extreme high scores. The mean pre- 
treatment sleep score (S1) is 1.8679, with a median of 2, suggesting poor sleep quality among patients. The skewness is 
−0.205, and the kurtosis is 0.505, indicating a symmetrical distribution (Table 1).

The mean post-treatment pain score (P2) is 2.6415, with a median of 2 (Table 1), indicating a significant reduction in 
pain after treatment. The skewness is 1.010, and the kurtosis is 0.568, showing a positively skewed distribution (as 
Table 1 and Figure 1). The mean post-treatment depression score (D2) is 10.1321, with a median of 11, indicating 
a decrease in depression levels (as Table 1 and Figure 1). The skewness is −0.234, and the kurtosis is −0.396, suggesting 
a symmetrical distribution (as Table 1 and Figure 1). The mean post-treatment anxiety score (A2) is 2.8113, with 

Table 1 Descriptive Statistics

Variable Valid N Missing Mean Median Std. 
Deviation

Variance Skewness Skewness Std. 
Error

Kurtosis Kurtosis Std. 
Error

Sex 106 0 0.26 0 0.44 0.19 1.09 0.24 −0.84 0.47

Age 106 0 59.64 60 13.05 170.33 −0.85 0.24 0.85 0.47

P1 106 0 5.21 5 1.57 2.45 −0.56 0.24 1.38 0.47

D1 106 0 15.32 15 4.67 21.82 −0.01 0.24 0.42 0.47

A1 106 0 7.74 6 8.89 79.26 4.67 0.24 27.02 0.47

S1 106 0 1.87 2 0.74 0.55 −0.21 0.24 0.51 0.47

P2 106 0 2.64 2 1.62 2.63 1.01 0.24 0.57 0.47

D2 106 0 10.13 11 4.46 19.89 −0.23 0.24 −0.4 0.47

A2 106 0 2.81 2 2.92 8.49 1.61 0.24 2.31 0.47

S2 105 1 1.27 1 0.75 0.56 −0.07 0.24 −0.53 0.47

Figure 1 Comparison of distributions at two time points. 
Notes: (A) is the time point 1 distribution; (B) is the time point 2 distribution; P1 is pre-treatment pain; D1 is pre-treatment depression; A1 is pre-treatment anxiety; S1 is 
pre-treatment sleep; P2 is post-treatment pain; D2 is post-treatment depression; A2 post-treatment anxiety; S2 is post-treatment sleep.
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a median of 2, showing a significant reduction in anxiety levels (as Table 1 and Figure 1). The skewness is 1.611, and the 
kurtosis is 2.311, indicating a highly positively skewed distribution (as Table 1 and Figure 1). The mean post-treatment 
sleep score (S2) is 1.2667, with a median of 1, indicating improved sleep quality. The skewness is −0.065, and the 
kurtosis is −0.532, showing a symmetrical distribution (as Table 1 and Figure 1).

Overall, the distribution shapes of most variables meet the necessary criteria, particularly for pre-treatment depres
sion, pre-treatment anxiety, and pre-treatment sleep, which show relatively symmetrical distributions. Therefore, stan
dardization of the data should be performed before further analysis. The treatment appears to be effective, and the overall 
distribution of the data is reasonable, allowing for subsequent statistical analysis.

Correlation Analysis
Gender showed a significant positive correlation with post-treatment pain (P2) (r = 0.213, p = 0.029) (as Table 2 and Figure 2), 
indicating that female patients had higher post-treatment pain scores. Gender was negatively correlated with age (r = −0.270, 
p = 0.005), suggesting that female patients were generally younger (as Table 2 and Figure 2). Age was significantly positively 
correlated with pre-treatment pain (P1) (r = 0.699, p < 0.001), pre-treatment depression (D1) (r = 0.507, p < 0.001), and pre- 
treatment anxiety (A1) (r = 0.428, p < 0.001), indicating that older patients scored higher on these pre-treatment variables. Age 
was negatively correlated with post-treatment sleep (S2) (r = −0.233, p = 0.017), suggesting that older patients had lower post- 
treatment sleep quality scores (as Table 2 and Figure 2).

Pre-treatment pain was significantly positively correlated with pre-treatment depression (D1) (r = 0.496, p < 0.001), pre- 
treatment anxiety (A1) (r = 0.582, p < 0.001), and pre-treatment sleep (S1) (r = 0.302, p = 0.002), indicating a close 
relationship between pain and depression, anxiety, and sleep quality (as Table 2 and Figure 2). Pre-treatment depression was 
significantly positively correlated with pre-treatment anxiety (A1) (r = 0.403, p < 0.001), pre-treatment sleep (S1) (r = 0.352, 
p < 0.001), and post-treatment pain (P2) (r = 0.201, p = 0.039), indicating a strong association between depression and anxiety, 
sleep quality, and pain (as Table 2 and Figure 2). Pre-treatment anxiety was significantly positively correlated with pre- 
treatment sleep (S1) (r = 0.311, p = 0.001) and post-treatment anxiety (A2) (r = 0.612, p < 0.001), indicating a close 
relationship between anxiety and sleep quality and subsequent anxiety levels (as Table 2 and Figure 2).

Pre-treatment sleep was significantly positively correlated with post-treatment sleep (S2) (r = 0.373, p < 0.001), 
suggesting strong consistency between pre-treatment and post-treatment sleep quality (as Table 2 and Figure 2). Post- 
treatment pain was significantly positively correlated with post-treatment depression (D2) (r = 0.351, p < 0.001) and post- 
treatment anxiety (A2) (r = 0.493, p < 0.001), indicating a close relationship between post-treatment pain and depression 
and anxiety (as Table 2 and Figure 2). Post-treatment depression was significantly positively correlated with post- 
treatment anxiety (A2) (r = 0.395, p < 0.001) and post-treatment sleep (S2) (r = 0.458, p < 0.001), indicating a close 
association between depression, anxiety, and sleep quality (as Table 2 and Figure 2). Post-treatment anxiety was 
significantly positively correlated with post-treatment sleep (S2) (r = 0.375, p < 0.001), suggesting a close relationship 
between anxiety and sleep quality (as Table 2 and Figure 2).

Table 2 Correlation Statistics

Sex Age P1 D1 A1 S1 P2 D2 A2 S2

Sex 1

Age −0.270** 1

P1 −0.162 0.699** 1
D1 −0.041 0.507** 0.496** 1

A1 −0.146 0.428** 0.582** 0.403** 1

S1 0.165 0.105 0.302** 0.352** 0.311** 1
P2 0.213* −0.044 0.022 0.201* 0.071 0.008 1

D2 0.175 0.17 0.165 0.333** 0.067 0.086 0.351** 1

A2 −0.05 0.362** 0.480** 0.343** 0.612** 0.067 0.493** 0.395** 1
S2 0.082 −0.233* −0.003 0.078 0.078 0.373** 0.287** 0.458** 0.375** 1

Notes: **Correlation is significant at the 0.01 level (two-tailed). *Correlation is significant at the 0.05 level (two-tailed).
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The correlation analysis results showed significant correlations between most variables, particularly those related to 
pain, depression, anxiety, and sleep quality. However, the high correlations between some variables (eg, age and pre- 
treatment pain, r = 0.699, and pre-treatment anxiety and pre-treatment depression, r = 0.582) suggest potential 
collinearity issues (as Table 2 and Figure 2). This collinearity may affect the independent contribution of variables in 
the regression analysis, leading to unstable model coefficients (as Table 2 and Figure 2). To mitigate this issue, the 
variance inflation factor (VIF) will be used in subsequent regression analyses to quantify the degree of collinearity, and 
the model will be adjusted if necessary to reduce the impact of collinearity on the results (as Table 2 and Figure 2).

Collinearity Analysis
The variance inflation factor (VIF) values from the table show that all variables have VIFs below 10 (Table 3). It is 
generally accepted that when the VIF is less than 10, the impact of collinearity on the regression results is considered 
acceptable.. In this study, most variables had VIF values well below 10, with the highest VIF being 3.861 for A2, which 
is still within a reasonable range (Table 3). Therefore, although some variables exhibit a degree of correlation, these 
correlations do not significantly negatively affect the regression analysis.

Further analysis reveals that variables such as A2 (VIF = 3.861) and age (VIF = 2.693), while having slightly higher 
VIF values, remain within an acceptable range, indicating that their collinearity does not significantly impact the model’s 
stability (Table 3). The standard errors and t-values of the model also show no significant bias, suggesting that the model 
coefficients are robust.

Figure 2 Correlation heatmap. **Correlation is significant at the 0.01 level (two-tailed). *Correlation is significant at the 0.05 level (two-tailed). P1 is pre-treatment pain; D1 
is pre-treatment depression; A1 is pre-treatment anxiety; S1 is pre-treatment sleep; P2 is post-treatment pain; D2 is post-treatment depression; A2 post-treatment anxiety; 
S2 is post-treatment sleep.
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In conclusion, while there is some collinearity among certain variables in this study, the overall collinearity issue is 
not severe and does not significantly affect the explanatory power or predictive accuracy of the regression model. The 
model fit remains reliable, and the conclusions are statistically meaningful.

Regression Analysis
Regression Coefficients
This study employed various regression models to analyze the data, aiming to compare the performance of different 
regression models in predicting the post-treatment depression (D2) of elderly knee osteoarthritis (KOA) patients and to 
explore the influence of each variable on depression (D2).

In the non-negative linear regression model, the coefficients for gender (sex), pre-treatment pain (P1), pre-treatment 
anxiety (A1), and pre-treatment sleep (S1) were 0 (Table 4). This is likely because the non-negative linear regression 
model enforces all regression coefficients to be non-negative. When certain variables have a negative or non-significant 
correlation with the dependent variable, the model is unable to express this relationship through negative coefficients, 
resulting in the coefficients for those variables being set to 0. Age and post-treatment sleep (S2) had a larger impact on 
depression (D2), with post-treatment sleep (S2) having a particularly large coefficient of 1.904 (Table 4).

In the linear regression (SGD) model, pre-treatment depression (D1), pre-treatment anxiety (A1), and post-treatment 
anxiety (A2) had significant effects on depression (D2), with post-treatment sleep (S2) having the largest effect (0.741). 
Gender (sex) and age (age) also influenced depression, but to a lesser extent (Table 4).

In the AdaBoost regression model, post-treatment anxiety (A2) and post-treatment sleep (S2) had the greatest 
influence on depression (D2), indicating that these variables play a crucial role in predicting depressive states. In 
comparison, gender (sex) and pre-treatment anxiety (A1) had smaller effects (Table 4).

In the random forest regression model, post-treatment anxiety (A2) had the most significant impact on depression 
(D2), followed by pre-treatment depression (D1) and post-treatment sleep (S2) (Table 4).

Table 3 Collinearity Analysis

Variable B (Unstandardized 
Coefficients)

Standard 
Error

Beta (Standardized 
Coefficients)

t-value Significance 
(p-value)

Tolerance VIF

Constant −1.848 2.35 - −0.786 0.434 - -

Sex 2.186 0.851 0.214 2.568 0.012 0.839 1.193

Age 0.101 0.044 0.285 2.273 0.025 0.371 2.693
P1 −0.044 0.356 −0.015 −0.124 0.901 0.381 2.623

D1 0.239 0.095 0.250 2.515 0.014 0.590 1.694

A1 −0.074 0.061 −0.148 −1.222 0.225 0.397 2.519
S1 −1.325 0.636 −0.221 −2.084 0.040 0.519 1.927

P2 0.242 0.281 0.085 0.861 0.391 0.600 1.667
A2 0.129 0.230 0.084 0.561 0.576 0.259 3.861

S2 3.140 0.664 0.526 4.731 0.000 0.473 2.115

Table 4 Regression

Regression Sex Age P1 D1 A1 S1 P2 A2 S2

Non-negative Linear Regression 0 0.075 0 0.157 0 0 0.144 0.432 1.904

Linear Regression (SGD) 0.276 0.253 −0.015 0.415 0.615 0.211 0.385 0.621 0.741
AdaBoost Regression 0.004 0.069 0.025 0.105 0.079 0.005 0.093 0.222 0.159

Random Forest Regression 0.012 0.072 0.038 0.147 0.075 0.028 0.063 0.331 0.104

GBDT Regression 0.021 0.084 0.138 0.054 0.174 0.033 0.019 0.416 0.005

Notes: Since the dependent variable is D2, traditional significance tests may not be applicable or prioritized when performing 
regression analysis using machine learning or non-parametric methods; therefore, significance levels are not indicated.
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In the GBDT regression model, gender (sex) and post-treatment anxiety (A2) had the largest effects on depression 
(D2), while the impact of other variables was relatively small (Table 4).

Kruskal–Wallis Rank-Sum Test for Regression Coefficients
The Kruskal–Wallis rank-sum test conducted on the regression coefficients showed that the test statistic (chi-squared) for 
all variables was 8, with p values of 0.4335. This indicates that there were no significant differences in the regression 
coefficients across the various regression models (Table 4).

Feature Importance Analysis
Since the Kruskal–Wallis test results were not significant, we further compared three key performance metrics: R², MSE, 
and MAE. Bootstrap analysis was conducted on these metrics to assess the stability and reliability of the models’ 
performance (Table 4).

Based on the results, although the differences in regression coefficients were not significant, the models exhibited 
differences in overall explanatory power (R²), prediction error (MSE), and mean absolute error (MAE). The random 
forest regression model performed the best, with a 95% confidence interval for R² ranging from 0.589 to 0.785, 
demonstrating strong explanatory power. It also had the lowest errors in MSE (confidence interval: 7.196 to 7.392) 
and MAE (confidence interval: 1.793 to 1.989), indicating the most accurate and robust predictive performance (as 
Table 5 and Figure 3).

In comparison, the AdaBoost regression model ranked second, with an R² confidence interval of 0.403 to 0.599. 
Although its performance was inferior to the random forest model, it still outperformed the other models in terms of 
explanatory power and predictive accuracy (as Table 5 and Figure 3). The confidence intervals for MSE and MAE were 
11.506 to 11.702 and 2.519 to 2.715, respectively, showing relatively low prediction errors (as Table 5 and Figure 3).

Linear regression (SGD) and non-negative linear regression models were quite similar in terms of explanatory power 
and predictive accuracy. The R² confidence interval for linear regression (SGD) was 0.188 to 0.384, with an MSE 
confidence interval of 16.511 to 16.707 and an MAE confidence interval of 3.208 to 3.404, indicating moderate 
explanatory power but higher error (as Table 5 and Figure 3). The non-negative linear regression model had an R² 
confidence interval of 0.151 to 0.347, an MSE confidence interval of 17.375 to 17.571, and an MAE confidence interval 
of 3.203 to 3.399, slightly underperforming linear regression (SGD) (as Table 5 and Figure 3).

The gradient boosting decision tree (GBDT) model performed the worst, with an R² confidence interval of −0.179 to 
0.017, indicating almost no explanatory power (as Table 5 and Figure 3). Its MSE confidence interval was 25.067 to 
25.263, and its MAE confidence interval was 2.243 to 2.439, both significantly higher than the other models, suggesting 
poor predictive performance on this dataset (as Table 5 and Figure 3).

By comparing the confidence intervals and coefficient sizes, we can examine the significance of the differences 
between the models. Based on the R² confidence interval comparison, we can see that the intervals for non-negative 
linear regression (0.151, 0.347) and linear regression (0.188, 0.384) overlap (Figure 4), indicating no significant 
difference between the models. There is partial overlap between the intervals for linear regression and AdaBoost 
regression (0.403, 0.599) (Figure 4), suggesting that the models may differ significantly. The intervals for AdaBoost 
regression and random forest regression (0.589, 0.785) almost do not overlap (Figure 4), indicating a significant 

Table 5 Comparison of Regression Model Performance

Regression R² MSE MAE

CI 95% CI 95% CI 95%

Non-negative Linear Regression 0.249 0.151 0.347 17.473 17.375 17.571 3.301 3.203 3.399

Linear Regression (SGD) 0.286 0.188 0.384 16.609 16.511 16.707 3.306 3.208 3.404

AdaBoost Regression 0.501 0.403 0.599 11.604 11.506 11.702 2.617 2.519 2.715
Random Forest Regression 0.687 0.589 0.785 7.294 7.196 7.392 1.891 1.793 1.989

GBDT Regression −0.081 −0.179 0.017 25.165 25.067 25.263 2.341 2.243 2.439
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difference between the models. GBDT regression, with a negative R², may not be suitable for this dataset, and the 
confidence intervals show significant differences across the models.

Based on the MSE confidence interval overlap, non-negative linear regression (17.375, 17.571) and linear regression 
(16.511, 16.707) show little overlap (Figure 4), indicating significant differences between the models. The confidence 
intervals for linear regression and AdaBoost regression (11.506, 11.702) do not overlap (Figure 4), indicating 
a significant difference between the models. The intervals for AdaBoost regression and random forest regression 
(7.196, 7.392) also do not overlap, and there is no overlap between random forest regression and GBDT regression 
(25.067, 25.263), indicating significant differences (Figure 4).

Based on the MAE confidence interval overlap, non-negative linear regression (3.203, 3.399) and linear regression 
(3.208, 3.404) show complete overlap (Figure 4), indicating no significant difference between the models. There is 
a slight overlap between linear regression and AdaBoost regression (2.519, 2.715) (Figure 4), indicating a significant 
difference. There is no overlap between the confidence intervals for AdaBoost regression and random forest regression 
(1.793, 1.989) nor between random forest regression and GBDT regression (2.243, 2.439), indicating significant 
differences (Figure 4).

In summary, except for non-negative linear regression and linear regression, which showed no significant differences 
in overall explanatory power (R²) and mean absolute error (MAE), other models showed significant differences in R², 

Figure 3 Comparison of R-squared, MSE, and MAE values for five regression models. 
Notes: 1=Non-negative Linear Regression 2=Linear Regression (SGD) 3=AdaBoost Regression 4=Random Forest Regression 5=GBDT Regression. (A) is R-squared value 
comparison; (B) is MSE value comparison; (C) is MAE value comparison.

Figure 4 Comparison of R-squared, MSE, and MAE confidence intervals for five regression models. 
Notes: 1=Non-negative Linear Regression 2=Linear Regression (SGD) 3=AdaBoost Regression 4=Random Forest Regression 5=GBDT Regression. (A) is R-squared 
confidence interval comparison; (B) is MSE confidence interval comparison; (C) is MAE confidence interval comparison.
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MSE, and MAE. The random forest regression performed the best across all indicators, followed by AdaBoost 
regression, while GBDT regression performed the worst. These results suggest that random forest regression may be 
a better choice for handling similar complex psychological data.

Discussion
Multiple regression analysis is widely used in various studies, but it remains unclear which specific regression method 
can more accurately predict the effects of independent variables on the dependent variable in complex longitudinal 
psychosomatic data.2 This study applied several regression models (non-negative linear regression, linear regression 
(SGD), AdaBoost regression, random forest regression, GBDT regression) to analyze the depression state (D2) of elderly 
knee osteoarthritis (KOA) patients. Based on variables such as gender, age, pain (P1 and P2), depression (D1), anxiety 
(A1 and A2), and sleep (S1 and S2), we explored the predictive effects of different regression models on post-treatment 
depression (D2). By comparing the fit statistics and Bootstrap analysis results across models, we found that while there 
were no significant differences in the regression coefficients, the random forest regression model performed best in terms 
of overall explanatory power (R²), prediction error (MSE), and mean absolute error (MAE) in predicting the depression 
state of KOA patients, followed by the AdaBoost regression model, while the GBDT regression model performed the 
worst (Figure 4).

The random forest regression model performed best in predicting the post-treatment depression state of elderly knee 
osteoarthritis (KOA) patients, primarily due to its ability to effectively handle complex nonlinear relationships and 
interactions between multiple variables. Compared to linear regression or GBDT regression models, random forest 
regression is more robust, able to handle outliers and missing data, and reduces the risk of overfitting, thereby improving 
the model’s stability and accuracy. Additionally, the ensemble learning mechanism of random forest contributes to 
superior performance in terms of explanatory power (R²), prediction error (MSE), and mean absolute error (MAE), 
making it the most accurate model in this study (as Table 5 and Figure 3).

There were two primary reasons for selecting KOA patients as the study population. First, KOA is a common disease, 
particularly prevalent among the elderly, making sample recruitment easier.49 Second, previous research has shown that 
KOA patients often experience comorbidities such as pain, depression, anxiety, and sleep disorders, which significantly 
affect their quality of life and mental health.26–30 This makes KOA patients an ideal group for studying the relationship 
between chronic pain and psychological issues.

The findings of this study are consistent with prior research in some aspects but also show some differences. First, 
many studies have identified anxiety, depression, and sleep quality as key predictors of mental health in elderly KOA 
patients.26–30,49 In this study, post-treatment anxiety (A2) and post-treatment sleep (S2) had significant effects on 
depression (D2) across multiple models, supporting this conclusion.

However, unlike some studies, this research found that gender, age, and pre-treatment pain (P1) were not significantly 
associated with post-treatment depression (D2). This discrepancy may be related to the characteristics of the sample or 
the data processing methods used in this study. Most of the patients in this study were middle-aged and elderly women, 
whose pain perception and coping mechanisms may differ from those of men or younger patients. Additionally, the 
regression models employed in this study may be better suited to capture the complex interactions between psychological 
variables rather than the direct effects of individual physiological factors on psychological states. The absence of 
significant predictive effects for gender, age, and pre-treatment pain may reflect sample homogeneity and the stronger 
influence of post-treatment psychosomatic factors. These findings do not imply a lack of sensitivity in the models but 
rather highlight the complex interplay between demographic, clinical, and psychological variables.

The results of this study have important clinical and theoretical implications. First, the study highlights the need to 
focus on anxiety levels and sleep quality in psychological interventions for elderly KOA patients, as these factors have 
significant effects on depression. This underscores the importance of targeted interventions, such as a combination of 
psychotherapy and pharmacotherapy, which may be effective in alleviating depressive symptoms. Additionally, the 
superior performance of random forest regression suggests that complex nonlinear models can better capture underlying 
patterns in patient data. Therefore, appropriate statistical models should be used when analyzing complex psychological 
data. Future research could validate these findings by expanding the sample size and incorporating more variables, as 
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well as exploring the applicability of different models to other medical datasets. This could provide new insights for 
personalized treatment plans and related research data analysis.

In terms of methodological transparency, this study employed multiple imputation using the MICE (Multiple 
Imputation by Chained Equations) technique to address missing data, ensuring that all variables used in the predictive 
models were consistently represented across imputations. This approach reduces potential bias and improves the 
reliability of the results. Additionally, multicollinearity was assessed using both VIF and tolerance values. Although 
no variables exceeded the commonly accepted VIF threshold of 10, further scrutiny was applied to those with values 
above 2.5 to ensure coefficient stability across models. No variable was excluded, as the collinearity was within 
acceptable limits. These methodological choices strengthen the robustness and replicability of the findings. Taken 
together, these methodological refinements, combined with the comparative modeling approach, enhance the study’s 
value for future research in psychosomatic medicine and for developing personalized care strategies in elderly patients 
with complex physical and emotional health needs.

Interestingly, some variables such as gender, age, and pre-treatment pain did not emerge as significant predictors of 
post-treatment depression in most models. One possible explanation is that the psychological state after treatment may be 
more directly influenced by post-treatment experiences (such as anxiety and sleep quality) than by baseline physiological 
status. Additionally, the limited variation in gender (with a predominantly female sample) and age range (mostly elderly 
patients) may have reduced the statistical power to detect their effects. It is also possible that the coping strategies and 
treatment responses among female elderly patients are more homogeneous, potentially obscuring the influence of these 
demographic factors.

Despite the meaningful conclusions drawn from this study, there are some limitations. First, the sample size was 
relatively small, focused on a specific region, and predominantly female, which may have led to some collinearity issues 
and limited the generalizability of the results. Future studies should expand the sample size and include patients from 
diverse regions and cultural backgrounds to improve the external validity of the findings. Second, although multiple 
regression models were applied in this study, the specific performance of each model under different data characteristics 
was not thoroughly explored. Future research could incorporate model interpretability analysis to better understand the 
differences in model performance. Moreover, this study primarily relied on questionnaire data; future studies could 
consider including more objective physiological indicators, such as blood pressure and glucose levels, to provide a more 
comprehensive assessment of patients’ health status.

Conclusion
This study compared the performance of multiple regression models—including non-negative linear regression, stochas
tic gradient descent, AdaBoost, gradient boosting decision trees (GBDT), and random forest regression—in predicting 
post-treatment depression in elderly patients with knee osteoarthritis (KOA), using psychosomatic variables such as 
gender, age, pain, depression, anxiety, and sleep. While differences in regression coefficients were not statistically 
significant across models, the random forest regression model demonstrated superior predictive performance, with the 
highest R² and lowest error metrics, suggesting its suitability for capturing complex nonlinear relationships in psychoso
matic data.

Notably, variables such as post-treatment anxiety and sleep quality emerged as the most influential predictors of 
depression outcomes, while demographic factors like gender and age, as well as pre-treatment pain, did not show 
significant effects. This may reflect the stronger role of post-treatment psychosomatic experiences in shaping psycholo
gical recovery and could also be attributed to the relatively homogeneous, predominantly female sample.

Overall, the findings highlight the value of machine learning approaches, particularly random forest regression, in 
enhancing predictive modeling for psychosomatic outcomes. Future research should consider expanding the sample size, 
incorporating more diverse populations, and including additional confounding variables to improve model general
izability and clinical applicability.
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