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Abstract 10 

Depressive symptoms are common in patients receiving maintenance hemodialysis, but their 11 

identification is complicated by symptoms that overlap with uremia. We examined whether 12 

serum neurotransmitters, together with demographic and lifestyle variables, could identify 13 

significant depressive symptoms in a single-center, cross-sectional study of 250 adults with end-14 

stage renal disease. Significant depressive symptoms were defined by a score greater than 7 on 15 

the depression subscale of the Hospital Anxiety and Depression Scale. Serum neurotransmitters 16 

and metabolites were measured by liquid chromatography-tandem mass spectrometry. Least 17 

absolute shrinkage and selection operator regression was used to select predictors, and eight 18 

machine learning classifiers were compared. Significant depressive symptoms were present in 86 19 

participants (34.4%). The six selected predictors were age, household income, alcohol use, tea 20 

consumption, epinephrine, and 5-hydroxyindoleacetic acid. The random forest model achieved 21 

the highest area under the receiver operating characteristic curve (0.92), with 84% accuracy, 87% 22 

sensitivity, and 80% specificity in the study testing set. These findings support further evaluation 23 

of a biomarker-informed approach to identifying depressive symptoms in hemodialysis patients. 24 

External validation is required before clinical use. 25 

Keywords: end-stage renal disease; depressive symptoms; neurotransmitters; machine learning 26 

Introduction 27 

Depression is a prevalent and serious issue among end-stage renal disease (ESRD) patients, often 28 

going undiagnosed. Studies indicate that depression rates in chronic kidney disease (CKD) and 29 

dialysis patients are three to four times higher than in the general population [1]. A global review 30 

estimated a 26.5% prevalence of clinical depression in CKD patients, with higher rates in those 31 

on maintenance hemodialysis, reaching 40-50% in some regions [1, 2]. Depression in ESRD is 32 

linked to adverse outcomes like increased hospitalization and mortality [3]. However, diagnosis 33 

is challenging due to the significant overlap between the somatic symptoms of depression (e.g., 34 
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fatigue, anorexia) and uremia itself. This clinical ambiguity underscores the urgent need for 35 

objective, biology-based biomarkers to improve diagnostic accuracy. 36 

The pathophysiology of depression in end-stage renal disease (ESRD) is complex and 37 

multifactorial, with substantial evidence indicating an interaction among chronic inflammation, 38 

uremic toxicity, and neurotransmitter dysregulation [4]. Patients undergoing dialysis often 39 

present with a persistent pro-inflammatory state, evidenced by increased levels of C-reactive 40 

protein and interleukin-6 (IL-6), the latter of which has been directly associated with depressive 41 

symptoms [5]. This chronic inflammatory condition may not only contribute to the elevated 42 

mortality observed in depressed ESRD patients through mechanisms such as atherosclerosis but 43 

also directly affect central nervous system function. In particular, inflammation can activate the 44 

kynurenine pathway, diverting tryptophan metabolism away from serotonin (5-HT) synthesis, a 45 

neurotransmitter crucial for mental health regulation [6]. This process, in conjunction with the 46 

accumulation of uremic toxins and other physiological disturbances, likely exacerbates the 47 

dysregulation of monoamine neurotransmitters, including serotonin (5-HT), norepinephrine 48 

(NEP), and dopamine (DA), which is a fundamental aspect of the classical pathophysiology of 49 

depression. 50 

Given the high prevalence and severe consequences of depression in patients with end-stage 51 

renal disease (ESRD), considerable efforts have been directed toward the development of 52 

effective diagnostic and screening strategies. Although self-report scales are commonly 53 

employed, their inherent subjectivity constitutes a significant limitation. In response, recent 54 

studies have sought to mitigate this issue by constructing predictive models utilizing large-scale 55 

databases. For example, Lai et al. and Yan et al. developed nomograms aimed at preventing 56 

depression within the general chronic kidney disease (CKD) population, drawing on data from 57 

the US National Health and Nutrition Examination Survey (NHANES) [7, 8]. In the context of 58 

the Chinese population, a recent study has established a depression risk prediction model 59 

specifically tailored for middle-aged and elderly Chinese patients with CKD [9]. Despite these 60 

advancements, existing models exhibit two major limitations. Firstly, they predominantly rely on 61 

sociodemographic, lifestyle, and comorbidity data, lacking objective biological markers that 62 

could elucidate the underlying pathophysiology of depression. Secondly, these models were 63 

either developed for general CKD populations or specific age groups (middle-aged and elderly) 64 

and have not been specifically tailored to or validated in end-stage renal disease (ESRD) patients 65 
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undergoing dialysis. This particular subgroup encounters distinct physiological challenges and 66 

metabolic disturbances compared to the general CKD population, thereby limiting the 67 

applicability of existing models for this high-risk group. 68 

Consequently, there is a significant need for a diagnostic model tailored specifically to the end-69 

stage renal disease (ESRD) dialysis population, which also incorporates objective biological 70 

data. This study was conceived to address this need by integrating advanced bioanalytical 71 

techniques with machine learning methodologies. Our objective was to systematically profile an 72 

extensive array of serum neurotransmitters and their metabolites utilizing liquid 73 

chromatography-tandem mass spectrometry (LC-MS/MS). We aimed to combine this data with 74 

clinical variables to develop a robust diagnostic model. We hypothesized that a signature derived 75 

from this multi-dimensional dataset could accurately distinguish between depressed and non-76 

depressed ESRD patients, thereby establishing a foundation for a more objective and 77 

biologically-informed diagnostic approach. 78 

Results 79 

Population characteristics 80 

In this study, 250 ESRD patients on maintenance hemodialysis were assessed using the 81 

depression subscale of the Hospital Anxiety and Depression Scale (HADS-D) and categorized 82 

into two groups: the significant depressive symptoms (SDS) group (HADS-D > 7; n=86, 34.4%) 83 

and the non-significant depressive symptoms (nSDS) group (HADS-D ≤ 7; n=164, 65.6%). 84 

The demographic and lifestyle characteristics of the study participants are detailed in Table 1. 85 

Statistically significant differences between the groups were identified in terms of household 86 

income and alcohol consumption. Notably, a greater proportion of individuals in the SDS group 87 

reported a monthly household income of ≤2000 RMB (52.3% compared to 26.2%). Additionally, 88 

the prevalence of alcohol use was higher in the SDS group (31.4% compared to 17.1%). 89 

Conversely, no significant differences were found between the groups regarding smoking status 90 

(36.0% compared to 24.4%), employment status (1.2% compared to 6.1%), and tea consumption 91 

(7.0% compared to 14.0%). Furthermore, the groups were similar with respect to sex and marital 92 

status. 93 
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Table 1. Demographic and lifestyle characteristics of the study participants 94 

Variable nSDS (n=164) SDS (n=86) Total (n=250) P-value 

Age (years), Mean ± SD 54.72 ± 11.52 57.98 ± 11.49 55.84 ± 11.57 0.03* 

BMI (kg/m ²), Mean ± SD 22.27 ± 3.67 21.94 ± 2.93 22.15 ± 3.43 0.48 

Sex, n (%)    0.91 

Male 85 (51.8) 46 (53.5) 131 (52.4)  

Female 79 (48.2) 40 (46.5) 119 (47.6)  

Marital Status, n (%)    0.93 

Married 143 (87.2) 75 (87.2) 218 (87.2)  

Non-married 11 (6.7) 5 (5.8) 16 (6.4)  

Other 10 (6.1) 6 (7.0) 16 (6.4)  

Household Income (RMB/month), n (%)    <0.01* 

≤2000 43 (26.2) 45 (52.3) 88 (35.2)  

2001-4000 55 (33.5) 19 (22.1) 74 (29.6)  

4001-6000 33 (20.1) 9 (10.5) 42 (16.8)  

>6000 33 (20.1) 13 (15.1) 46 (18.4)  

Smoking Status, n (%)    0.07 

No 124 (75.6) 55 (64.0) 179 (71.6)  

Yes 40 (24.4) 31 (36.0) 71 (28.4)  

Alcohol Use, n (%)    0.015* 

No 136 (82.9) 59 (68.6) 195 (78.0)  

Yes 28 (17.1) 27 (31.4) 55 (22.0)  

Tea Consumption, n (%)    0.15 

No 141 (86.0) 80 (93.0) 221 (88.4)  

Yes 23 (14.0) 6 (7.0) 29 (11.6)  

Employment Status, n (%)    0.10 

Unemployed 154 (93.9) 85 (98.8) 239 (95.6)  

Employed 10 (6.1) 1 (1.2) 11 (4.4)  

Continuous variables are presented as mean ± standard deviation (SD), and categorical variables as n (%). Groups comprise 164 95 
participants without significant depressive symptoms (nSDS) and 86 with significant depressive symptoms (SDS), defined by 96 
Hospital Anxiety and Depression Scale depression subscale scores ≤7 and >7, respectively. P values were calculated using 97 
independent-samples t-tests for continuous variables and chi-square or Fisher's exact tests, as appropriate, for categorical 98 
variables. *P < 0.05. BMI, body mass index; RMB, renminbi. 99 

Comparison of routine biochemical indicators 100 

The results of the univariate comparisons of 15 routine biochemical indicators between the nSDS 101 

and SDS groups are shown in Table 2. The analysis revealed no statistically significant 102 

differences between the two groups across all measured biochemical markers. This includes 103 

renal function indicators (creatinine, uric acid, urea), lipid profiles (total cholesterol, 104 
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triglycerides, high-density lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol 105 

(LDL-C)), and markers of inflammation/nutritional status (neutrophil-to-lymphocyte ratio 106 

[NLR], platelet-to-lymphocyte ratio [PLR], systemic immune-inflammation index [SII], and 107 

prognostic nutritional index [PNI]), with all p-values exceeding 0.05. 108 

Table 2. Biochemical indicators in participants with and without significant depressive symptoms 109 

Variable Unit nSDS (n=164) SDS (n=86) t-statistic p-value 

Creatinine (CRE) μmol/L 982.14 ± 243.57 968.39 ± 274.93 0.41 0.69 

Uric Acid (UA) μmol/L 418.25 ± 113.20 414.91 ± 95.31 0.23 0.82 

Urea (UREA) mmol/L 22.21 ± 5.39 22.81 ± 5.90 -0.82 0.41 

Total Cholesterol (TC) mmol/L 3.71 ± 0.87 3.92 ± 0.85 -1.82 0.07 

Triglycerides (TG) mmol/L 1.78 ± 0.98 1.90 ± 1.23 -0.88 0.38 

HDL-C mmol/L 0.97 ± 0.29 1.02 ± 0.30 -1.32 0.19 

LDL-C mmol/L 2.12 ± 0.61 2.19 ± 0.67 -0.80 0.42 

Glucose (GLU) mmol/L 7.06 ± 4.45 7.72 ± 5.06 -1.06 0.29 

Neutrophils (NEUT) ×10⁹/L 4.16 ± 1.64 4.29 ± 1.39 -0.62 0.54 

Lymphocytes (LYM) ×10⁹/L 1.13 ± 0.42 1.07 ± 0.38 1.10 0.27 

Platelets (PLT) ×10⁹/L 181.46 ± 66.68 171.80 ± 46.06 1.20 0.23 

NLR ratio 4.12 ± 2.00 4.37 ± 1.85 -0.99 0.33 

PLR ratio 174.86 ± 68.00 174.75 ± 66.72 0.01 0.99 

SII index 750.07 ± 472.54 747.81 ± 363.24 0.04 0.97 

PNI index 43.82 ± 5.02 43.28 ± 3.67 0.88 0.38 

Values are mean ± standard deviation. P values and t statistics are from independent-samples t-tests comparing 164 participants 110 
without significant depressive symptoms (nSDS) and 86 with significant depressive symptoms (SDS). HDL-C, high-density 111 
lipoprotein cholesterol; LDL-C, low-density lipoprotein cholesterol; NLR, neutrophil-to-lymphocyte ratio; PLR, platelet-to-112 
lymphocyte ratio; SII, systemic immune-inflammation index; PNI, prognostic nutritional index. 113 

Profiling of serum neurotransmitters and metabolites 114 

A comprehensive panel of 15 serum neurotransmitters and metabolites was quantified. The 115 

comparison of their mean concentrations (via t-test) and their individual associations with 116 

depression (via univariate logistic regression) are presented together in Table 3. 117 
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Table 3. Serum neurotransmitters and univariate logistic regression by depressive symptom status 118 

Variable nSDS (n=164) SDS (n=86) 
P-value (t-

test) 

Odds Ratio (95% 

CI) 

P value 

(logistic 

model) 

Catecholamines and 

Metabolites 
     

Dopamine (DA) 6.03 ± 19.29 7.16 ± 24.35 0.69 1.05 (0.82–1.35) 0.69 

Norepinephrine (NEP) 1.66 ± 3.60 1.46 ± 1.57 0.62 0.92 (0.67–1.27) 0.63 

Epinephrine (EP)* 0.22 ± 0.22 0.32 ± 0.37 0.01 1.41 (1.08–1.86) 0.01 

3-Methoxytyramine (3-MT) 0.92 ± 1.18 0.86 ± 1.16 0.73 0.95 (0.73–1.25) 0.72 

L-DOPA 17.52 ± 13.95 20.12 ± 14.91 0.17 1.19 (0.93–1.54) 0.17 

Metanephrine (ME) 1.89 ± 1.44 1.97 ± 1.28 0.66 1.06 (0.82–1.37) 0.66 

Serotonin and Metabolite      

Serotonin (5-HT) 11.65 ± 8.81 11.42 ± 9.41 0.84 0.97 (0.75–1.27) 0.84 

5-HIAA 238.90 ± 180.64 212.16 ± 139.94 0.23 0.85 (0.65–1.11) 0.23 

Amino Acid Neurotransmitters      

GABA 9.08 ± 10.24 9.97 ± 10.97 0.52 1.06 (0.84–1.41) 0.52 

Glutamate (Glu) 65.75 ± 117.59 92.14 ± 169.30 0.15 1.20 (0.93–1.55) 0.16 

Histidine (His) 10.97 ± 12.28 12.79 ± 13.59 0.29 1.15 (0.89–1.49) 0.29 

Tyrosine (Tyr) 1.21 ± 1.59 1.32 ± 1.63 0.61 1.07 (0.83–1.38) 0.61 

Taurine (Tau) 492.42 ± 1366.48 543.05 ± 943.76 0.76 1.04 (0.81–1.34) 0.76 

Cholinergic System      

Acetylcholine (ACh) 4.62 ± 5.11 4.75 ± 5.28 0.85 1.03 (0.79–1.33) 0.85 

Choline (Ch) 1186.65 ± 291.26 1200.52 ± 313.26 0.73 1.05 (0.81–1.36) 0.73 

Concentrations are presented as mean ± standard deviation. Groups comprise 164 participants without significant depressive 119 
symptoms (nSDS) and 86 with significant depressive symptoms (SDS). Group comparisons used independent-samples t-tests; 120 
odds ratios and 95% confidence intervals (CI) are from univariate logistic regression. *P < 0.05. EP, epinephrine; 5-HIAA, 5-121 
hydroxyindoleacetic acid; GABA, gamma-aminobutyric acid; L-DOPA, levodopa. 122 

Both analytical methodologies consistently identified epinephrine (EP) as the sole 123 

neurotransmitter significantly correlated with depression status within this cohort. The mean 124 

serum concentration of EP was notably elevated in the depression group (0.32 ± 0.37 ng/mL) 125 

compared to the non-depression group (0.22 ± 0.22 ng/mL; p = 0.01, as determined by a t-test). 126 

This finding corresponded to a significantly increased likelihood of depression, as indicated by 127 

the logistic regression analysis (Odds Ratio [OR] = 1.41, 95% Confidence Interval [CI]: 1.08–128 

1.86; p = 0.01). Conversely, none of the other 14 quantified neurotransmitters or metabolites 129 

demonstrated a significant association with depression in either the group mean comparison or 130 

the regression analysis (all p > 0.05). The consistent identification of epinephrine as a key 131 

univariate biological marker suggests its potential as a strong candidate for inclusion in 132 

subsequent multivariate diagnostic models, where its efficacy can be evaluated in conjunction 133 

with other clinical and demographic variables. 134 
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Model development and evaluation 135 

To construct a diagnostic model that is both parsimonious and robust, the Least Absolute 136 

Shrinkage and Selection Operator (LASSO) regression technique was employed on a 137 

comprehensive dataset comprising 39 variables, including demographic, clinical, biochemical, 138 

and neurotransmitter data. This method is specifically designed to enhance model simplicity by 139 

reducing the coefficients of less significant features to zero. 140 

Utilizing 10-fold cross-validation, an optimal penalty parameter (λ) was identified, culminating 141 

in the selection of a final set of six critical features: age, household income, alcohol use, tea 142 

consumption, epinephrine (EP), and 5-hydroxyindoleacetic acid (5-HIAA). The performance 143 

curve of the cross-validation process is depicted in Fig. 1a. It is noteworthy that, although 5-144 

HIAA did not exhibit a statistically significant difference in the univariate analysis, it was 145 

selected by the multivariate LASSO algorithm. This indicates that 5-HIAA, in conjunction with 146 

the other five variables, significantly enhances the model's overall diagnostic efficacy. 147 

Utilizing the six features identified through LASSO regression, eight distinct machine learning 148 

classifiers were developed to diagnose depression in patients with End-Stage Renal Disease 149 

(ESRD). The diagnostic efficacy of each model was rigorously assessed using seven key metrics, 150 

with detailed results presented in Table 4. Among the classifiers, the Random Forest (RF) model 151 

exhibited significantly superior performance, achieving the highest Area Under the Curve (AUC) 152 

of 0.92, along with an accuracy of 0.84, sensitivity of 0.87, and specificity of 0.80. Other models 153 

demonstrating high performance included the Gradient Boosting Machine (GBM) and Support 154 

Vector Machine (SVM), with AUCs of 0.84 and 0.83, respectively. Conversely, traditional 155 

models such as Logistic Regression (LR) and tree-based models like CART displayed only 156 

moderate discriminative capabilities (AUC < 0.75). Given its exceptional overall performance, 157 

particularly its high AUC and balanced sensitivity and specificity, the Random Forest model was 158 

identified as the optimal diagnostic model for this study. 159 
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Table 4. Model performance for identifying significant depressive symptoms 160 

Model AUC Accuracy Sensitivity Specificity PPV NPV F1-score 

Random Forest (RF) 0.92 0.84 0.87 0.80 0.89 0.75 0.88 

Gradient Boosting Machine 

(GBM) 
0.84 0.79 0.81 0.74 0.86 0.66 0.83 

Support Vector Machine (SVM) 0.83 0.78 0.84 0.67 0.85 0.66 0.84 

Logistic Regression (LR) 0.74 0.66 0.65 0.68 0.82 0.48 0.72 

Linear Discriminant Analysis 

(LDA) 
0.74 0.66 0.65 0.67 0.81 0.48 0.72 

Quadratic Discriminant 

Analysis (QDA) 
0.72 0.65 0.65 0.61 0.79 0.49 0.69 

Classification and Regression 

Tree (CART) 
0.71 0.68 0.71 0.62 0.80 0.51 0.75 

Naïve Bayes 0.69 0.65 0.77 0.43 0.73 0.47 0.74 

AUC, area under the receiver operating characteristic curve; PPV, positive predictive value; NPV, negative predictive value. 161 
Accuracy, sensitivity, specificity, PPV, NPV, and F1-score are reported as proportions. The eight models used the same six 162 
selected predictors; values are reproduced from the study evaluation. 163 

The optimal Random Forest (RF) model underwent a thorough assessment of its diagnostic 164 

performance, emphasizing its discrimination, calibration, and potential clinical utility. The model 165 

exhibited excellent discriminative capacity, as evidenced by the Receiver Operating 166 

Characteristic (ROC) curve analysis, which yielded a high mean Area Under the Curve (AUC) of 167 

0.92. The stability of the ROC curves across various data samples, as reflected by the narrow 168 

95% confidence interval, suggests robust generalization capabilities (Fig. 1b). The calibration 169 

curve exhibited a robust overall concordance between the predicted probabilities generated by 170 

the model and the observed frequencies of depression. While the model demonstrated high 171 

accuracy within the high-risk probability range, there was a minor tendency to underestimate risk 172 

in the low-probability range, suggesting potential areas for future refinement (Fig. 1c). Decision 173 

Curve Analysis (DCA) was conducted to evaluate the model's net benefit in a clinical context. 174 

The findings indicated that, across a broad spectrum of threshold probabilities, employing the RF 175 

model to inform clinical decisions would yield a greater net benefit compared to the default 176 

strategies of treating all patients or treating none (Fig. 1d). This underscores the model's 177 

prospective utility as a decision-support tool in clinical practice.  178 

To elucidate the relative contributions of the six predictors within the final Random Forest (RF) 179 

model, a feature importance analysis was performed. This analysis, grounded in the mean 180 

decrease in Gini impurity, revealed that 5-hydroxyindoleacetic acid (5-HIAA) emerged as the 181 

most significant predictor for classifying depression status, followed by age and epinephrine 182 
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(EP). Conversely, lifestyle factors, including alcohol and tea consumption, exhibited a 183 

comparatively minor impact on the model's diagnostic accuracy within this cohort (Fig. 1e). 184 

 Furthermore, to enhance the clinical applicability of these findings, a nomogram was 185 

constructed based on a multivariate logistic regression model that integrated the same six key 186 

predictors: age, income, alcohol use, tea consumption, EP, and 5-HIAA. This nomogram offers a 187 

straightforward graphical interface that enables clinicians to readily calculate an individual 188 

patient's probability of depression by aggregating the points assigned to each variable (Fig. 1f). 189 
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Figure 1 190 

 191 

Figure 1. Feature selection and evaluation of models for identifying significant depressive symptoms. (a) Binomial 192 

deviance across the LASSO penalty parameter, evaluated by 10-fold cross-validation; six predictors were selected. 193 

(b) Receiver operating characteristic curve for the random forest model in the study testing set. The curve represents 194 

the mean of 100 bootstrap replicates, and the shaded region denotes the 95% confidence interval. (c) Calibration of 195 

predicted probabilities against observed frequencies of significant depressive symptoms. The dashed diagonal 196 

indicates perfect calibration. (d) Decision curve analysis comparing the random forest model with the strategies of 197 

intervening in all patients or in none across threshold probabilities. (e) Importance of the six predictors in the 198 

random forest model, measured by the mean decrease in Gini impurity. (f) Nomogram derived from a separate 199 

multivariable logistic regression model using the same six predictors. The study cohort comprised 250 adults 200 

receiving maintenance hemodialysis, including 86 with significant depressive symptoms. EP, epinephrine; HIAA, 5-201 

hydroxyindoleacetic acid; Drink, alcohol use; LASSO, least absolute shrinkage and selection operator; TPR, true-202 

positive rate; FPR, false-positive rate. The models identify questionnaire-defined depressive symptoms, not a 203 

clinical diagnosis of major depressive disorder. 204 
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 205 

Discussion 206 

The diagnosis of depression in individuals with end-stage renal disease (ESRD) presents a 207 

significant clinical challenge, largely due to the confounding overlap between somatic symptoms 208 

and uremia. This study sought to address this issue by developing a quantitative, multi-domain 209 

diagnostic model. Our primary finding indicates that a parsimonious six-feature signature, 210 

derived from LASSO regression and implemented within a Random Forest algorithm, can 211 

accurately classify depressed versus non-depressed hemodialysis patients, achieving a high area 212 

under the curve (AUC = 0.92). This signature incorporates demographic, lifestyle, and 213 

neurobiological variables, specifically age, income, alcohol use, tea consumption, epinephrine 214 

(EP), and 5-HIAA. 215 

A central finding of this research is the significant contribution of specific biological markers to 216 

the diagnostic model, particularly EP and 5-HIAA, which reflect the sympathoadrenal and 217 

serotonergic systems, respectively. 218 

The observed association between elevated serum epinephrine (EP) and depression within our 219 

cohort lends support to the hypothesis of sympathoadrenal hyperactivity as a contributing factor 220 

in the pathophysiology of this disorder. This finding is particularly pertinent to the end-stage 221 

renal disease (ESRD) population, which is subject to chronic physiological and psychological 222 

stressors. Elevated EP may serve as a critical mediator of depressive states, potentially through 223 

its downstream effects on autonomic and cardiovascular functions, both of which are often 224 

compromised in individuals with ESRD [10]. Previous studies have demonstrated that 225 

psychosocial distress in dialysis patients is closely associated with autonomic dysregulation, 226 

which subsequently predicts an increased risk of mortality [11]. This observation aligns with 227 

existing literature that connects sympathoadrenal hyperactivity with adverse cardiovascular 228 

events in depressed populations, thereby providing a potential mechanistic explanation for the 229 

heightened mortality observed in this subgroup [12]. The selection of 5-HIAA as the most 230 

significant feature by the Random Forest model, despite its lack of significance in univariate 231 

analysis, highlights the importance of employing multivariate analytical approaches in the study 232 

of complex metabolic diseases. While EP demonstrated a direct univariate association, the 233 

significance of 5-HIAA emerged only after accounting for the variance contributed by other 234 
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factors within the model. This exemplifies how multivariate methods can uncover critical 235 

predictors whose effects may be obscured by other variables in simpler analyses. Systemic 5-236 

HIAA concentration in end-stage renal disease (ESRD) represents a composite measure, 237 

reflecting both central serotonin turnover and severely impaired renal clearance [13]. Moreover, 238 

chronic inflammation in ESRD activates indoleamine 2,3-dioxygenase (IDO), which diverts 239 

tryptophan away from serotonin synthesis towards the kynurenine pathway, a mechanism 240 

extensively reviewed by Dantzer et al. [14]. This metabolic shift likely results in subtle yet 241 

diagnostically relevant perturbations in the serotonin-5-HIAA axis. Our model indicates that 242 

even amidst profound uremic dysmetabolism, these neurochemical signals remain detectable and 243 

clinically significant when analyzed in conjunction with confounding variables. 244 

In addition to these biological markers, the model identified advanced age and lower income as 245 

significant predictors of depression diagnosis. The correlation with advanced age aligns with 246 

findings in both the general population and those with end-stage renal disease (ESRD), likely 247 

reflecting an accumulation of risk factors such as a higher burden of comorbidities and the 248 

presence of frailty. Frailty is notably prevalent among individuals undergoing hemodialysis and 249 

has been recognized as a strong independent predictor of diminished health-related quality of life 250 

and depressive symptoms [15]. Low socioeconomic status, as indicated by income, is one of the 251 

most robust social determinants of depression [16]. Within the context of ESRD, this is further 252 

exacerbated by the concept of "financial toxicity"—the economic burden associated with 253 

managing a chronic illness—which serves as a significant psychosocial stressor that exacerbates 254 

depressive episodes and diminishes treatment adherence [17]. 255 

The integration of lifestyle factors enhances the precision of the model. Within our cohort, 256 

alcohol consumption was correlated with an increased risk of depression. This observation is 257 

consistent with the well-documented bidirectional relationship between alcohol use and 258 

depression, wherein alcohol may serve as a form of self-medication for depressive symptoms or 259 

may independently contribute to their onset through neurotoxic effects [18]. In contrast, tea 260 

consumption emerged as a potential protective factor, a conclusion corroborated by a large-scale 261 

epidemiological study involving older Chinese adults [19]. The bioactive compounds in tea, 262 

particularly polyphenols such as epigallocatechin-3-gallate (EGCG), exhibit significant 263 

antioxidant and anti-inflammatory properties. These compounds have demonstrated the ability to 264 

reduce oxidative stress in kidney tissue and provide neuroprotective benefits, potentially 265 
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mitigating the neuroinflammation associated with uremic depression [20]. However, the 266 

inclusion of tea consumption as a variable should be approached with caution due to the limited 267 

number of tea drinkers in our cohort (n=29), necessitating further validation in larger studies. 268 

The diagnostic performance of our model (AUC = 0.92) represents a significant advancement 269 

over recently published prediction tools for depression within the broader chronic kidney disease 270 

(CKD) population. For example, Lai et al. and Yan et al. developed nomograms utilizing the 271 

NHANES database, which incorporate sociodemographic and lifestyle factors [7, 8]. 272 

Additionally, a recent study focused on Chinese middle-aged and elderly CKD patients, 273 

developing a risk model based on clinical characteristics [9]. Although these studies offer 274 

valuable screening tools for the general CKD population, their dependence on self-reported data 275 

and traditional clinical variables constrains their accuracy, especially when applied to the 276 

intricate physiology of end-stage renal disease (ESRD). 277 

A significant challenge in this domain is that conventional screening instruments frequently 278 

exhibit low specificity in dialysis patients, as the somatic symptoms of uremia—such as fatigue, 279 

anorexia, and sleep disturbances—closely resemble those of depression. By integrating specific 280 

neurochemical biomarkers, our model addresses this fundamental limitation. In contrast to 281 

previous models that may conflate uremic symptoms with depressive characteristics, our 282 

biomarker-integrated approach effectively distinguishes this "uremic noise," offering a more 283 

objective assessment of the underlying depressive pathology specifically tailored for the dialysis 284 

population. 285 

The findings of this study must be interpreted within the framework of several significant 286 

limitations. Firstly, the cross-sectional design limits the ability to establish causality between the 287 

selected features and depressive symptoms. Secondly, the generalizability of our model is 288 

restricted due to the modest sample size and the single-center design. Consequently, future 289 

research should focus on the prospective validation of this diagnostic signature within a multi-290 

center cohort. Additionally, the outcome reflects significant depressive symptoms as identified 291 

by the HADS screening tool, rather than a formal clinical diagnosis of major depressive disorder. 292 

We also recognize that other unmeasured factors, such as specific dialysis parameters and non-293 

psychotropic co-medications, may serve as confounding variables. 294 
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In this study, we formulated a comprehensive diagnostic signature for identifying significant 295 

depressive symptoms in patients with end-stage renal disease (ESRD), incorporating specific 296 

neurochemical biomarkers alongside critical demographic and lifestyle factors. The Random 297 

Forest model demonstrated exceptional efficacy, underscoring the central roles of 298 

sympathoadrenal hyperactivity, as evidenced by elevated epinephrine (EP) levels, and 299 

serotonergic dysregulation, as indicated by 5-hydroxyindoleacetic acid (5-HIAA), in the 300 

pathophysiology of depression associated with ESRD. This research establishes a foundation for 301 

a more objective and biologically informed approach to screening and risk stratification within 302 

the hemodialysis patient population. 303 

Methods 304 

Study design and participants 305 

This cross-sectional study was conducted at Ezhou Central Hospital in Hubei, China, from May 306 

2023 to August 2024. The study was conducted in accordance with the Declaration of Helsinki. 307 

All experimental protocols were approved by the Ethics Committee of Ezhou Central Hospital 308 

(Approval No. L2022-K-13). Written informed consent was obtained from all patient 309 

participants. Eligible participants included adult patients with a confirmed diagnosis of end-stage 310 

renal disease (ESRD) who had been undergoing maintenance hemodialysis for a minimum of 311 

three months. Additional inclusion criteria required participants to possess the ability to 312 

comprehend and complete study questionnaires and to have complete clinical records available. 313 

Exclusion criteria encompassed patients with a documented history of major psychiatric or 314 

neurological disorders, severe communication impairments, those who had undergone major 315 

surgery or experienced significant bleeding within the past month, or individuals currently taking 316 

psychotropic medications. 317 

Clinical and demographic data collection 318 

Trained research staff administered a standardized questionnaire to the enrolled hemodialysis 319 

patients to collect demographic and lifestyle information, including age, sex, body mass index 320 

(BMI), marital status, household income, employment status, smoking history, alcohol 321 

consumption, and tea consumption. 322 
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Assessment of significant depressive symptoms 323 

Depressive symptoms were evaluated utilizing the depression subscale of the Hospital Anxiety 324 

and Depression Scale (HADS-D). The HADS is a 14-item self-report measure, comprising seven 325 

items each dedicated to assessing anxiety and depression. Each item is rated on a 4-point Likert 326 

scale ranging from 0 to 3, resulting in a subscale score between 0 and 21. In alignment with 327 

established literature, a HADS-D score exceeding 7 was employed to categorize patients as 328 

exhibiting significant depressive symptoms for the purposes of this study [21]. 329 

Routine biochemical measurements 330 

Fasting blood samples were obtained from all participants in the morning prior to their 331 

hemodialysis sessions. Routine biochemical parameters were assessed at the hospital's central 332 

laboratory utilizing a Beckman Coulter AU5800 chemistry analyzer (Beckman Coulter, Inc., 333 

Brea, CA, USA). The parameters measured included fasting glucose (GLU), urea (UREA), 334 

creatinine (CRE), uric acid (UA), total cholesterol (TC), triglycerides (TG), high-density 335 

lipoprotein cholesterol (HDL-C), low-density lipoprotein cholesterol (LDL-C), and albumin 336 

(ALB). A complete blood count, encompassing neutrophil, lymphocyte, monocyte, and platelet 337 

counts, was conducted using a Mindray BC-6800Plus auto hematology analyzer (Mindray, 338 

Shenzhen, China). Based on these results, four indices related to inflammation and nutrition were 339 

calculated: the neutrophil-to-lymphocyte ratio (NLR), monocyte-to-lymphocyte ratio (MLR), 340 

systemic immune-inflammation index (SII; calculated as Platelets × Neutrophils / Lymphocytes), 341 

and the prognostic nutritional index (PNI; calculated as Albumin [g/L] + 5 × Lymphocyte count 342 

[×10⁹/L]). 343 

Quantification of serum neurotransmitters by LC-MS/MS 344 

The serum concentrations of 15 neurotransmitters and their metabolites, including gamma-345 

aminobutyric acid (GABA), glutamate (Glu), dopamine (DA), norepinephrine (NEP), 346 

epinephrine (EP), serotonin (5-HT), and 5-hydroxyindoleacetic acid (5-HIAA), were quantified 347 

utilizing a validated liquid chromatography-tandem mass spectrometry (LC-MS/MS) method 348 

(Waters Xevo TQ-XS). Absolute quantification was achieved through the use of stable isotope-349 

labeled internal standards. 350 
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Sample preparation 351 

A 100 μL aliquot of serum was mixed with ascorbic acid to achieve a final concentration of 1000 352 

ng/mL, thereby inhibiting oxidation. A stable isotope-labeled internal standard (IS) solution was 353 

then added to obtain a final concentration of 10 ng/mL. Protein precipitation was carried out by 354 

adding 400 μL of acetonitrile, followed by vortex mixing for 1 minute. The mixture was 355 

centrifuged at 20,000 × g for 10 minutes at 4 °C. The supernatant was carefully transferred to a 356 

clean tube and evaporated to dryness under a gentle stream of nitrogen at ambient temperature. 357 

The residue was reconstituted in 100 μL of 90% acetonitrile, vortexed, and centrifuged again 358 

under the same conditions (20,000 × g, 10 minutes, 4 °C). The resulting supernatant was 359 

transferred to an autosampler vial for subsequent LC-MS/MS analysis. 360 

LC-MS/MS analysis 361 

Chromatographic separation was performed using a ZIC-cHILIC column (150 mm × 2.1 mm, 3 362 

μm; Merck) maintained at 30 °C. The mobile phase consisted of (A) 10 mmol/L ammonium 363 

formate in water, adjusted to pH 3.5 with formic acid, and (B) 15 mmol/L ammonium formate in 364 

90% acetonitrile, adjusted to pH 4.0 with formic acid. The gradient program was as follows: 0–365 

1.0 min, 90% B; 1.0–4.0 min, 90–80% B; 4.0–7.0 min, 80–60% B; 7.0–7.1 min, 60–50% B; 7.1–366 

9.0 min, 50% B; 9.0–9.1 min, 50–90% B; followed by re-equilibration at 90% B until 12.0 min. 367 

The flow rate was 0.3 mL/min, and the column temperature was maintained at 30 °C. The 368 

autosampler was kept at 6 °C, and the injection volume was 2 μL. The total run time for each 369 

sample was 12 minutes. 370 

The mass spectrometer was operated in positive electrospray ionization (ESI+) mode using 371 

multiple reaction monitoring (MRM). Source parameters were optimized to maximize signal 372 

intensity and included a capillary voltage of 2.5 kV, a source temperature of 150 °C, and a 373 

desolvation temperature of 500 °C. For each analyte and its corresponding internal standard, 374 

precursor–product ion transitions, cone voltage, and collision energy were carefully optimized to 375 

ensure specificity and sensitivity. The MRM transitions and compound-specific mass 376 

spectrometric parameters for all analytes and internal standards are provided in Supplementary 377 

Table S1. 378 
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Quality control 379 

Each analytical batch comprised quality control (QC) samples at low, medium, and high 380 

concentrations, which were prepared by spiking known quantities of standards into a pooled 381 

serum matrix. Furthermore, each batch included the analysis of a matrix blank—serum processed 382 

with internal standards (IS) but devoid of analyte standards—and a solvent blank, to assess 383 

background interference and potential system contamination. 384 

Statistical analysis 385 

Data preprocessing and univariate analysis 386 

Before conducting the analysis, the dataset underwent several preprocessing steps. The 387 

proportion of missing values was minimal, at 2.68%, predominantly affecting the LDL-C and 388 

income variables. These missing values were imputed using a Random Forest algorithm to 389 

maintain data integrity.  390 

For the development of machine learning models, all features were appropriately scaled. 391 

Continuous variables, including age, BMI, and the concentrations of all biochemical and 392 

neurotransmitter markers, were standardized using a Z-score transformation to achieve a mean of 393 

0 and a standard deviation of 1. Categorical variables, such as employment status, alcohol use, 394 

and tea consumption, were converted into numerical format through dummy variable encoding. 395 

Subsequently, univariate comparisons between the depressed and non-depressed groups were 396 

conducted. Continuous variables were expressed as mean ± standard deviation (SD) and 397 

compared using independent samples t-tests. Categorical variables were expressed as frequencies 398 

(percentages) and compared using Chi-square or Fisher’s exact tests, as appropriate. A two-sided 399 

p-value of less than 0.05 was considered indicative of statistical significance. 400 

Feature selection and model development 401 

The dataset, which includes demographic, biochemical, and neurotransmitter variables, was 402 

utilized to determine depression status as a binary outcome (1 indicating depressed, 0 indicating 403 

non-depressed). To identify the most pertinent predictors and minimize model complexity, the 404 

Least Absolute Shrinkage and Selection Operator (LASSO) regression, coupled with 10-fold 405 

cross-validation, was applied. 406 
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Model training and evaluation 407 

The feature set identified through the Least Absolute Shrinkage and Selection Operator (LASSO) 408 

was employed to train and evaluate eight distinct machine learning classifiers: logistic regression 409 

(LR), linear discriminant analysis (LDA), quadratic discriminant analysis (QDA), Naïve Bayes 410 

(NB), support vector machine (SVM), random forest (RF), gradient boosting machine (GBM), 411 

and classification and regression tree (CART). The performance of each model was 412 

comprehensively evaluated using a range of metrics, including the area under the receiver 413 

operating characteristic curve (AUC), accuracy, sensitivity, specificity, positive predictive value 414 

(PPV), negative predictive value (NPV), and the F1-score. 415 

Data availability 416 

The de-identified datasets and analysis code generated and/or analysed during the current study 417 

are not publicly available due to patient privacy and institutional data protection requirements, 418 

but are available from the corresponding author on reasonable request and with permission from 419 

Ezhou Central Hospital. 420 
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