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A B S T R A C T

Objectives: The chronic kidney disease (CKD) patients were at high risk for severe clinical complications during 
the COVID-19 pandemic. Our objectives were to evaluate comorbidity prevalence; predict mortality risks for CKD 
patients during the pandemic; assess how various health factors interact to influence mortality; and provide 
insights for targeted prevention strategies.
Method: We analysed data from 186,396 CKD patients in Mexico during the entire pandemic (Jan 2020- May 
2023). Explainable artificial intelligence (XAI) methods with extreme gradient boosting (XGBoost) models and 
Shapley Additive Explanations (SHAP) were developed to predict mortality for CKD patients with model in
terpretations. Different metrics were used to comprehensively evaluate model’s generalisation performances.
Results: The most prevalent comorbidities were hypertension (64.39 %), diabetes (49.79 %), and obesity 
(16.46 %). Male patients and older individuals showed higher risk for adverse outcomes. The overall mortality 
rate was 19.33 %, with significantly higher mortality in COVID-19 positive patients (33.9 %) compared to 
COVID-19 negative patients (10.1 %). Comorbidities with the most significant impact on the mortality included 
diabetes, hypertension, and obesity, which were more frequent in the COVID-19 positive group and associated 
with higher rates of intubation, and ICU admission. Pneumonia was identified as a major predictor of negative 
outcomes in CKD patients with COVID-19. CVD was more common in the COVID-19 negative group. Our ma
chine learning models achieved performances of AUC= 0.76 and F1-score= 0.75 for predicting mortality during 
the pandemic.
Conclusion: Targeted management of comorbid conditions, especially respiratory infections, is crucial in CKD 
patients during pandemics.

Introduction

Chronic kidney disease (CKD) is a multifaceted disorder occurring in 
approximately 13 % of the population worldwide and representing a 
significant health and financial burden, particularly among those with 
comorbidities [1,2]. The prevalence of CKD is rapidly increasing in 
Western countries, including the UK. Projections from 2012 estimate 
that by 2036, more than 4 million people in England will have CKD in 
stages 3–5 [1]. This trend is expected to worsen due to demographic 
shifts, the obesity epidemic, and the effects of climate change, all of 

which will likely contribute to increased kidney disease prevalence, with 
significant implications for global survival rates [3].

Several comorbidities, including hypertension, diabetes, cardiovas
cular disease (CVD), obesity, asthma, and chronic obstructive pulmo
nary disease (COPD), are commonly observed in patients with CKD. 
These conditions are known to exacerbate the severity of illnesses, 
potentially leading to increased mortality rate [4]. Unlike CVD, stroke 
and respiratory disease, CKD mortality continues to increase. Currently, 
CKD is the third fastest-growing cause of death globally and the only 
non-communicable disease with a persistent rise in age-adjusted 
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mortality [5]. By 2040, CKD is expected to rank as the fifth leading cause 
of global reduced lifespan [6].

The global outbreak of COVID-19 has added an additional layer of 
complexity to the management of patients with renal disease, as evi
dence suggests that these individuals may be at higher risk for severe 
clinical complications when infected with the virus [7]. Patients on 
dialysis and kidney transplant recipients were especially vulnerable, 
often showing unusual symptoms and facing worse outcomes. CKD has 
also been identified as a major risk factor for COVID-19 mortality, with a 
direct link between the severity of kidney dysfunction and death rates 
[7]. However, there is limited research that specifically addresses how 
COVID-19 complications differ between renal patients with and without 
various comorbidities.

On the other hand, despite the growing prevalence and severity of 
CKD, public awareness remains low, highlighting the need for improved 
education and the implementation of sustainable strategies for risk 
stratification as critical public health priorities [3]. As the world con
tinues to grapple with the aftermath of the COVID-19 pandemic, this 
study aims to fill these knowledge gaps by systematically analyzing the 
prevalence of comorbidities in CKD patients, both with and without 
COVID-19; developing and employing explainable AI (XAI) approach to 
assess how intricate interplay of various health factors affect mortality 
risks in CKD populations during the pandemic; and providing actionable 
insights into targeted prevention and treatment strategies for CKD pa
tients in future pandemics or seasonable infectious diseases.

Materials and methods

This methodology combined traditional statistical approaches with 
advanced machine learning techniques and XAI, offering a robust 
framework for analyzing the complex relationships between chronic 
comorbidities, COVID-19, and mortality in renal patients. The general 
workflow of this study is summarized in Fig. 1.

Study population and data source

This retrospective study extracted anonymized health information 
for 186,396 patients with CKD from the publicly available national 
healthcare data General Directorate of Epidemiology in Mexico [8]. This 
dataset covered the entire COVID-19 pandemic period from 30 January 
2020–5 May 2023 as declared by the WHO [9,10]. The data encom
passed epidemiological information on suspected viral respiratory dis
ease cases identified across the Health Sector, including both outpatient 

and inpatient cases. It covered patient demographics, epidemiology, 
chronic comorbidities, and clinical outcomes.

Key variables and outcomes

This study examined several key variables: 1) Demographic factors: 
age, gender; 2) Behavioural factors: smoking habits; 3) Clinical pre
sentations: occurrence of pneumonia, necessity for endotracheal intu
bation; 4) Epidemiological factors: contact with other COVID-19 cases; 
5) COVID-19 status: COVID-19 infection status. The healthcare author
ity defined a suspected case of COVID-19 as someone who had experi
enced at least two of these three symptoms within the last week: cough, 
fever, or headache, along with at least one of these additional symptoms: 
trouble breathing, joint pain, muscle aches, sore throat, runny nose, pink 
eye, or chest pain. Doctors then used a specific laboratory test called RT- 
PCR to confirm or rule out COVID-19; 6) Chronic comorbidities: COPD, 
bronchial asthma, hypertension, heart disease, diabetes, obesity, and 
other illnesses. Before COVID-19 testing, patients were asked about 
underlying health conditions that could increase the risk of serious 
complications if the patient tested positive for COVID-19.

Age was shown as medians with the 25th–75th interquartile range 
(IQR), as it was not normally distributed according to the Kolmogor
ov–Smirnov test and Q-Q plot. For further analysis, age was categorized 
into six distinct ranges: under 20, 21–30, 31–40, 41–50, 51–60, and over 
60. Differences between groups were tested using the chi-square test for 
categorical variables and the t-test or Mann–Whitney U test for contin
uous variables, based on the normality of the data. Missing values were 
excluded from the statistical analysis.

The adverse clinical outcome of interest in this study was mortality. 
The factors for mortality prediction included Age, Sex, Intensive Care Unit 
(“ICU”), Intubation, Pneumonia, Diabetes, Chronic Obstructive Pulmonary 
Disease (“COPD”), Asthma, Immunosuppression(“Immunosup”), Hyper
tension, Other Disease (“OtherDisease”), Cardiovascular Disease (“CVD”), 
Obesity, Smoker, Contacting Other Covid-Infected Individuals (“Con
tactOtherCovid”), COVID-19 Infection (“Covid19_status”). We then used 
these datasets to develop machine learning model aimed at predicting 
the adverse risk of mortality.

Machine learning model

We employed XGBoost algorithm, a decision tree-based ensemble 
model, for our predictive analysis. XGBoost was chosen for its several 
advantages: built-in regularization techniques to prevent overfitting; 

Fig. 1. General workflow of this study.
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internal cross-validation function, simplifying model evaluation by 
removing the need for external packages [11]; flexibility in addressing 
various problem types (including regression, classification, and ranking) 
[12]; efficient data matrix and model storage capabilities, saving time 
on large datasets by avoiding redundant computations; and advanced 
tree pruning strategy, growing trees to a maximum depth and then 
pruning backwards until improvements in the loss function fall below a 
set threshold, leading to more optimal models [11].

We created XGBoost model for mortality prediction. The dataset was 
split into three parts: 70 % for training, 15 % for validation, and 15 % 
for testing. The training data was used to build the model with a 5-fold 
cross validation to tune the hyperparameters. Validation data was used 
to detect overfitting by providing an unbiased evaluation of the model’s 
performance during training, and the test data was used to evaluate how 
well the model could generalize to new, unseen data.

In model development, the ‘scale_pos_weight’ parameter was utilized 
to handle data imbalance. Random search method was employed for 
hyperparameter optimization due to its efficiency in exploring large 
hyperparameter spaces. Table M1 (in the Supplementary Materials) il
lustrates the XGBoost hyperparameters tuned in this study.

Explainable artificial intelligence (XAI)
XGBoost model captures complex connections and interactions in the 

data, thereby bolstering its efficacy in predictive tasks. However, this 
complexity can obscure the specific contributions of individual features 
to predictions. To enhance model interpretability, we employed 
explainable SHAP (SHapley Additive exPlanations) values, a post-hoc, 
model-agnostic method of XAI [13]. SHAP values quantify feature 
contributions to predictions both globally and locally, helping to explain 
complex models like XGBoost.

SHAP values can offer a global interpretability about the overall 
behaviour of the model, illustrating how the model makes decisions 
across the entire dataset and the significance of different features. At the 
same time, SHAP values can provide a local interpretability on indi
vidual predictions, explaining why a specific outcome was reached by 
examining the contribution of each feature to that prediction [14]. To 
interpret the contribution of individual comorbidities and their joint 
effects on predicted mortality, we applied SHAP to the final predictive 
XGBoost mortality model. SHAP values quantify the marginal contri
bution of each comorbidity to mortality potential for each subgroup, 
expressed in log-odds units of mortality prediction. These values 
decompose each feature’s total SHAP contribution into an additive main 
effect and a pairwise interaction component, allowing assessment of 
whether the presence of one condition modifies the impact of another 
within the model.

For our binary features, interaction values were visualized as SHAP 
interaction dependence plots, which display four distinct regions rep
resenting all combinations of feature states (0/0, 1/0, 0/1, 1/1). The 
color scale in each plot reflects the interaction SHAP magnitude, where 
higher positive values indicate a synergistic increase in model-predicted 
mortality risk and negative values indicate attenuation of risk.

In addition, local SHAP waterfall plots and interaction dependency 
plots were generated for each comorbidity subgroup to visualize and 
interpret the feature-level contributions to mortality prediction at sub
group levels. These visualizations allowed detailed examination of how 
specific comorbidities influenced model output both independently and 
through their interactions with other risk factors.

Model evaluation
The model’s performance was assessed using several metrics, 

including accuracy, the area under the receiver operating characteristic 
curve (AUC), F1-score, sensitivity (also known as recall), specificity, 
positive predictive value (PPV, also known as precision), and negative 
predictive value (NPV).

An AUC of 1.0 indicates the model performs perfectly, while an AUC 
of 0.5 means the model performs as well as random chance. Differently, 

F1-score is a measure of the harmonic mean of precision and recall. 

F1 − score = 2
precision • recall
precision + recall 

F1-score can range from 0 to 1, with 1 representing a model that 
correctly classifies every observation into the appropriate class, and 
0 representing a model that cannot classify any observations into the 
correct class.

Using multiple metrics, we aimed to provide a comprehensive eval
uation of the models’ predictive capabilities, balancing between 
different aspects of performance such as correctly identifying positive 
cases, minimizing false positives, and overall discriminative ability.

In order to mitigate the risk of overfitting and enhance the reliability 
of model evaluations, we performed bootstrapping with 1000 resamples 
to generate performance metrics with 95 % confidence intervals, 
thereby showing the precision of our model

Statistical analysis

The frequency of comorbidities was evaluated within the entire CKD 
cohort, assessing the prevalence and distribution of these conditions 
within the cohort. The prevalence of chronic conditions also was eval
uated in renal patients both with and without COVID-19.

Moreover, we calculated the monthly mortality rate among COVID- 
19 positive (MDR+) and negative (MDR-) groups as follows 

MDR+ =
NDM+

TNM+

, MDR− =
NDM−

TNM−

where NDM+ is number of deaths among COVID-19 positive patients in 
the month, TNM+ is total number of COVID-19 positive patients in the 
month, while NDM- is number of deaths among COVID-19 negative 
patients in the month, TNM- is total number of COVID-19 negative pa
tients in the month.

Furthermore, we performed logistic regression to evaluate the 
strength of association of each factor with mortality as a comparison 
with XGBoost. Associations are presented as odds ratios (ORs) with 95 % 
confidence intervals. A p-value < 0.05 was considered statistically 
significant.

Software

All statistical analyses and machine learning model creation were 
performed using R software version 4.3.1. R packages for this study 
included ‘caret’, ‘xgboost’, ‘SHAPforxgboost’, ‘shapviz’.

Results

Demographic characteristics

The 186,396 patients with CKD in this study included 87,837 females 
and 98,559 males. The mean age of the cohort was 53.85 years. The age 
distribution across different age groups can be found in Figure E4 in 
Supplementary Materials, which highlights a significant proportion of 
older patients, with 42 % of the cohort aged over 60 years.

Prevalence of comorbidities

As shown in Table 1, the most prevalent comorbidities were: hy
pertension (64.39 %), diabetes (49.79 %), obesity (16.46 %), cardio
vascular disease (11.65 %), COPD (5.9 %). These findings underscore 
the high burden of metabolic and cardiovascular comorbidities in renal 
patients.
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COVID-19 status analysis

After excluding patients with unspecified COVID-19 status the 
remaining patients were categorised into two groups: COVID-19 posi
tive: 71,204 patients (39.9 %); COVID-19 negative: 107,258 patients 

(60.1 %) (Figure E5 in Supplementary Materials). Gender distribution 
showed that in females, 32,319 patients were COVID-19 positive, and 
51,869 COVID-19 negative; in males, 38,885 patients were COVID-19 
positive, and 55,389 COVID-19 negative. This distribution suggested a 
higher COVID-19 positivity rate among males (41.2 %) compared to 
females (38.4 %) (Figure E6 in Supplementary Materials). Moreover, the 
age distribution showed the median 57 years for the COVID-19 positive 
group and 55 years for the COVID-19 negative group (Figure E7 in 
Supplementary Materials).

Table E1 (in Supplementary Materials) showed the frequency of 
comorbidities and other variables in people who tested positive and 
negative for COVID-19. Diabetes, hypertension, and pneumonia were 
the most common diseases in both groups, but they were more frequent 
in the COVID-19 positive group (p < 0.05). Intubation, ICU admission, 
and hospital admission were also more common in the COVID-19 posi
tive group, with rates of 6.78 %, 3.35 %, and 58.37 %, respectively 
(p < 0.05). Obesity, asthma, and immunosuppressive disorders were 
higher in the positive group (p < 0.05). However, COPD, smoking 
habits, and CVD were more common in the negative group (p < 0.05).

Table 1 
Prevalence of different conditions in the entire renal patient population.

Condition Number of 
Patients with 
Condition

Number of 
Patients 
without 
Condition

Missing 
Data

Prevalence 
(%)

CVD 21705 164522 169 11.65
Diabetes 92712 93469 215 49.79
Hypertension 119944 66309 143 64.39
Obesity 30656 155569 171 16.46
Asthma 5346 180902 148 2.87
COPD 10992 175202 202 5.90
Intubation 7551 83657 95188 8.27
ICU Admission 4254 86948 95194 4.66
Hospital Admission 91694 94702 - 49.19
Smoker 17740 168307 349 9.53
Pneumonia 47564 137375 1457 25.71
Immunosuppression 14006 172209 181 7.52

Fig. 2. The monthly mortality rates during the entire pandemic period.
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Mortality rates

This study revealed an overall mortality rate of 19.33 % among CKD 
patients. Gender differences in mortality rates were observed: female 
CKD patients had a mortality rate of 17.3 %, while males had a higher 
rate of 21.64 %. Moreover, Fig. 2 presented the monthly mortality rates 
among COVID-19 positive and negative groups across the entire 
pandemic period. Counts of monthly deaths were shown in Figures E1 
(in the Supplementary Materials).

Furthermore, Figures E2 (in the Supplementary Materials) showed 
distinct mortality rates among CKD patients with different comorbid 
conditions and smoking. The highest mortality rate of 47.86 % was due 
to CKD patients with pneumonia, while the asthma-CKD group had the 
lowest mortality rate of 11.56 %.

Mortality was significantly higher among COVID-19 positive patients 
compared to COVID-19 negative patients (33.9 % vs. 10.1 %, 
p < 0.001). We further evaluated subgroup mortality rates among CKD 
patients with and without COVID-19 (Figures E3 in the Supplementary 
Materials), revealing significant differences across various comorbid
ities. Pneumonia-CKD patients experienced the highest mortality rates, 
at 61.98 % with COVID-19 and 28.38 % without. Subsequently, 
diabetic-CKD patients had mortality rates of 43.31 % with COVID-19 
compared to 13.17 % without COVID-19, while the asthma-CKD group 
had notably both the lowest mortality rates, at 19.08 % with COVID-19 
and 6.27 % without. These findings underscore a significantly elevated 
mortality risk among CKD patients with COVID-19, with males consis
tently exhibiting higher mortality rates than females.

Machine learning models

An optimal XGBoost model was developed for predicting mortality. 
To improve the XGBoost models for predicting clinical outcome among 
renal patients, we performed hyperparameter tuning using 5-fold cross 
validation. For creating models, the datasets of each clinical outcome 
were divided into a training set (54,915 patients), a validation set 
(11,767 patients), and a test set (11,767 patients). These settings were 

then used to train the models on the entire training dataset. The per
formance of the trained XGBoost model was evaluated using the test 
datasets.

The XGBoost model for predicting mortality demonstrated superior 
performance on the held-out test set. It achieved an AUC of 0.77 (95 % 
CI: 0.76–0.77), accuracy of 0.71 (95 % CI: 0.70–0.72), precision of 0.80 
(95 % CI: 0.79–0.81), recall of 0.72 (95 % CI: 0.71–0.73), F1-score of 
0.75 (95 % CI: 0.75–0.76), specificity of 0.70 (95 % CI: 0.68–0.71), and 
negative predictive value of 0.59 (95 % CI: 0.57–0.60). Performance 
metrics were estimated with 1000 bootstrap iterations to provide con
fidence intervals, demonstrating stable predictive ability. Fig. 3 presents 
the ROC curve of the model for mortality prediction in the test set of CKD 
patients.

Feature importance
Fig. 4 shows the SHAP summary plot for the mortality prediction 

model. The top 10 most important features were “COVID-19 status”, 
“Pneumonia”, “Intubation”, “Age_over_60”, “Sex”, “AgeLessThan20”, 
“ContactOtherCOVID”, “Age_21_30”, “Age_51_60”, and “Diabetes”. The 
contributions of comorbidities to the mortality risk were ranked as 
“Diabetes”, “CVD”, “Hypertension”, “Immunosuppression”, “Obesity”, 
“Asthma”, and “COPD”. Age again emerged as a dominant predictor.

In addition, Table 2 presents associations of each factor with mor
tality in CKD patients generated by the logistic regression. Several 
clinical conditions demonstrated statistically significant associations 
with increased odds of mortality: intubation (OR = 6.41, p < 0.05), 
pneumonia (OR = 1.89, p < 0.05), diabetes (OR = 1.07, p < 0.05), 
obesity (OR = 1.041, p < 0.05). Furthermore, advancing age was a 
significant predictor, with older age groups demonstrating a progressive 
increase in mortality risk compared to the reference group. These find
ings are consistent with those achieved by XGBoost and SHAP analysis.

Interactions of the factors
This study further explored the complex interactions of risk factors in 

mortality through advanced analytical techniques. By examining how 
different factors interact to associate with mortality, we revealed 

Fig. 3. ROC Curves for Mortality Prediction Model.
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nuanced insights about disease progression and patient outcomes. For 
instance, this study revealed four discrete zones corresponding to all 
possible combinations of infection status (Fig. 5A). Patients without 
either infection (pneumonia = 0, COVID-19 = 0) had near-zero SHAP 
values, indicating minimal contribution to predicting mortality. Pres
ence of either pneumonia or COVID-19 alone was associated with 
modestly elevated SHAP values, suggesting a moderate independent 
increase in predicted mortality risk. Moreover, the presence of both 
pneumonia and COVID-19 (both = 1) exhibited markedly the highest 

SHAP interaction values, indicating a synergistic pattern in which con
current infection substantially amplified the model’s predicted mortality 
risk beyond the additive effects of each condition individually. Another 
case study of the interaction analysis between diabetes and age (Fig. 5B) 
demonstrated that the association of diabetes with mortality was not 
uniform across age groups, which warrants further research.

Figures S18-S28 (in Supplementary Materials) revealed intricate in
teractions among other comorbidities and demographic factors in pre
dicting mortality.

Our findings highlighted that the impact of individual conditions can 
vary, with some combinations creating more synergistic effects on pre
diction of potential health outcomes. Local SHAP waterfall plot of CKD 
patients with diabetes revealed that within this subgroup, advanced age 
(>60 years) and diabetes status were the strongest positive contributors 
to mortality prediction (Figure S1 in Supplementary Materials). Covid- 
19 status showed a negative SHAP contribution in this subgroup, sug
gesting that once diabetes and CKD were present, Covid-19 infection did 
not substantially increase predicted risk beyond the high baseline 
conferred by these comorbidities. In the subgroup of CKD patients with 
obesity (Figure S7 in Supplementary Materials), SHAP waterfall analysis 
indicated that intubation status had the strongest positive association 
with mortality predictions (+0.0437), followed by obesity (+0.0266) 
and age > 60 years (+0.0258). Diabetes also contributed modestly to 
increased risk. For further observations, see Figures in the Supplemen
tary Materials depicting waterfall plots for subgroup patients with 
different comorbidity profiles, demonstrating how each feature con
tributes to the predictions of mortality.

These results provided a comprehensive overview of the impact of 
various factors on mortality among renal patients, highlighting the 
complex interplay between demographic characteristics, comorbidities, 
and clinical outcomes. The machine learning models, combined with 
XAI techniques, offer additional insights into the relative importance of 
different factors and their interactions, potentially informing more 

Fig. 4. SHAP Summary Plots for XGBoost Mortality Model: Each dot represents a SHAP value for a feature in a specific prediction. The position of a dot along the x- 
axis indicates the impact of feature on the model’s prediction for that instance, with negative values on the left (decreasing the likelihood of outcome) and positive 
values on the right (increasing the likelihood of outcome). The numbers next to each feature on the y-axis represent the mean absolute SHAP value for that feature 
across all instances. The mean absolute SHAP value measures the overall importance of the feature, regardless of whether its effect is positive or negative.

Table 2 
Multivariate logistic regression analysis of mortality predictors in CKD patients.

Variable Odds Ratio 
(OR)

95 % CI 
(Lower)

95 % CI 
(Upper)

p-value

Sex 0.886714 0.857663 0.916738 1.49E-12
Intubation 6.407315 5.949022 6.905774 0
Pneumonia 1.892438 1.830789 1.956186 0
Diabetes 1.067424 1.028261 1.108098 0.000625
COPD 0.992393 0.927123 1.06205 0.825616
Asthma 0.842895 0.741303 0.957225 0.008759
Immunosuppression 0.92507 0.869039 0.984477 0.014366
Hypertension 1.006603 0.96757 1.04725 0.744432
Other Disease 1.242165 1.16433 1.325031 4.86E-11
CVD 0.896344 0.852681 0.942131 1.71E-05
Obesity 1.041298 0.996258 1.08831 0.072651
Smoker 1.028574 0.971324 1.089052 0.33435
Contact Other Covid 0.803805 0.766881 0.842417 8.00E-20
ICU 0.811194 0.742316 0.886324 3.72E-06
Covid19 3.856315 3.730326 3.986807 0
Age under 20 Ref Ref Ref Ref
Age 21–30 2.097901 1.748281 2.529759 3.71E-15
Age 31–40 2.754542 2.312993 3.298297 4.17E-29
Age 41–50 3.577896 3.01208 4.27403 2.64E-46
Age 51–60 4.348655 3.66979 5.183133 1.41E-62
Age over - 60 5.803577 4.908237 6.903293 6.62E-91
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Fig. 5. Dependency Plots of Pneumonia-COVID-19 (A), and Diabetes-Age (B) in Mortality Prediction.
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targeted risk assessment and management strategies for this high-risk 
population.

Discussion

Chronic kidney disease represents a significant public health 
concern, with effective risk stratification being crucial for timely inter
vention and management. This comprehensive study of 186,396 CKD 
patients in the national database during the COVID-19 pandemic has 
yielded several significant findings that contribute to our understanding 
of CKD outcomes and risk factors. Our findings highlight the complex 
interplay between CKD, comorbidities, and mortality, offering valuable 
insights for clinical management and risk stratification. These findings 
can be contextualized against international research, revealing both 
consistencies and important discrepancies.

Comparisons with other studies

In this study, the overall CKD mortality rate of 19.33 % and COVID- 
19-positive CKD mortality of 33.9 % aligns with global findings. An 
Italian study of CKD patients reported a crude mortality rate of 44.6 % 
among CKD patients with COVID-19 compared to 4.7 % in CKD patients 
without COVID-19 [7], which is actually higher than the Mexican 
findings. The UK’s OpenSAFELY study of 17 million patients identified 
CKD stages 4–5 as conferring higher risk than diabetes or chronic heart 
disease, with dialysis showing an adjusted hazard ratio of 3.69 and CKD 
with eGFR < 30 mL/min showing aHR of 2.52 [15].

This study found hypertension (64.39 %), diabetes (49.79 %), and 
obesity (16.46 %) as the most prevalent comorbidities. This pattern is 
generally consistent with international findings, though prevalence 
rates vary. An Italian CKD cohort reported 33.8 % had diabetes, 21.0 % 
had cardiovascular comorbidities, and 5.1 % had COPD [7]. The notably 
higher comorbidity rates in our CKD-specific cohort likely reflect the 
advanced disease burden in this population.

Our study found that COPD and smoking showed minimal mortality 
impact contrasts sharply with some international studies. A 2020 meta- 
analysis of 15 studies found COPD patients were at higher risk of severe 
COVID-19 disease, with a calculated risk ratio of 1.88 and associated 
mortality of 60 %, though COPD prevalence among COVID-19 cases was 
only 2 % [16]. Multiple international studies have documented the 
controversial "smoker’s paradox," where current smokers appeared un
derrepresented among COVID-19 patients. Research identified several 
biases and knowledge gaps that may give the false impression smoking is 
protective in COVID-19, with claims of protective effects viewed as 
limited and questionable [17]. A Dutch study of 57,833 participants 
found current smokers were more likely to be non-responders to 
COVID-19 questionnaires, and these non-responders were more likely to 
have other established risk factors for SARS-CoV-2 infection, potentially 
explaining the paradox [18].

Our finding of higher male mortality (21.64 % vs. 17.3 % in females) 
in this study is consistent with global patterns. International reports 
generally identify older age, male sex, obesity, hypertension, diabetes, 
cardiovascular disease and chronic lung disease as risk factors for 
COVID-19 mortality [19].

Prevalence and impact of risk factors

Our analysis revealed a high prevalence of comorbidities among CKD 
patients during the COVID-19 pandemic, with diabetes, hypertension, 
and pneumonia being the most common. This aligns with previous 
studies before the pandemic [2]. The higher prevalence of these 
comorbidities in the COVID-19 positive group highlights the complex 
nature of CKD and its association with metabolic disorders, suggesting 
that these conditions may increase susceptibility to SARS-CoV-2 infec
tion or lead to more frequent testing and diagnosis.

Fig. 2 showed a general trend of the drops of mortality rates in both 

COVID-19 positive and negative groups. Such a declining trend could be 
due to increasing numbers of participants being tested (i.e. the de
nominators) along with the pandemic and gradually advancing mea
sures of tackling the SARS-CoV-2 infections. The strong association 
between pneumonia and both COVID-19 infection and mortality un
derscores the importance of respiratory health in renal patients, espe
cially given its emergence as a major risk factor for adverse outcomes in 
our predictive models. This finding is consistent with the previous 
research indicating that CKD patients are at increased risk for respira
tory infections and related complications [7]. Such strong links between 
pneumonia and adverse outcomes emphasize the need for vigilant 
monitoring and aggressive management of respiratory symptoms in this 
vulnerable population.

Diabetes significantly increases the risk of mortality in CKD patients, 
consistent with findings from other studies. The risk of death is partic
ularly high for individuals who have both diabetes and CKD, compared 
to the general population [20]. For people with type 2 diabetes and 
diabetic kidney disease (DKD), the risk remains alarmingly high, with 
one out of every 27 individuals with DKD dying each year [21](p2). 
Another recent study found that CKD may affect 25–50 % of people with 
diabetes, leading to higher mortality rates and increased healthcare 
costs associated with DKD [22].

Notably, COPD and smoking habits did not show strong contribu
tions to clinical outcomes in this study. COPD has been reported as an 
associated risk factor with increased odds of mortality during the 
pandemic [23]. Many meta-analyses of observational studies confirm 
that smoking is linked to severe COVID-19 and poor outcomes [24–26], 
due to increased levels of angiotensin-converting-enzyme-2 (ACE2), 
immune system disturbances, blood vessel damage, and a higher like
lihood of blood clots [26,27]. Our results fall in the middle of the risk 
spectrum, showing neither a protective nor harmful effect, which war
rants careful consideration of potential explanations. In CKD patients, 
the overwhelming burden of renal disease and associated comorbidities 
may overshadow the independent effects of COPD and smoking. When 
multiple strong risk factors coexist, machine learning models may 
attribute mortality risk primarily to the most dominant predictors, 
potentially masking weaker associations.COPD prevalence was only 
5.9 % and smoking prevalence was 9.53 % in this CKD population, 
which is notably lower than in many general COVID-19 cohorts. This 
lower prevalence could limit statistical power to detect associations. 
Additionally, the study notes that COPD and smoking were actually 
more common in the COVID-19 negative group, which runs counter to 
expected patterns and suggests possible selection bias or survival bias 
effects. CKD patients with severe COPD may have been underrepre
sented in this dataset due to healthcare avoidance that severely ill pa
tients may have avoided hospitals during the pandemic; or protective 
medications that CKD patients with respiratory comorbidities may have 
been on protective treatments (inhaled corticosteroids, bronchodilators) 
that modified COVID-19 outcomes. The so-called "smoker’s paradox" 
has also been revealed in acute myocardial infarction [28]. The 
"smoker’s paradox" in COVID-19 literature may reflect collider bias that 
COVID-19 testing was not random while smokers who were tested may 
represent a selected subgroup; also reflect age confounding that younger 
smokers might have been more likely to survive despite smoking. 
Geographic and healthcare system factors specific to Mexico may be 
relevant, such as different smoking prevalence patterns compared to 
Western countries, and cultural factors affecting smoking disclosure. 
This topic merits further investigations.

Regarding mortality of CKD patients, a major public health issue, our 
findings indicated that clinical interventions, such as intubation, are 
significantly associated with an increased likelihood of death. While 
Jang et al. observed that prolonged intubation decreases the survival 
rates of patients receiving mechanical ventilation [29], the specific 
impact of intubation on mortality among CKD patients remains unclear 
and need to be more studied by future research. Interestingly, admission 
to the ICU appears to be linked to a lower risk of mortality, potentially 
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highlighting the effectiveness of intensive care in managing severe 
conditions and improving survival outcomes despite the critical status of 
these patients [30].

Not surprisingly, COVID-19 infection emerged as one of the strongest 
risk factors for death in patients with CKD. Gilbertoni found that COVID- 
19-related mortality in CKD patients was about ten times higher than in 
those without COVID-19 [7]. Therefore, these individuals with 
COVID-19 need careful monitoring and management to reduce their risk 
of death [31].

In this study, the 10.1 % mortality rate observed in COVID-negative 
CKD patients, while substantially lower than the 33.9 % rate in COVID- 
positive patients, remains considerable and warrants careful interpre
tation. Several factors may contribute to this finding. First CKD patients 
commonly experience complications that can phenotypically resemble 
COVID-19, including pulmonary edema and fluid overload presenting 
with dyspnea and respiratory distress; uremic encephalopathy causing 
altered mental status similar to COVID-19-related neurological symp
toms [32]. These overlapping clinical presentations may have led to 
COVID-19 testing in patients whose symptoms were primarily driven by 
CKD-related complications rather than viral infection. This could 
explain a portion of the mortality observed in the COVID-negative 
group, as these patients were genuinely ill from non-COVID causes 
that prompted testing.

Additionally, RT-PCR testing for SARS-CoV-2, while considered the 
gold standard, has known limitations with sensitivity ranging from 70 % 
to 95 % depending on timing of testing relative to symptom onset, 
specimen quality, and viral load [33,34]. False negative rates are 
particularly high when testing occurs very early or late in the disease 
course, and multiple studies have documented that a single negative 
RT-PCR does not completely exclude COVID-19 infection [35]. It is 
plausible that some patients in our COVID-negative cohort had false 
negative test results and were actually infected with SARS-CoV-2. A 
meta-analysis by Kucirka et al. demonstrated that the false-negative rate 
of RT-PCR varies from 100 % on day 1 of infection to 20 % on day 8 (3 
days post-symptom onset), increasing again as the infection progresses 
[36]. This would be expected to partially attenuate the observed mor
tality difference between groups (making COVID-negative mortality 
appear higher than it truly should be).

COVID-19 underdiagnosis was more likely during early pandemic 
phases (early 2020) when testing availability was limited, clinical 
awareness of atypical COVID-19 presentations was still developing, and 
testing criteria were more restrictive [37]. Our dataset spans from 
January 2020 to May 2023, encompassing these early periods of limited 
testing capacity. However, several factors mitigate this concern. The 
dataset includes the entire pandemic period, with the majority of cases 
occurring after mid-2020 when testing became more widely available. 
Mexico implemented broad testing strategies for suspected respiratory 
infections, particularly in high-risk populations including CKD patients 
[8]. Our case definition (Section 2.2) required RT-PCR confirmation, 
representing the most specific diagnostic approach available. It is 
important to contextualize the 10.1 % mortality rate within the known 
high baseline mortality risk of CKD patients even in the absence of 
COVID-19. Pre-pandemic studies have documented annual mortality 
rates of 6–8 % in stage 3–5 CKD patients [38,39], with substantially 
elevated mortality risk from cardiovascular disease (present in 11.65 % 
of our cohort), infections, and CKD progression. Our study period 
spanned 3.25 years (January 2020 - May 2023), during which 
non-COVID mortality would naturally accumulate. The 10.1 % mortal
ity rate in COVID-negative patients may largely reflect the underlying 
disease burden of this high-risk population rather than indicating 
widespread COVID-19 underdiagnosis.

While some degree of COVID-19 misclassification (both false nega
tives and CKD complications mimicking COVID-19) is possible, several 
factors suggest this does not substantially compromise our key findings. 
Our primary aim was to identify risk factors for mortality in CKD pa
tients during the pandemic period and develop predictive models—both 

objectives remain valid regardless of some potential misclassification. 
The very large sample size (178,462 patients with confirmed status) 
provides robustness against moderate levels of misclassification [40]. 
Our XAI-based models successfully identified pneumonia as the major 
predictor of mortality in COVID-positive patients (Fig. 4), demonstrating 
clinical validity

Health disparities in gender and age

Our analysis revealed that males with renal disorders are more likely 
to experience adverse clinical outcomes compared to females during the 
pandemic. This finding aligns with research suggesting that males are at 
a higher risk for severe health outcomes before the pandemic [41,42]. 
The exact reasons behind these gender differences are not entirely clear, 
but they may be linked to the higher prevalence of kidney disease risk 
factors and more rapid progression of CKD in men [43]. These obser
vations highlight the need for further exploration of how gender in
fluences the development and progression of CKD.

The COVID-19 infection rate of 39.9 % among CKD patients is 
alarming and suggests a heightened susceptibility to infection in this 
population. The higher infection rate observed in male patients (41.2 % 
vs. 38.4 % in females) aligns with global trends of COVID-19 dispro
portionately affecting men. This gender disparity in infection rates may 
be attributed to biological factors, such as differences in immune re
sponses, or behavioural factors like adherence to preventive measures.

When comparing different age groups, all older age groups have a 
significantly higher likelihood of COVID-19 infection and mortality 
compared to those under 20, underscores the increasing burden of CKD 
in aging populations, a trend observed globally. Previous studies on 
COVID-19 and mortality rate have consistently linked age to adverse 
clinical outcomes [44,45].

Insights into subpopulations

The use of SHAP values for model interpretation provided valuable 
insights into the relative importance of different factors in predicting 
outcomes as shown in the summary plot (Fig. 4). Interestingly, SHAP 
analysis further offered a way of examining the impact of risk factors on 
clinical outcomes for a subpopulation, such as subgroups of individuals 
with specific comorbidities via waterfall plots. As shown in Figures S1- 
S17 (Supplementary Materials), we generated waterfall plots for various 
subgroups of individuals with specific comorbidities to gain clearer and 
more informative insights into the mortality prediction in different 
subpopulation of CKD patients with specific pre-existing disorders. For 
example, in subgroup analysis restricted to CKD patients with diabetes 
(Figure S1, Supplementary Materials) underscores the major role of 
acute respiratory compromise, as evidenced by intubation being the 
most influential feature in mortality prediction. This aligns with clinical 
evidence that obesity predisposes to severe respiratory failure and poor 
ventilatory reserve. Age > 60 years and obesity itself also independently 
increased predicted risk, consistent with their known biological roles in 
adverse outcomes.

These findings emphasize that in comorbidity-heavy populations, 
local model explanations can reveal nuanced interactions, where 
dominant baseline risks (such as obesity or diabetes) may overshadow 
the incremental effects of acute infections like Covid-19. Taken together, 
these findings demonstrate that machine learning interpretability 
methods such as SHAP can provide clinically meaningful insights, 
revealing both global drivers of risk and subgroup-specific interactions. 
However, It is important to note that SHAP values waterfall plots pro
vide local explanations that are conditional on the specific subgroup and 
the trained model, and should not be interpreted as direct causal effects. 
Apparent counterintuitive findings, such as Covid-19 status contributing 
negatively to mortality predictions in certain subgroups, reflect how the 
model assigns relative importance based on the data distribution and 
feature interactions, rather than true protective effects. These results 
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may be influenced by subgroup composition or sample imbalance. 
Therefore, local explanations should be interpreted in conjunction with 
global SHAP summary plots, which provide an overall picture of feature 
importance across the full cohort. Considering both perspectives allows 
a more balanced understanding of the global drivers of mortality risk as 
well as subgroup-specific variations.

The SHAP interaction analysis identified a pronounced synergistic 
effect between pneumonia and COVID-19 on mortality risk prediction. 
Patients with both infections had a disproportionately higher model- 
predicted risk compared to those with only one infection, implying 
that the model detected a nonlinear interaction between these respira
tory conditions. This finding aligns with clinical evidence showing that 
bacterial or secondary pneumonia in COVID-19 patients is associated 
with severe respiratory failure, prolonged hospitalization, and increased 
mortality. Although SHAP values reflect model behavior rather than 
causal inference, this result supports the clinical understanding that co- 
infection exacerbates disease severity and provides model-based evi
dence for the heightened vulnerability of these patients.

The observed interaction between diabetes and age provides 
important clinical insight into the age-dependent influence of metabolic 
disease on mortality among CKD patients. The stronger effect of diabetes 
on mortality prediction in younger individuals suggests that diabetes 
confers a disproportionate relative risk early in life, when competing 
age-related risks are otherwise low. This pattern aligns with epidemio
logical evidence showing that diabetes-related mortality risk is most 
pronounced in younger adults with CKD, where early metabolic de
rangements and microvascular complications may accelerate disease 
progression. In contrast, the diminishing incremental contribution of 
diabetes with advancing age indicates that, in older CKD patients, 
baseline vulnerability associated with aging and multimorbidity domi
nates overall mortality risk. The smaller separation of SHAP values be
tween diabetic and non-diabetic elderly patients implies that, beyond a 
certain age threshold, diabetes adds relatively less discriminative in
formation to the model’s mortality prediction. Importantly, the model 
also revealed a synergistic effect when diabetes and advanced age co- 
occurred, substantially increasing the predicted probability of mortal
ity. This finding highlights the clinical importance of integrated risk 
management in older diabetic CKD patients, where the convergence of 
metabolic, vascular, and age-related factors likely compounds 
vulnerability.

This study highlights the potential of explainable machine learning 
approaches, particularly SHAP-based interpretation, to elucidate com
plex and nonlinear interactions between comorbidities in CKD patients, 
offering a more nuanced understanding of mortality risk beyond tradi
tional statistical modeling.

Translating insights into actionable clinical strategies

The insights from this study can be translated into actionable clinical 
strategies that go beyond merely confirming well-established risk fac
tors. These strategies focus on leveraging the study’s findings to refine 
clinical interventions, risk stratification, and healthcare resource allo
cation, particularly during pandemics or other public health crises.

Traditional CKD management does not consider the dynamic inter
play of multiple comorbidities in real-time. The high prevalence of hy
pertension (64.39 %) and diabetes (49.79 %) underscores the need for 
aggressive management of these conditions in CKD patients. This in
cludes tighter blood pressure control (<130/80 mmHg) and optimized 
glycemic management (e.g., HbA1c ≤7 %) during periods of increased 
risk (e.g., flu season, pandemic surges) to reduce mortality risks. Obesity 
(16.46 %) was associated with worse outcomes, highlighting the need 
for weight management programs, including dietary interventions and 
pharmacologic therapies like GLP-1 receptor agonists. Going beyond 
general CKD management, targeted management protocols for CKD 
patients with these specific comorbidities also involve collaboration 
between nephrologists, endocrinologists, cardiologists, and dieticians to 

provide comprehensive care, and patient education with enhanced ed
ucation programs focusing on self-management of comorbidities, 
including diet, exercise, and medication adherence.

CVD was present in 11.65 % of CKD patients and more common in 
COVID-19-negative patients, suggesting a need for routine cardiovas
cular screening for CVD risk factors (hypertension, hyperlipidemia) in 
CKD patients, especially those who were COVID-19 negative during the 
pandemic. CKD patients with CVD can also benefit from lifestyle mod
ifications, including a balanced diet, regular exercise, and smoking 
cessation. Proactive CVD management strategies also need medication 
optimisation to manage CVD risk factors, such as statins for hyperlip
idemia and antihypertensive medications for hypertension.

Pneumonia was identified as the major predictor of mortality in 
COVID-19-positive CKD patients, yet it is preventable with early inter
vention. This calls for enhanced vaccination strategies, including 
pneumococcal and influenza vaccines, as well as early use of antiviral or 
antibiotic therapies to prevent and aggressively manage respiratory in
fections. CKD patients often receive suboptimal respiratory monitoring 
compared to other high-risk groups. Regular respiratory monitoring, 
such as pulse oximetry at home, can help detect early signs of respiratory 
distress in high-risk patients. Proactive measures of prevention and 
management of respiratory infection can also benefit from rapid diag
nostic testing for respiratory pathogens (including influenza, RSV, and 
COVID-19) in CKD patients presenting with respiratory symptoms, and 
timely antiviral or antibiotic therapy based on the identified pathogen, 
considering potential renal toxicity of medications.

Given the higher rates of intubation (6.78 %) and ICU admission 
(3.35 %) among COVID-19-positive CKD patients, hospitals should pri
oritize respiratory support training for healthcare staff and ensure 
adequate availability of ventilators during surges.

Males CKD patients had a higher COVID-19 positivity rate (41.2 %) 
and mortality rate (21.64 %). Most clinical protocols treat males and 
females the same, despite clear evidence of sex differences in immune 
responses and disease progression. Gender-specific strategies, such as 
targeted awareness campaigns, tailored education, smoking cessation, 
weight management etc need to be implemented to address these 
disparities.

With 42 % of the cohort aged over 60 years experiencing dispro
portionately high mortality rates, older CKD patients should receive 
priority access to vaccinations, antiviral therapies, and telemedicine 
consultations.

For immunosuppressed CKD patients (e.g., transplant recipients), 
alternative vaccine administration methods (e.g., intradermal delivery) 
could improve immune responses.

This study underscores that comorbidities in CKD patients don’t act 
in isolation—they interact in complex ways that AI-driven healthcare 
models can help unravel. These actionable strategies move beyond 
simply confirming risk factors to implementing innovative, proactive, 
and personalized solutions that can directly reduce mortality rates in 
CKD patients, especially during times of increased risk such as pan
demics or seasonal epidemics.

Strengths and limitations

This study is innovative in several ways. Firstly, this study specif
ically targeted CKD patients, a high-risk group during the COVID-19 
pandemic, providing valuable insights for their clinical management. 
Moreover, this study analysed data from 186,396 CKD patients, 
providing substantial analytics power and increasing the reliability of 
the findings. Thirdly, we examined multiple comorbidities and their 
impact on mortality from national healthcare data covering the entire 
COVID-19 pandemic, offering a holistic view of risk factors in CKD pa
tients. Fourthly, this study revealed differences in outcomes between 
male and female patients, contributing to our understanding of gender 
disparities in CKD and COVID-19. Fifthly, this study incorporated XAI 
techniques to enhance the clinical relevance of the findings. Finally, the 
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findings have direct implications for patient care, risk stratification, and 
clinical decision-making in the management of renal patients, especially 
in the context of pandemics or other seasonal periods for infectious 
diseases.

While our study provided valuable insights, several limitations 
should be acknowledged. Firstly, the retrospective nature of our analysis 
may limit the ability to establish causal relationships and control for all 
potential confounding factors. Secondly, there may be selection bias in 
COVID-19 reporting and testing, particularly early in the pandemic. This 
could affect the accuracy of COVID-19 prevalence estimates and asso
ciated risk factors. Thirdly, this study focused on specific comorbidities 
and demographic factors. Other potentially important variables, such as 
socioeconomic factors or access to healthcare, were not accounted for in 
the analysis. Fourthly, the CKD and comorbidities in this data were 
collected by participant’s self-reports before their COVID-19 testing. 
Although such self-reports of the underlining conditions were largely 
credible, the severity of these conditions or degree of recovery from 
these diseases cannot be accurately reflected. In addition, this national 
database does not include detailed pharmacological treatment infor
mation and different variants and treatment protocols (including vac
cinations). The dataset was primarily designed for epidemiological 
surveillance of respiratory diseases and focuses on demographic char
acteristics, comorbidities, clinical presentations, and outcomes rather 
than therapeutic interventions. This is a common limitation of large- 
scale public health surveillance databases, which prioritize breadth of 
coverage over depth of clinical detail [46]. Sixthly, this study used data 
from Mexico’s national healthcare system, reflecting Mexican health
care practices and policies. However, the findings of this study should be 
generalisable to the populations with similar healthcare settings.

Conclusions

Our study highlights the importance of managing comorbid condi
tions and respiratory infections in renal patients during the COVID-19 
pandemic. The use of advanced machine learning models with XAI 
techniques offered a comprehensive approach to understanding and 
predicting risk in this vulnerable population. As the global burden of 
kidney disease continues to grow, these insights will inform develop
ment of targeted strategies to improve patient care and outcomes during 
pandemics or other seasonal periods for infectious diseases.
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