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Abstract 

Background:  We developed machine learning models to understand the predictors of shorter-, intermediate-, and 
longer-term mortality among hemodialysis (HD) patients affected by COVID-19 in four countries in the Americas.

Methods:  We used data from adult HD patients treated at regional institutions of a global provider in Latin America 
(LatAm) and North America who contracted COVID-19 in 2020 before SARS-CoV-2 vaccines were available. Using 93 
commonly captured variables, we developed machine learning models that predicted the likelihood of death overall, 
as well as during 0–14, 15–30, > 30 days after COVID-19 presentation and identified the importance of predictors. 
XGBoost models were built in parallel using the same programming with a 60%:20%:20% random split for training, 
validation, & testing data for the datasets from LatAm (Argentina, Columbia, Ecuador) and North America (United 
States) countries.

Results:  Among HD patients with COVID-19, 28.8% (1,001/3,473) died in LatAm and 20.5% (4,426/21,624) died in 
North America. Mortality occurred earlier in LatAm versus North America; 15.0% and 7.3% of patients died within 
0–14 days, 7.9% and 4.6% of patients died within 15–30 days, and 5.9% and 8.6% of patients died > 30 days after 
COVID-19 presentation, respectively. Area under curve ranged from 0.73 to 0.83 across prediction models in both 
regions. Top predictors of death after COVID-19 consistently included older age, longer vintage, markers of poor nutri-
tion and more inflammation in both regions at all timepoints. Unique patient attributes (higher BMI, male sex) were 
top predictors of mortality during 0–14 and 15–30 days after COVID-19, yet not mortality > 30 days after presentation.

Conclusions:  Findings showed distinct profiles of mortality in COVID-19 in LatAm and North America throughout 
2020. Mortality rate was higher within 0–14 and 15–30 days after COVID-19 in LatAm, while mortality rate was higher 
in North America > 30 days after presentation. Nonetheless, a remarkable proportion of HD patients died > 30 days 
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Background
People with kidney failure treated by dialysis are at 
a high risk of experiencing serious complications if 
affected by COVID-19. Reports have estimated 40% 
to 70% of dialysis patients who contracted COVID-19 
were hospitalized and 11% to 34% died during time-
frames before SARS-CoV-2 vaccines were available [1–
9]. During 2020, the mortality rate in the United States 
dialysis population was estimated to have increased by 
18% compared to 2019 [10]. The majority assessments 
of mortality in dialysis patients with COVID-19 have 
limited follow up timeframes for assessing outcomes. 
Although useful, the timeframes generally investigated 
do not provide an understating of outcomes overall, 
as well as in distinct shorter and longer periods after 
COVID-19. Ultimately, this might be limiting our 
understanding of the profiles and predictors of out-
comes in this special population.

In many countries, SARS-CoV-2 vaccines have for-
tunately become readily available and are being rolled 
out to the communities [11, 12]. Nonetheless, SARS-
CoV-2 vaccines have been shown to create a smaller 
antibody response among dialysis patients [13, 14], 
and a proportion of the population has not been vacci-
nated for SARS-CoV-2, and may never be due to vari-
ous reasons (e.g. medical/religious contraindications, 
vaccine hesitancy) [11, 12, 15, 16]. Further establish-
ment of models to identify the predictors of outcomes 
in unvaccinated dialysis patients continues to be war-
ranted, and as sufficient follow up data becomes 
available, investigations determining the profiles and 
predictors of mortality in vaccinated dialysis patients 
will also be needed.

Through experiences in direct patient care in the 
pandemic, the physician authors made anecdotal 
observations that dialysis patients with COVID-19 
generally experienced the outcome of death either 
very quickly (within 14 days), or after prolonged peri-
ods of intensive care (often > 30  days). Ultimately, 
it was hypothesized this might be signaling distinct 
causes and predictors of early or prolonged mortality 
in COVID-19. This investigation aimed to evaluate the 
profiles and predictors of mortality in hemodialysis 
(HD) patients with COVID-19, overall, as well as con-
sidering shorter-, intermediate-, and longer-term fol-
low up periods.

Methods
Patient cohorts
We used real-world data from HD patients treated at 
regional institutions of a global provider in Latin Amer-
ica (LatAm; Fresenius Medical Care Latin America, Rio 
de Janeiro, Brazil) and North America (Fresenius Medi-
cal Care North America, Waltham, United States) from 
01-July-2019 to 31-December-2020 to conduct side-by-
side analyses of the profiles and predictors of mortal-
ity overall, as well as within 0–14, 15–30, > 30 days after 
COVID-19 presentation.

In LatAm and North America, we used data collected 
during the provision of routine medical care in dialysis 
patients. All data was de-identified for the purposes of 
the parallel analyses. The EuCliD database was used for 
capturing data in the Latin America cohort as part of 
Fresenius Medical Care’s quality improvement and man-
agement programs in all NephroCare clinics utilizing 
EuCLiD [17]. EuCLiD governance has established proto-
cols and procedures for use of clinical data from Nephro-
Care clinics for secondary research purposes. Data was 
only collected from patients who provided informed 
consent for their data to be collected into EuCliD and 
the data was de-identified by the LatAm investigator. 
The Fresenius Medical Care North America Knowledge 
Center Data Warehouse was used for capturing data in 
the North America cohort from clinics in the Fresenius 
Kidney Care network. In North America, data was col-
lected from patients treated in the United States under a 
protocol approved by New England Independent Review 
Board (NEIRB; Needham Heights, MA, United States); 
NEIRB determined the analysis of the North America 
cohort was exempt due to use of data de-identified by 
the North America investigator that no longer con-
tained protected health information and consent was not 
required per title 45 of the United States Code of Federal 
Regulations part 46.104(d)(4) (NEIRB# 1–1439054-1). 
The analysis in each region was conducted in accordance 
with the Declaration of Helsinki.

Patient eligibility
We included data from adult (age ≥ 18  years) patients 
with kidney failure who were suspected to have COVID-
19 before 02-Dec-2020 and received ≥ 1 outpatient 
HD treatment (inclusive of hemodiafiltration) before 
COVID-19 presentation and did not change to a home 

after COVID-19 presentation in both regions. We were able to develop a series of suitable prognostic prediction mod-
els and establish the top predictors of death in COVID-19 during shorter-, intermediate-, and longer-term follow up 
periods.
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dialysis modality during the observation period. We 
excluded data from patients under investigation who 
were found to have a negative SARS-CoV-2 test result, 
or patients who were in close contact to someone with 
known COVID-19, never presented with symptoms, and 
were not tested. We also excluded data from patients who 
received outpatient HD for acute kidney failure, as well 
as patients who were known to be pregnant during the 
observation period.

Dependent variables
The primary outcome (dependent variable) was all-cause 
death any time after COVID-19 presentation. The time 
at risk started on the first date of COVID-19 suspicion 
where patients presented with signs and symptoms. We 
defined a 30-day minimum follow up period for evalu-
ation of outcomes across the observation period (i.e. 
COVID-19 suspicion date before 02 Dec 2020).

Further sub-analyses of the primary outcome consid-
ered all-cause death within 0–14, 15–30, > 30  days after 
COVID-19 presentation. We used the same logic for 
time at risk and minimum follow up as with death any 
time after COVID-19 presentation. Patients who had a 
death event in a preceding period were censored from 
the dataset for analysis performed in the subsequent pre-
defined follow-up period. Therefore, patients who died 
within 0–14  days after COVID-19 presentation were 
removed from analyses of outcomes 15–30 and > 30 days 
after COVID-19 presentation. Consistently, patients who 
died during 15–30  days after COVID-19 presentation 
were removed from analyses of outcomes > 30 days after 
COVID-19 presentation.

Independent variables
We used various patient characteristics, clinical param-
eters, and laboratories (independent variables; n = 93) 
to define the characteristics of the cohorts and investi-
gate the predictors of death after COVID-19 presenta-
tion. Patient characteristics included age, sex, body mass 
index (BMI), dialysis vintage, etiology of kidney failure 
(diabetic nephropathy, hypertensive nephrosclerosis, 
or other), comorbidities (diabetes, hypertension, heart 
failure, ischemic heart disease, liver disease, cancer, and 
chronic obstructive pulmonary disease (COPD)), and 
country as of the first date of suspicion/presentation 
with COVID-19, as well as continuous dialysis catheter 
exposure ≤ 90, ≤ 120, and ≤ 180  days before COVID-19 
presentation.

Clinical parameters included pre-/post-HD sys-
tolic blood pressure (SBP), diastolic blood pressure 
(DBP), pulse, body temperature, and weight, as well 
as the prescribed dry weight and interdialytic weight 
gain (IDWG). Laboratories included pre-HD albumin, 

calcium, corrected calcium, creatinine, phosphate, 
intact parathyroid hormone (iPTH), hemoglobin, fer-
ritin, transferrin saturation (TSAT), white blood cell 
(WBC) count, and WBC differential (% platelets, % 
lymphocytes, % neutrophils). All independent variables 
considered were captured and available for patients 
treated in the Latin and North America countries 
included in the parallel analyses. The clinical param-
eters (e.g., vital signs and weight measures) were uni-
versally collected before and after HD for all patients 
in both regional cohorts. There were some differences 
in the frequencies of select laboratories with some 
being measured less frequently in Latin versus North 
America countries. For instance, pre-HD albumin was 
measured on a quarterly basis in Latin America and a 
monthly basis in North America.

All clinical parameters and laboratory values consid-
ered the most recent value within 14 days before COVID-
19 presentation, the most recent value > 14 days prior to 
COVID-19 presentation, and the change between the 
values within 14  days and > 14  days prior to COVID-19 
presentation (Fig.  1). These timepoints were selected 
based off expert knowledge in the domain of medicine 
and physiology and a prior investigation that estimated 
the timing of physiological disturbances during the onset 
of COVID-19 [18].

A past work identified disturbances in physiology start 
about 14 days before COVID-19, with the most meaning-
ful changes in clinical and laboratory values being seen at 
presentation with the first signs and symptoms of the dis-
ease [18]. Therefore, the most recent value within 14 days 
of COVID-19 was chosen to provide a representation of 
the patient’s clinical status at presentation with signs of 
symptoms that led to identification of COVID-19. This 
prior analysis also showed that clinical and laboratory 
values > 14 days before COVID-19 presentation were rep-
resentative of each patient’s “normal” physiology before 
the onset of COVID-19 [18]. Ultimately, this design for 
predictor variable timing was chosen to show the extent 
that disturbances in clinical and laboratory values during 
COVID-19 onset associate with a death event, as well as 
show the extent that the historic clinical status associates 
with a death event.

Statistical analysis
Descriptive statistics
The patient characteristics in the LatAm and North 
America cohorts were tabulated by region, as well as 
stratified by the groups who died or survived after 
COVID-19. We reported the count and proportion of 
categorical variables and mean and standard deviation 
(SD) of continuous variables.
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Machine learning model development
Given the knowledge on risk factors for mortality in the 
dialysis population is sparse, has not included continu-
ous data on laboratories and HD treatments, and has 
not assessed temporal changes in predictors before and 
longer follow up times after COVID-19 presentation, 
we decided to use an advanced data driven approach 
to establish the predictors of mortality after COVID-
19. This included developing a series of machine learn-
ing prediction models using Python software (Python 
Software Foundation, Delaware, United States) with the 
XGBoost package [19] to predict the likelihood of death 
after COVID-19 presentation and identify the impor-
tance of predictor variables.

For parallel model development in LatAm and North 
America, we used a 60%:20%:20% random split of the 
data on patients who died anytime during follow-up 
(i.e. positive outcome group) for the training, valida-
tion, and testing datasets respectively. Data from sur-
vivors throughout follow-up (i.e. negative outcome 
group) were randomly split between the datasets. Down 
sampling methods in the negative outcome cases were 
investigated to optimize the models’ ability to learn to 
identify the outcome from predictor variables consider-
ing a 1:1 through 1:6 ratio in the training and validation 
datasets. Based on our assessments, we chose to down 
sample the negative outcome cases in only the training 
dataset to provide a 1:2 ratio of positive to negative out-
come cases (i.e. for each patient who died we randomly 
included 2 patients who survived in the training data-
set). The validation and testing datasets were not down 
sampled and represented the incidence of COVID-19 

death observed in the overall HD population in each 
world region.

The same methods for data splits and sampling were 
performed for the sub-analysis models developed to 
predict the likelihood of death in 0–14, 15–30, > 30 days 
after COVID-19 presentation. In these sub-analysis mod-
els, we removed patients who died within 14  days after 
COVID-19 from the positive outcome group for creating 
the datasets for the models developed to determine the 
risk of death during 15–30 or > 30 days after COVID-19 
presentation. Furthermore, we removed patients who 
died within 30  days after COVID-19 from the positive 
outcome group for creating the datasets for the models 
developed to determine the probability of death > 30 days 
after COVID-19 presentation. The negative outcome 
groups consisted of data from survivors of the predefined 
follow-up period, and they were randomly split between 
the training, validation, and testing datasets for each 
model. All models were developed in a side-by-side man-
ner and used same programming for datasets in LatAm 
and North America.

For an overview of the XGBoost logic, this non-linear 
machine learning model used the input (independent) 
variables in the training dataset to construct an array of 
decision trees in every possible combination to establish 
a series of thresholds that split variables to maximize the 
information gain. Decision trees were constructed itera-
tively by the model, and new decision trees were added 
to predict prior errors. The decision trees were inherently 
able to handle and account for missing values and impu-
tation of null data points was not required. The model 
determined the presence or missingness of each variable 

Fig. 1  Timeframe of data ascertainment and follow up of outcomes after COVID-19 presentation (index date)
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when establishing variable splits in the decision trees for 
each patient. Therefore, the influence of a missing value 
was used for information gain in the predictions made 
for each patient. After the ensemble of decision trees was 
created using the training datasets, it was assessed using 
the validation datasets and hyperparameter tuning was 
evaluated for the overall models using a grid search and 
5-fold cross validation method. After no more improve-
ments were achieved in performance, the final ensemble 
of decision trees produced in the models were used for 
performance assessments using unseen data in the test-
ing dataset. Hyperparameter tuning and the selection 
of the final hyperparameter settings in each region was 
based on the models that predicted mortality any time 
after COVID-19, and these settings were universally 
applied to the sub-analysis models that predicted mor-
tality within 0–14  days, 15–30  days, and > 30  days after 
COVID-19. The details on the initial and final hyper-
parameters and tuning ranges considered are shown in 
Additional File 1; Supplementary Table 1.

Assessment of model performance
The performance of the prediction models was meas-
ured by the area under the receiver operating character-
istic curve (AUC) and balanced accuracy in the training, 
validation, and testing datasets. The area under the preci-
sion-recall curve (AUPRC) was further evaluated in the 
testing dataset.

The AUC measures the rate of true and false positives 
classified across probability thresholds (Table  1). AUC 
scores are represented on a scale of 0 (lowest) to 1 (high-
est) with chance being a value of 0.5.

Balanced accuracy is a measure of the accuracy of the 
prediction that is represented as a percent and consid-
ers both the sensitivity and specificity at cutoff threshold 
of 0.50. This metric can reasonably estimate model per-
formance in data with imbalanced positive and negative 
outcomes, and is calculated as follows:

The AUPRC measures the ratio of precision for cor-
responding sensitivity values across probability thresh-
olds [20]. AUPRC scores are represented on a scale of 0 

Balanced accuracy =

(
(

Sensitivity + Specificity
)

2

)

∗ 100

(lowest) to 1 (highest) with chance equaling the fraction 
of positive cases in each regional group for each model 
(i.e., the number of patients who died in each group 
divided by the total number of patients in each group).

The definitions for sensitivity, specificity, and precision 
are provided below since these metrics are used in the 
calculation of balanced accuracy and the AUPRC.

Sensitivity (also known as recall) shows the rate of true 
positives classified by the model at a specified threshold, 
and the equation for this metric is as follows:

Specificity shows the rate of true negatives classified by 
the model at a specified threshold, and the equation for 
this metric is as follows:

Precision shows the positive predictive value for the 
model at a specified threshold, and the equation for this 
metric is as follows:

The final model performance is represented by the 
AUC, balanced accuracy, and AUPRC for the testing 
dataset.

Assessment of the importance of predictors
We assessed the importance of individual predictor vari-
ables using Shapley (SHAP) values [21, 22] that were 
calculated using the SHAP Python package [23, 24]. The 
SHAP value determined the feature importance for each 
input variable by calculating the predictors influence on 
prediction of the outcome considering the influence of 
the overall combination of variables in the model.

For an overview of the logic, SHAP values were cal-
culated for each predictor variable at each observa-
tion, representing the positive or negative impact of the 
observed value on the prediction of the outcome for each 
individual patient. The SHAP methods included and 
withheld the individual variables in all possible combina-
tions. To attribute feature importance, the SHAP method 

Sensitivity =
true positives

(true positives + false negatives)
∗ 100

Specificity =

(

true negatives

(true negatives + false positives)

)

∗ 100

Precision =

(

true positives
(

true positives + false positives
)

)

∗ 100

Table 1  Definition of true/false positive and negative predictions classified by the model in the assessment of performance

True positives Patients classified as having a death event after COVID-19 by the model who are in the group with a death event after COVID-19

False positives Patients classified as having a death event after COVID-19 by the model who are in the group that survived after COVID-19

True negatives Patients classified as a survivor after COVID-19 by the model who are in the group that survived after COVID-19

False negatives Patients classified as a survivor after COVID-19 by the model who are in the group with a death event after COVID-19
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calculated the mean value of all possible combinations 
considering differences between included and withheld 
variables. Notably, SHAP values show additive explana-
tions of feature importance and are reported in log odds 
(i.e. the logarithm of the odds ratio). To calculate the pre-
diction for each individual patient, the model summed 
the SHAP values for each variable and converted it from 
log odds to the probability for the occurrence of the out-
come. Therefore, larger positive SHAP values increase 
the probability for the predicted outcome for a given 
patient, and larger negative SHAP values decrease the 
probability. The overall feature importance for each pre-
dictor variable was determined by calculating the mean 
absolute SHAP value across all the individual patients’ 
observations.

Results
Patient characteristics and profiles of mortality 
after COVID‑19
We identified a cohort of 3,473 HD patients who pre-
sented with COVID-19 any time before 02 Dec 2020 in 
three LatAm countries (Argentina, Colombia, Ecuador), 
as well as a cohort of 21,624 HD patients who presented 
with COVID-19 during the same time in North America 
from the United States (Fig.  2). The demographics of 
patients with COVID-19 by survival status are shown in 
Table  2 for the LatAm and North America cohorts. On 
average, patients in LatAm countries had trends for being 
a few years younger, more often male, had a lower BMI, 
longer dialysis vintage, with a lower prevalence of diabe-
tes, hypertension, and heart failure.

In the LatAm cohort, 28.8% (1,001/3,473) patients died 
any time after COVID-19 during the observation period. 
A lower proportion of 20.5% (4,426/21,624) patients died 
any time after COVID-19 in the North America cohort 
(Table  2). There were regional differences in the timing 
of mortality after COVID-19, with shorter-term out-
comes being more frequent in LatAm and vice versa in 
North America. Among HD patients with COVID-19 in 
LatAm and North America, 15.0% and 7.3% died within 
0–14  days, 7.9% and 4.6% died within 15–30  days, and 
5.9% and 8.6% died > 30  days after presentation, respec-
tively (Fig.  3). Univariate analyses showed most demo-
graphic (Tables  2 & 3) and clinical (Tables  4, 5, 6, & 7) 
parameters were related to mortality in COVID-19, espe-
cially in the North America cohort.

Model performance
The machine learning models constructed to establish 
the predictors of mortality in COVID-19 were found 
to have suitable performance in prediction of the out-
come of death in both regions overall, as well as in the 
predefined shorter timeframe after COVID-19 pres-
entation (Table 8). The AUC for the model’s classifica-
tion of death at any time after COVID-19 presentation 
was 0.76 in LatAm cohort and 0.79 in North America 
cohort, the balanced accuracy was 71% in the LatAm 
cohort and 70% in North America cohort, and the 
AUPRC was 0.21 in LatAm cohort and 0.52 in North 
America cohort.

Relatively consistent AUCs (ranging from 0.73 to 
0.83) and balanced accuracy (ranging from 66 to 75%) 
were found across models in predefined timeframes 

Fig. 2  Flow diagram
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Table 2  Characteristics of HD patients who died or survived any time after COVID-19 presentation

P-values for univariate comparison of died versus survived (reference) are shown with bold font representing p < 0.05. All patient characteristics presented as of the 
COVID-19 presentation date

Latin America North America

Mean ± SD or N (%) Mean ± SD or N (%)

Parameter Died anytime Survived Died anytime Survived

Demographics
  Age (years) 66 ± 11.5 57.5 ± 15.3 68.94 ± 12.44 61.96 ± 13.91

  Male 644 (63.6) 1495 (60.1) 2510 (56.7) 9343 (54.3)

  BMI (Kg/m^2) 26.5 ± 5.9 26.2 ± 5.9 29.1 ± 8.8 30.1 ± 8.8

  Vintage (years) 5.23 ± 4.9 5.18 ± 4.8 4.54 ± 4.07 3.93 ± 4.07

Catheter exposure
  > 90 days 264 (26.3) 430 (17.5) 999 (22.6) 3592 (20.9)

  > 120 days 208 (20.7) 326 (13.3) 983 (22.2) 3538 (20.6)

  > 180 days 199 (19.8) 301 (12.2) 949 (21.4) 3452 (20.1)

Cause of kidney failure
  Diabetic nephropathy 263 (26.4) 481 (19.6) 2432 (54.9) 9295 (54.0)

  Hypertensive nephrosclerosis 114 (11.4) 270 (11) 1076 (24.3) 4835 (28.1)

  Other 619 (62.1) 1705 (69.4) 915 (20.7) 3043 (17.7)

Comorbidities
  Diabetes 366 (37.9) 645 (27.2) 3454 (78.0) 12,471 (72.5)

  Hypertension 376 (39) 1032 (43.5) 3074 (69.5) 11,518 (67.0)

  Heart failure 8 (0.8) 11 (0.4) 1093 (24.7) 3201 (18.6)

  Ischemic heart disease 5 (0.5) 24 (1.0) 1098 (24.8) 3174 (18.5)

  Cancer 9 (0.9) 22 (0.9) 250 (5.6) 610 (3.5)

  COPD 4 (0.4) 14 (0.6) 515 (11.6) 1504 (8.7)

  Liver disease 4 (0.4) 17 (0.7) 530 (12.0) 1770 (10.3)

Country
  Argentina 382 1021

  Colombia 340 822

  Ecuador 279 629

  United States 4426 17,198

Fig. 3  Profiles of mortality 0 to 14, 15 to 30, and > 30 days after COVID-19 presentation
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0 to 14, 15 to 30, and > 30  days after COVID-19 for 
both regions. Considering the AUPRC, the model 
was found to have suitable performance in classifica-
tion of shorter-term death events within 0 to 14  days 
after COVID-19 presentation in both the LatAm 
cohort (AUPRC = 0.38) and North America cohort 
(AUPRC = 0.30). Although the AUPRC showed suitable 
performance in the North America cohort for classifi-
cation of the risk of death 15 to 30 days (AUPRC = 0.23) 
and > 30  days (AUPRC = 0.36) after COVID-19, it 
showed poor performance in prediction of intermedi-
ate- (AUPRC = 0.06) and longer-term (AUPRC = 0.04) 
outcomes in the LatAm cohort.

Predictors of death any time after COVID‑19
We estimated the importance of each predictor vari-
able with SHAP values and found the top three predic-
tors of death any time after COVID-19 presentation in 
the LatAm cohort were older age, higher WBC counts 
historically (i.e. > 14 days prior to COVID-19 presenta-
tion), and lower albumin levels historically; in North 
America, the top three predictors included older age, 
lower albumin levels historically, and longer dialy-
sis vintage. In Fig. 4, the bar charts on the left side of 
each panel show the mean absolute SHAP values that 
represent the magnitude of importance for each vari-
able in log odds; these are shown in descending order 

Table 3  Characteristics of HD patients who died or survived 0 to 14, 15 to 30, and > 30 days after COVID-19 presentation

P-values for univariate comparison of died versus survived (reference) are shown with bold font representing p < 0.05. All patient characteristics presented as of the 
COVID-19 presentation date

Latin America North America

Mean ± SD or N (%) Mean ± SD or N (%)

Parameter Died 0 to 
14 days

Died 15 to 
30 days

Died > 30 days Survived Died 0 to 
14 days

Died 15 to 
30 days

Died > 30 days Survived

Demographics
  Age (years) 66.5 ± 11.2 65.4 ± 11.9 65.3 ± 11.8 57.5 ± 15.3 70.02 ± 12.35 68.77 ± 12.43 68.10 ± 12.47 61.96 ± 13.91

  Male 345 (64.7) 185 (66.8) 114 (56.3) 1495 (60.1) 967 (61.2) 581 (58.8) 962 (51.8) 9343 (54.3)

  BMI (Kg/
m^2)

27 ± 6.3 26.5 ± 5.5 25.1 ± 5 26.2 ± 5.9 29.4 ± 8.3 29.9 ± 11.1 28.4 ± 7.9 30.1 ± 8.8

  Vintage 
(years)

5.4 ± 4.9 5.1 ± 5.3 5.0 ± 4.7 5.2 ± 4.8 4.7 ± 4.1 4.7 ± 3.9 4.3 ± 4.1 3.9 ± 4.1

Catheter exposure
  > 90 days 124 (23.6) 70 (25.4) 70 (35.2) 430 (17.5) 324 (20.5) 199 (20.1) 476 (25.6) 3592 (20.9)

  > 120 days 98 (18.6) 54 (19.6) 56 (27.1) 326 (13.3) 312 (19.7) 199 (20.1) 472 (25.4) 3538 (20.6)

   > 180 days 94 (17.9) 51 (18.5) 54 (26.1) 301 (12.2) 304 (19.2) 195 (19.7) 450 (24.2) 3452 (20.1)

Cause of kidney failure
  Diabetic 
nephropathy

146 (28.1) 62 (22.5) 55 (27.2) 481 (19.6) 825 (52.2) 554 (56.1) 1053 (56.7) 9295 (54.0)

  Hypertensive 
nephrosclerosis

60 (11.5) 28 (10.2) 26 (12.6) 270 (11) 376 (23.8) 227 (23.0) 473 (25.5) 4835 (28.1)

  Other 314 (60.4) 186 (67.3) 119 (60.2) 1705 (69.4) 379 (24.0) 206 (20.9) 330 (17.8) 3043 (17.7)

Comorbidities
  Diabetes 199 (39.7) 99 (37.1) 68 (34.5) 645 (27.2) 1242 (78.6) 762 (77.1) 1450 (78.1) 12,471 (72.5)

  Hypertension 184 (36.7) 109 (40.8) 83 (42.5) 1032 (43.5) 1101 (69.6) 685 (69.3) 1288 (69.4) 11,518 (67.0)

  Heart failure 4 (0.8) 3 (1.1) 1 (0.5) 11 (0.4) 423 (26.8) 207 (21.0) 463 (24.9) 3201 (18.6)

  Ischemic 
heart disease

4 (0.8) 1 (0.4) 0 (0.0) 24 (1.0) 409 (25.9) 226 (22.9) 463 (24.9) 3174 (18.5)

  Cancer 5 (1.0) 3 (1.1) 1 (0.5) 22 (0.9) 87 (5.5) 52 (5.3) 111 (6.0) 610 (3.5)

  COPD 1 (0.2) 1 (0.4) 2 (1.0) 14 (0.6) 185 (11.7) 103 (10.4) 227 (12.2) 1504 (8.7)

  Liver disease 3 (0.6) 1 (0.4) 0 (0.0) 17 (0.7) 184 (11.6) 97 (9.8) 249 (13.4) 1770 (10.3)

Country
  Argentina 185 97 100 1021

  Colombia 177 108 55 822

  Ecuador 158 70 51 629

  United States 1581 988 1857 17,198
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Table 4  Clinical profiles of HD patients who died or survived any time after COVID-19 presentation in LatAm

P-values for univariate comparison of died versus survived (reference) are shown with bold font representing p < 0.05. Albumin and hemoglobin (Hgb) are reported 
in units of g/dL. Calcium, corrected calcium, creatinine, and phosphate are reported in units of mg/dL. Ferritin is reported in unit of ng/mL. Parathyroid hormone is 
reported in the unit of pg/mL. Lymphocytes, neutrophils, and transferrin saturation (TSAT) are reported in unit of percent (%). Platelets and white blood cell counts are 
reported in unit of mm^3. Systolic/diastolic blood pressures (SBP/DBP) are reported in units of mmHg. Pulse is reported in unit of BPM. Temperature is reported in unit 
of Celsius. Weights are reported in unit of Kg

LatAm

Most Recent value 0 to 14 days prior to COVID-
19 symptoms

Most Recent value > 14 days prior to COVID-
19 symptoms

Delta

Mean ± SD or N (%) Mean ± SD or N (%) Mean ± SD or N (%)

Parameter Died any time Survived Died any time Survived Died any time Survived

Laboratories

  Albumin 3.63 ± 0.5 3.82 ± 0.5 3.79 ± 0.5 3.92 ± 0.4 -0.07 ± 0.4 -0.03 ± 0.3

  Calcium 8.54 ± 0.8 8.56 ± 0.8 8.66 ± 0.7 8.69 ± 0.8 -0.12 ± 0.6 -0.09 ± 0.6

  Corrected 
calcium

8.74 ± 0.7 8.65 ± 0.7 8.82 ± 0.7 8.73 ± 0.7 -0.06 ± 0.6 -0.03 ± 0.6

  Creatinine 7.85 ± 2.7 8.6 ± 2.8 7.84 ± 2.6 8.46 ± 2.6 -0.05 ± 1.8 0.21 ± 1.7

  Ferritin 641.63 ± 362.2 640.58 ± 392.9 662.52 ± 391.7 645.65 ± 375 29.33 ± 286.9 41.76 ± 296.1

  Hgb 10.87 ± 1.9 11.08 ± 1.8 10.98 ± 1.9 11.22 ± 1.7 -0.12 ± 1.3 -0.05 ± 1.2

  Lympho-
cytes

21.14 ± 9 24.04 ± 8.7 22.96 ± 8.4 24.81 ± 9 -2.14 ± 8.1 -1.08 ± 7.1

  Neutro-
phils

64.77 ± 12.4 61.52 ± 11.2 62.8 ± 10.7 60.74 ± 11.3 2.81 ± 10.8 1.41 ± 10.1

  Phosphate 4.36 ± 1.5 4.57 ± 1.6 4.39 ± 1.5 4.54 ± 1.4 -0.04 ± 1.3 -0.05 ± 1.2

  Platelets 63,182.61 ± 98,067.2 81,159.84 ± 102,855.6 75,393.6 ± 103,458.4 82,138.8 ± 106,112.2 -3052.9 ± 32,591.7 -2888.8 ± 29,308.2

  Para-
thyroid 
hormone

353.2 ± 311.5 443.5 ± 367.4 410.1 ± 372 448.9 ± 391.1 -27.6 ± 211.9 24.1 ± 215.1

  Transferrin 
saturation

26.02 ± 13.8 28.31 ± 14.6 29.25 ± 14.2 31.27 ± 14.7 -4.96 ± 15.1 -2.58 ± 13.9

  White 
blood cell 
count

2231.18 ± 3487.6 2653.74 ± 3419.9 2664.44 ± 3664.5 2697.14 ± 3575.9 -24.74 ± 1522.9 -152.61 ± 1482.9

Vital signs

  Pre-HD 
SBP

134.7 ± 25.4 135.65 ± 25.2 137.94 ± 25.3 138.18 ± 24.4 -2.89 ± 23.8 -2.14 ± 22.1

  Post-HD 
SBP

129.17 ± 24.9 129.8 ± 24.4 128.91 ± 23.7 128.95 ± 23.3 0.86 ± 22.5 1.24 ± 19.9

  Pre-HD 
DBP

69.45 ± 12.9 70.89 ± 13.1 69.6 ± 12.7 72.05 ± 13.4 -0.19 ± 13.9 -1.16 ± 13.4

  Post-HD 
DBP

68.27 ± 11.4 68.85 ± 12.1 67.91 ± 11.7 68.66 ± 12.1 0.48 ± 12.6 0.34 ± 123

  Pre-HD 
pulse

77.2 ± 10.6 77.61 ± 10.2 76.15 ± 10 76.76 ± 9.4 0.65 ± 11.4 0.88 ± 10.4

  Post-HD 
pulse

76.75 ± 10.4 77.04 ± 9.6 75.19 ± 8.7 75.98 ± 9.1 1.25 ± 11.3 1.12 ± 10.3

  Pre-HD 
temperature

36.39 ± 0.5 36.35 ± 0.5 36.6 ± 0.6 36.34 ± 0.6 -0.23 ± 0.6 -0.29 ± 0.6

  Post-HD 
temperature

36.18 ± 0.4 36.18 ± 0.4 36.12 ± 0.3 36.13 ± 0.3 0.07 ± 0.4 0.06 ± 0.5

Weights

  Pre-HD 
weight

73.14 ± 19.6 73.28 ± 17.7 73.42 ± 19.5 73.75 ± 17.5 -0.67 ± 3.0 -0.43 ± 2.9

  Post-HD 
weight

71.37 ± 19.3 71.42 ± 17.6 71.43 ± 19 71.45 ± 17.2 -0.39 ± 3.1 -0.02 ± 5.4

  IDWG 1.74 ± 1.5 1.94 ± 1.5 2.08 ± 1.4 2.24 ± 1.3 -0.35 ± 1.8 -0.28 ± 1.7

  Dry 
weight

71.52 ± 18.8 71.1 ± 17.4 71.22 ± 18.8 71.13 ± 17.2 -0.1 ± 1.5 -0.04 ± 0.7
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of importance for the top 15 predictors. The SHAP 
value plots on the right of each panel further show 
the degree and direction of the effect for each variable 
on each unique patient’s prediction. The SHAP value 
plots denote a dot that corresponds to each patient 
and the dot’s position on the x-axis (positive or nega-
tive) represents the magnitude of that variable’s effect 
on the risk prediction for that unique patient. The 
color of each dot on the SHAP value plots indicate how 
large/high or small/low the value is for that variable in 
that unique patient’s prediction. For an example with 

the top predictor of age, the mean SHAP values show 
age has a high magnitude of importance as compared 
to other variables and the SHAP value plots show 
more positive SHAP values for dots that had warmer 
colors (representing increasing age with the warmer 
the color and increasing risk based on how positive 
the value is), and more negative SHAP values for dots 
that had cooler colors (representing younger age with 
the cooler the color and decreasing risk based on how 
negative the value is). Age showed the largest contri-
bution to the risk of death after COVID-19; however, 

Table 5  Clinical profiles of HD patients who died or survived any time after COVID-19 presentation in North America

P-values for univariate comparison of died versus survived (reference) are shown with bold font representing p < 0.05. Albumin and hemoglobin (Hgb) are reported 
in units of g/dL. Calcium, corrected calcium, creatinine, and phosphate are reported in units of mg/dL. Ferritin is reported in unit of ng/mL. Parathyroid hormone is 
reported in the unit of pg/mL. Lymphocytes, neutrophils, and transferrin saturation (TSAT) are reported in unit of percent (%). Platelets and white blood cell counts are 
reported in unit of 10^3/µL. Systolic/diastolic blood pressures (SBP/DBP) are reported in units of mmHg. Pulse is reported in unit of BPM. Temperature is reported in 
unit of Celsius. Weights are reported in unit of Kg

North America

Most Recent value 0 to 14 days prior 
to COVID-19 symptoms

Most Recent value > 14 days prior to 
COVID-19 symptoms

Delta

Mean ± SD or N (%) Mean ± SD or N (%) Mean ± SD or N (%)

Parameter Died any time Survived Died any time Survived Died any time Survived

Laboratories
  Albumin 3.47 ± 0.53 3.70 ± 0.44 3.55 ± 0.50 3.75 ± 0.42 -0.06 ± 0.31 -0.04 ± 0.28

  Calcium 8.71 ± 0.76 8.72 ± 0.73 8.80 ± 0.69 8.84 ± 0.68 -0.08 ± 0.61 -0.12 ± 0.60

  Corrected calcium 9.14 ± 0.71 8.97 ± 0.69 9.16 ± 0.67 9.04 ± 0.68 -0.03 ± 0.59 -0.08 ± 0.57

  Creatinine 7.37 ± 2.77 8.40 ± 3.24 7.42 ± 2.70 8.35 ± 3.06 0.07 ± 1.47 0.22 ± 1.56

  Ferritin 961.65 ± 436.42 963.78 ± 433.18 987.57 ± 418.42 955.72 ± 418.56 24.20 ± 345.33 62.77 ± 346.94

  Hgb 10.36 ± 1.41 10.56 ± 1.34 10.41 ± 1.37 10.65 ± 1.29 -0.05 ± 0.96 -0.06 ± 0.90

  Lymphocytes 17.07 ± 8.77 19.26 ± 8.26 18.16 ± 8.27 20.21 ± 7.99 -0.99 ± 6.79 -1.07 ± 6.50

  Neutrophils 69.89 ± 10.64 67.35 ± 9.97 68.38 ± 9.95 66.17 ± 9.58 1.36 ± 8.81 1.25 ± 8.53

  Phosphate 5.09 ± 1.73 5.37 ± 1.72 5.12 ± 1.70 5.38 ± 1.68 -0.09 ± 1.53 -0.07 ± 1.49

  Platelets 191.69 ± 87.18 191.99 ± 78.34 195.40 ± 86.05 199.80 ± 76.65 -5.03 ± 59.92 -9.73 ± 55.50

  Parathyroid hormone 401.03 ± 325.02 456.62 ± 325.89 392.28 ± 290.29 427.66 ± 304.70 -17.36 ± 236.18 1.38 ± 232.09

  Transferrin saturation 29.64 ± 14.17 29.59 ± 14.19 31.82 ± 14.06 32.92 ± 14.07 -2.03 ± 15.69 -2.99 ± 16.35)

  White blood cell count 7.01 ± 2.98 6.57 ± 2.66 7.18 ± 3.34 6.92 ± 2.54 -0.17 ± 2.58 -0.41 ± 2.34

Vital signs
  Pre-HD SBP 139.59 ± 27.88 145.83 ± 27.24 143.18 ± 27.12 148.60 ± 26.37 -3.59 ± 27.49 -2.70 ± 27.23

  Post-HD SBP 140.45 ± 26.40 144.50 ± 25.97 138.17 ± 24.52 140.80 ± 24.64 2.21 ± 26.34 3.76 ± 25.72

  Pre-HD DBP 71.17 ± 15.56 75.65 ± 15.98 72.53 ± 15.16 77.04 ± 15.74 -1.32 ± 16.05 -1.35 ± 15.89

  Post-HD DBP 71.60 ± 14.89 75.10 ± 14.92 70.79 ± 14.02 73.91 ± 14.23 0.83 ± 15.47 1.20 ± 15.08

  Pre-HD pulse 80.15 ± 14.75 80.52 ± 13.73 77.57 ± 13.65 78.34 ± 12.86 2.66 ± 13.31 2.18 ± 12.13

  Post-HD pulse 80.48 ± 15.06 79.66 ± 13.95 76.21 ± 13.08 75.88 ± 12.32 4.35 ± 14.96 3.83 ± 13.42

  Pre-HD temperature 36.56 ± 0.54 36.59 ± 0.55 36.40 ± 0.43 36.41 ± 0.43 0.17 ± 0.63 0.19 ± 0.62

  Post-HD temperature 36.56 ± 0.58 36.62 ± 0.59 36.39 ± 0.40 36.42 ± 0.39 0.18 ± 0.64 0.20 ± 0.65

Weights
  Pre-HD weight 82.93 ± 24.56 86.15 ± 24.73 83.64 ± 24.52 87.02 ± 24.81 -0.81 ± 2.77 -0.88 ± 2.73

  Post-HD weight 81.26 ± 24.10 84.32 ± 24.31 81.58 ± 23.99 84.74 ± 24.31 -0.41 ± 2.67 -0.44 ± 2.13

  IDWG 1.90 ± 1.58 1.96 ± 1.56 2.23 ± 1.60 2.37 ± 1.48 -0.35 ± 1.87 -0.43 ± 1.75

  Dry weight 81.08 ± 23.94 84.34 ± 24.24 81.27 ± 23.82 84.43 ± 24.23 -0.31 ± 1.93 -0.15 ± 1.77
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many variables had a high magnitude considering the 
log odds values and the distributions of risks in SHAP 
value plots.

Albeit distinctions exist between world regions in the 
predictors of mortality any time after COVID-19 pres-
entation, the trends in the top 15 predictors showed 
many consistent findings with older age, poorer nutri-
tion (lower albumin and creatinine historically), longer 
vintage, lower TSAT levels historically, more inflam-
mation (seen in LatAm by higher WBC counts histor-
ically and a change to a higher % of neutrophils and 
in North America by lower % of lymphocytes histori-
cally and at presentation) increasing the risk of death 
(Fig. 4). Some regional differences in the top predictors 
of mortality any time after COVID-19 included lower 
or missing iPTH historically and presence of diabetes 
being among the top 15 risk factors in only LatAm, 
while being male and higher post-HD pulse at pres-
entation were only in the top 15 predictors in North 
America. Figure  5 shows a further regional compari-
son of the mean absolute SHAP values for the top 15 
predictors of death any time after COVID-19 presenta-
tion from both regional cohorts, and Additional File 1; 
Supplementary Table 2 shows the SHAP values for all 
the predictors of death any time after COVID-19.

Predictors of Shorter, Intermediate, and Longer‑Term 
Death after COVID‑19
Assessment of the top predictors of shorter-term death 
within specifically 0 to 14 days after COVID-19 presenta-
tion showed older age, higher WBC counts historically, 
longer vintage, lower albumin historically, higher BMI, 
and higher creatinine historically were among the top 
15 risk factors for shorter-term mortality in both regions 

(Figs.  6 & 7, Additional File 1; Supplementary Table  3). 
Mineral bone disorder markers (lower or missing iPTH, 
higher calcium, higher corrected calcium) historically, 
higher ferritin levels historically, and having diabetes 
were found to only be in the top 15 predictors for short-
term mortality in LatAm, while a higher post-HD pulse 
at presentation, a change to a higher pulse, and being 
male were only in the top 15 predictors in North Amer-
ica, among other distinctions.

The evaluation of the risk factors for intermediate-
term mortality during 15 to 30  days after COVID-19 
presentation identified consistencies in many of the 
top 15 predictors of death in between regions (older 
age, being male, higher TSAT and % of neutrophils his-
torically, and hemoglobin at presentation), along with 
some regional heterogeneity in some factors (Figs.  6 
& 8, Additional File 1; Supplementary Table 4). A sur-
prising contrast in the predictors of mortality 15 to 
30  days after COVID-19 between regions included 
higher WBC counts historically being a top predictor 
of death in LatAm, while this was opposite with lower 
WBC counts historically being a top predictor in North 
America. There was also an inverse association seen 
with shorter vintage being a top predictor of interme-
diate-term death in LatAm and vice versa in North 
America. BMI and diabetes were not among the top 
15 predictors of intermediate-term mortality in either 
region.

The examination of the predictors of longer-term mortal-
ity > 30  days after COVID-19 presentation found consist-
ency in risk factors between regions for older age, longer 
dialysis vintage, lower hemoglobin levels historically, more 
inflammation (higher % of neutrophils and lower % of lym-
phocytes historically), poorer nutrition (lower albumin and 

Fig. 4  Top 15 predictors of death any time after COVID-19 presentation in descending order for the Latin America (A) and North America (B) 
cohorts. Bar plot in the left panels show the mean absolute SHAP values that estimate the average size of each variable’s contribution to predicting 
the outcome on the x-axis (calculated from the average absolute value for all patients). SHAP value plots in the right panels show the size and 
direction (more positive = higher risk or more negative = lower risk) of each variable’s influence on the outcome for each unique patient on the 
x-axis, with warmer colors representing higher observed values for that measurement, cooler colors indicating lower values for that measurement, 
and gray representing a missing value for that measurement. SHAP values are presented in the unit of log odds (i.e. logarithm of the odds ratio)
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creatinine historically), and higher ferritin levels being in 
the top 15 predictors (Fig. 6 & 9, Additional File 1; Supple-
mentary Table 5). Interestingly, we found an inverse associ-
ation between regions for pre-HD SBP at presentation with 
a higher SBP being a risk factor in LatAm and vice versa in 
North America. Catheter exposure for > 90 days, diabetes, 
lower PTH, and lower BMI were uniquely among the top 
15 predictors of longer-term death in the LatAm cohort, as 
well as other factors. The demographic factor of sex was no 
longer among the top 15 predictors of a long-term death 
after COVID-19 in either region.

Discussion
Among two regional cohorts of HD patients who pre-
sented with COVID-19 before SARS-CoV-2 vaccines were 
available, mortality any time after presentation was 8.3 

percentage points higher in LatAm countries compared 
to the North American country of the United States. 
Shorter-term mortality after COVID-19 was more com-
mon in LatAm as compared to North America cohort, 
with the mortality rate being 7.7 and 3.3 percentage points 
higher within 14 days and during 15 to 30 days after pres-
entation respectively. Conversely, longer-term mortality 
after COVID-19 was more frequent in North America, 
with the mortality rate being 2.7 percentage points higher 
than in the LatAm cohort. The series of machine learn-
ing models developed in parallel in each region were 
found to have suitable performance in prediction of death 
any time after COVID-19, as well as in the prespecified 
shorter-term follow up timeframes. Albeit we found suit-
able performance in the prediction of death events in pre-
specified intermediate- and longer-term periods in North 

Fig. 5  Regional importance of the top predictors of death any time after COVID-19 presentation. Mean SHAP values are shown for the top 15 
predictors in each region, including the mutual and the exclusive top predictors in LatAm and North America. Mean SHAP values are show in 
descending order of importance in reference to the LatAm group
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America, the models did not perform as well in LatAm 
when considering AUPRC. This finding may be related to 
differences in the timing of outcomes and the number of 
patients used in the model development. We found some 
consistencies in top predictors of mortality after COVID-
19 in LatAm and North America. In both regions, age and 
vintage were top predictors of death in all timeframes and 
the nutrition markers of albumin and creatinine were top 
predictors for every timeframe except 15–30  days after 
presentation. The top predictors of shorter-and interme-
diate-term mortality after COVID-19 appeared to include 
unique patient attributes (e.g. higher BMI and/or male 
sex) that were not top predictors for longer-term mortal-
ity. Despite the consistencies, there were several regional 
distinctions identified. Ultimately, the results showed 
patients who survived COVID-19 had a better clinical 
status historically and at presentation, which was clearly 
seen for markers of nutrition in all models at all follow up 
time points, and further included markers of anemia and 
mineral bone disorders. Achievement of quality targets 

before and throughout the recovery process may be of 
high importance to survival in COVID-19. Furthermore, 
markers of higher inflammation appeared to remark-
ably contribute to the risk of death and may be important 
to consider when determining a patient’s prognosis in 
COVID-19.

Our study is unique in that it used underexplored 
follow-up timeframes, included a wide variety of com-
monly reported variables in the world, assessed temporal 
patterns in clinical factors before COVID-19 presenta-
tion, and utilized machine learning techniques that can 
account for collinearity and missingness. Other efforts 
assessing the predictors of mortality in COVID-19 typi-
cally assessed outcomes about 30 to 90  days after pres-
entation, and used traditional modeling techniques (e.g. 
regression methods) [25] that cannot handle a larger 
number of input variables and are prone to bias through 
confounding interactions [3, 4, 8]. These studies pro-
vided critical early insights to the nephrology commu-
nity, yet further investigations with more follow up time 

Fig. 6  Top 15 predictors of death 0 to 14 days, 15 to 30 days, and > 30 days after COVID-19 presentation in descending order for the Latin America 
(A, C, E) and North America (B, D, F) cohorts. Bar plot in the left panels show the mean absolute SHAP values that estimate the average size of each 
variable’s contribution to predicting the outcome on the x-axis (calculated from the average absolute value for all patients). SHAP value plots in the 
right panels show the size and direction (more positive = higher risk or more negative = lower risk) of each variable’s influence on the outcome for 
each unique patient on the x-axis, with warmer colors representing higher observed values for that measurement, cooler colors indicating lower 
values for that measurement, and gray representing a missing value for that measurement. SHAP values are presented in the unit of log odds (i.e. 
logarithm of the odds ratio)
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and more generalizable patient numbers are sparse. In 
our study, we observed marked differences in most clini-
cal and demographic factors between the groups who 
died or survived, which made the selection of meaningful 
predictors for traditional modeling efforts complex. Ini-
tial investigations of correlations and collinearity in our 
datasets found unacceptable interactions between most 
variables, and this led us to select machine learning tech-
niques that can account for these issues and limit bias.

Previous studies investigating the risk factors for mor-
tality in dialysis patients with COVID-19 have consist-
ently found older age categories are one of the most 
important risk factors for death considering follow up 
timeframes of 28 to 90 days [3, 4, 8, 26]. Our findings in 
two regional cohorts of adult HD patients further sub-
stantiate these observations. In contrast with prior stud-
ies that commonly found presence of heart failure or 

ischemic heart disease to be a key predictor of mortality 
[3, 4, 27], we never found these to be in the top 15 predic-
tors, in any model at any follow up period in either region. 
We presume this is reflective of the high importance of 
clinical variables (e.g. laboratories and vital signs) on the 
prediction of death after COVID-19, factors that were 
not included in other reports. The results of this study 
build upon insights from other studies in dialysis patients 
and ultimately provide unique results on clinical param-
eters, show important considerations in temporal asso-
ciations, and used models that can avoid bias resulting 
from collinearity. Nonetheless, further analysis is needed 
to differentiate parameters that are attributable to risks in 
COVID-19, which would include comparing the predic-
tors of mortality in patients with and without COVID-19.

Considering reports specifically from LatAm countries 
with longer follow up periods, a study of 741 HD patients 

Fig. 7  Regional importance of the predictors of death 0 to 14 days after COVID-19 presentation. Mean SHAP values are shown for the top 15 
predictors in each region, including the mutual and the exclusive top predictors in LatAm and North America. Mean SHAP values are show in 
descending order of importance in reference to the LatAm group
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with COVID-19 in Brazil showed 18.8% of patients died 
within 90 days of diagnosis in 2020, and the majority of 
death events were found to have occurred within 15 days 
[26]. Using a stepwise regression model, this study found 
the significant predictors of 90-day mortality in COVID-
19 were diabetes and dialysis catheter use, in addition to 
increasing age in years [26]. We also observed diabetes 
was in the top 15 predictors of mortality any time, and 
during shorter- and longer-term follow up periods, after 
COVID-19 in LatAm. However, we only found catheter 
exposure was a risk factor for longer-term mortality, 
ultimately clarifying the that the risk factor is the most 
meaningful in the subset of patients who survive at least 
30  days after COVID-19 in LatAm and may be specific 
to the region. Notably, we never found catheter expo-
sure to be a top predictor of mortality after COVID-19 
in the North America cohort. Given the Brazilian study 

only evaluated a limited number of predictors and did 
not include any laboratories or HD treatment variables, 
it may have inadvertently elevated associations with cath-
eter use to appear more meaningful than they truly are 
considering the majority of the routinely captured clini-
cal information [26].

Looking at reports specifically from North America 
with longer follow up periods, an analysis of data from 
60,090 prevalent dialysis patients with COVID-19 in 
the United States who had Medicare insurance found 
26.0% of patients died throughout 2020 [27]. This study 
used a Cox regression model to determine the risk fac-
tors related to mortality after COVID-19 diagnosis, and 
found the significant predictors of death included older 
age, longer dialysis vintage, being male, higher BMI cat-
egories, being of a white race, presence of congestive 
heart failure or ischemic heart disease along with other 

Fig. 8  Regional importance of the predictors of death 15 to 30 days after COVID-19 presentation. Mean SHAP values are shown for the top 15 
predictors in each region, including the mutual and the exclusive top predictors in LatAm and North America. Mean SHAP values are show in 
descending order of importance in reference to the LatAm group
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parameters (e.g. modality, population density, nursing 
home utilization). We showed consistent findings for 
increased risks of death in COVID-19 with older age and 
longer vintage for all follow up timepoints in our North 
America cohort. Further, we also found being male was 
a top predictor of mortality in COVID-19, especially for 
shorter- and intermediate-term outcomes. However, we 
did not observe male sex to be a top predictor of longer-
term outcomes occurring > 30  days after presentation. 
We also found higher BMI to be a top predictor, yet only 
for shorter-term mortality within 14 days of presentation. 
Although BMI was not a top predictor of longer-term 
death in North America, it is noteworthy to mention that 
the association became inversed with lower BMI being 
associated with a higher risk of death coming in as the 
34th predictor in the region. Remarkably, this observation 
was more clearly seen in the LatAm cohort where higher 

BMI was among the top 15 predictors of shorter-term 
death and lower BMI was among the top 15 predictors 
of longer-term death after COVID-19 (Fig.  6). As men-
tioned earlier, we did not find heart failure or ischemic 
heart disease to be top predictors. We did not include 
race in our models since we focused on variables that 
are universally captured in both world regions; data on 
race is not captured in some LatAm countries, which is 
a limitation.

Traditional regression modelling techniques can pro-
vide a simpler interpretation on a population level due to 
the requirement for establishing a reference, with catego-
ries or successive changes in the measure, of which the 
former considers everyone in a group to be the same and 
the latter requires the assumption of linear relationships 
in effects [25]. This process allows a hazard ratio or odds 
ratio to be produced and provides an average probability 

Fig. 9  Regional importance of the predictors of death > 30 days after COVID-19 presentation. Mean SHAP values are shown for the top 15 
predictors in each region, including the mutual and the exclusive top predictors in LatAm and North America. Mean SHAP values are show in 
descending order of importance in reference to the LatAm group
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of an outcome in one group or another, or by a speci-
fied increase/decrease. Although traditional techniques 
can provide a simple interpretation for a population, 
information gain is often lost, and unacceptable gener-
alization can occur. Non-linear modeling, such as the 
machine learning techniques we utilized, can consider 
the effects for continuous variables without categoriza-
tion and do not require arbitrary assumptions in linear 
relationships [25]. It is worthwhile to mention there have 
been advancements in predictive modeling techniques in 
recent years, and deep learning methods might have the 
potential to perform even better than the machine learn-
ing methods chosen by us due to the XGBoost model’s 
ability to account for collinearity and missingness [28, 
29]. A limitation of these machine and deep learning 
models are that the outputs can be less intuitive on a 
population level. In our case, we report the SHAP values 
in log odds (i.e. the logarithm of the odds ratio) with aver-
age population risks being provided in absolute values 
that only show relative importance of a factor, yet not the 
direction of the association. Nonetheless, the individual 
predictions can provide more interpretable information 
for any given individual patient, in a more personalized 
manner, including each individual patient’s probability of 
experiencing an outcome, as well as the probability and 
direction of the association for each individual predic-
tor variable for each individual patient. Importantly, the 
top predictors established consider the average risk for 
patients in each regional cohort and the top predictors 
for individuals will likely differ some since every affected 
patient may not have the same physiological disturbances 
in the same factors.

Although we observed consistencies in the top predic-
tors of mortality in COVID-19 in HD patients between 
the world regions, we did find some contrasts in the top 
predictors as well as inverse associations. These could be 
in part reflective of the differences in the timing of death 
events after COVID, which occurred earlier in LatAm 
and later in North America. Supporting this, we did 
find some the top predictors of mortality changed from 
shorter to longer survival times, such as in the case of 
BMI. Also, these contrasts could be attributable to differ-
ences in the regional cohorts related to patient character-
istics, practice patterns, and resource limitations. Some 
select laboratories were measured less frequently in Latin 
versus North America countries, which is a potential 
limitation. However, we did not qualitatively observe any 
concerning differences in the descriptive statistics for the 
cohorts.

Our findings highlight how machine learning tech-
niques can provide personalized insights for individ-
ual patients to understand the specific risk factors of 
death in COVID-19 for each patient, as well as provide 

a better generalization of the most important risk fac-
tors for a cohort/population. We found most the mod-
els constructed had suitable performance in providing 
individualized prognosis for HD patients with COVID-
19. These modeling techniques can be adopted by pro-
viders with analytical resources to assist care teams and 
enhance treatment paradigms. We recommend using 
an array of variables and including modifiable factors to 
provide potential ways to intervene. In the development 
of models, fewer variables could be considered, and data 
driven selection of variables is recommended. If mod-
els are adapted considering fewer variables (e.g. the top 
15, 25, or 50), they would likely perform acceptably with 
the most information gain being attributable to the top 
predictors, yet a reasonable proportion of the top predic-
tors should be included to maintain the ability to pro-
vide personalized predictions, especially for modifiable 
factors that can be intervened upon. Notably, we used 
a default cutoff threshold for calculation the balanced 
accuracy performance metric. It may be prudent to eval-
uate adjustments in this cutoff threshold for prospective 
efforts to optimize model performance for a specific use 
case and intervention.

Prior efforts have leveraged machine learning mode-
ling to assist with early detection of SARS-CoV-2 infec-
tion in HD patients [30], and these models add another 
set of resources to be considered in the clinician’s tool-
box by providing a method to suitably assist with the 
prognosis of HD patients who contract COVID-19. 
Amidst the time of SARS-CoV-2 vaccines being more 
and more of an option in the world, the predictors of 
mortality will need to be established specifically in vac-
cinated dialysis patients considering regional differ-
ences in the world in patient populations and vaccine 
types. Given some countries continue to have limita-
tions in access to SARS-CoV-2 vaccines [12], these 
models and the established predictors of mortality in 
HD patients before vaccines were available will be of 
high importance to the global nephrology community 
and can be leveraged for the development of models in 
vaccinated cohorts.

Conclusions
In summary, our findings show the profiles of mortality 
in HD patients with COVID-19 were distinct in LatAm 
and North America throughout the year 2020. There 
was a higher mortality rate within 0–14 or 15–30 days 
after COVID-19 in LatAm, while the mortality rate was 
higher in North America > 30  days after presentation. 
Irrespective of these differences, a marked proportion 
of HD patients died > 30  days after presentation with 
COVID-19 (6% in LatAm and 9% in North America 
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cohorts). We were able to successfully construct a series 
of prediction models with suitable performance in both 
regions for determining the risk of death in an HD 
patient any time after COVID-19 presentation, as well 
as within 0–14, 15–30, and > 30  days after COVID-19 
presentation. Results showed older age, longer vintage, 
poor nutrition, and higher inflammation were con-
sistently top predictors of death in COVID-19 in both 
world regions at all timepoints after COVID-19 pres-
entation. Unique patient attributes including higher 
BMI and male sex were top predictors of shorter-and 
intermediate-term mortality, yet not longer-term mor-
tality. These insights further expand our understanding 
of the profiles and predictors of mortality and provide 
modeling techniques that can be considered for use by 
dialysis providers internationally.
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