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Abstract 

Background Gastrointestinal bleeding (GIB) is a clinical challenge in kidney failure. INSPIRE group assessed 
if machine learning could determine a hemodialysis (HD) patient’s 180‑day GIB hospitalization risk.

Methods An eXtreme Gradient Boosting (XGBoost) and logistic regression model were developed using an HD 
dataset in United States (2017–2020). Patient data was randomly split (50% training, 30% validation, and 20% testing). 
HD treatments ≤ 180 days before GIB hospitalization were classified as positive observations; others were negative. 
Models considered 1,303 exposures/covariates. Performance was measured using unseen testing data.

Results Incidence of 180‑day GIB hospitalization was 1.18% in HD population (n = 451,579), and 1.12% in testing 
dataset (n = 38,853). XGBoost showed area under the receiver operating curve (AUROC) = 0.74 (95% confidence inter‑
val (CI) 0.72, 0.76) versus logistic regression showed AUROC = 0.68 (95% CI 0.66, 0.71). Sensitivity and specificity were 
65.3% (60.9, 69.7) and 68.0% (67.6, 68.5) for XGBoost versus 68.9% (64.7, 73.0) and 57.0% (56.5, 57.5) for logistic regres‑
sion, respectively. Associations in exposures were consistent for many factors. Both models showed GIB hospitalization 
risk was associated with older age, disturbances in anemia/iron indices, recent all‑cause hospitalizations, and bone 
mineral metabolism markers. XGBoost showed high importance on outcome prediction for serum 25 hydroxy (25OH) 
vitamin D levels, while logistic regression showed high importance for parathyroid hormone (PTH) levels.

Conclusions Machine learning can be considered for early detection of GIB event risk in HD. XGBoost outperforms 
logistic regression, yet both appear suitable. External and prospective validation of these models is needed. Associa‑
tion between bone mineral metabolism markers and GIB events was unexpected and warrants investigation.

Trial registration This retrospective analysis of real‑world data was not a prospective clinical trial and registration 
is not applicable.
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Graphical Abstract

HEMORR2HAGES [14], ORBIT [15]), yet have poor per-
formance in dialysis [6, 16, 17]. Machine learning meth-
ods were evaluated for classification of major bleeding 
risk in dialysis, yet have so far shown inadequate perfor-
mance [6]. The inability to identify the risk for an ensuing 
bleeding event might be due to the classification for all-
cause events, rather than specific types of bleeding events 
that can have distinct clinical characteristics defining the 
condition. The INSPIRE Core Group aimed to develop 
two machine learning models to determine if artificial 
intelligence-based methods may be able to provide suit-
able identification of an HD patient’s risk for hospitaliza-
tion due to a GIB event.

Methods
Patient population
We utilized real-world data from adults (age ≥ 18 years) 
who received ≥ 1 outpatient HD treatment at a national 
dialysis network (Fresenius Kidney Care, Waltham, 
United States) during 01-Jan-2017 through 31-Dec-2020.

Project was approved by New England Independent 
Review Board (Needham Heights, MA, United States; 
Work Oder# 1–1502098-1) who determined the de-
identified data analysis was exempt per United States 

Background
INitiativeS on advancing Patients’ outcomes In REnal 
disease (INSPIRE) is an academia and industry col-
laboration set forth to identify critical investigations/
models needed to advance the practice of medicine 
in nephrology. At the inaugural INSPIRE meeting, 
the Core Group chose major gastrointestinal bleeding 
(GIB) as a top priority. The consensus was severe bleed-
ing events represent potentially preventable complica-
tions occurring more frequently in kidney disease as 
compared to the general population [1–4].

Major bleeding events have about a 2% to 6% inci-
dence per year in dialysis [5–7], which is more than 
sevenfold higher than the incidence rate in the general 
population [8]. Bleeding events differ by modality, with 
higher rates seen in hemodialysis (HD) versus perito-
neal dialysis (PD) [9]. Most bleeding events are due to 
a gastrointestinal bleed (GIB), with about 20% requiring 
hospitalization [5, 10]. Incidence of GIB hospitalizations 
has been increasing over time in the dialysis popula-
tion [10]. Dialysis patients who experienced a GIB have 
a 90% higher risk of death occurring any time after the 
event, a risk that increases with every GIB event [10].

Bleeding risk scores are available for various popu-
lations (e.g., GBS [11], HAS-BLED [12], ATRIA [13], 
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Table 1 Exposure variable descriptions considered in modeling

Comorbidities: ◊ ICD10 groupings for all comorbidities available upon request

Laboratories, HD treatment data, in-center medications: Model will consider most recent value for each distinct variable, as well as the minimum, maximum, mean, 
and difference values (difference in last measure to historic minimum, maximum, and mean values) in the prior 7, 30, 90, and/or 180 days for each distinct variable as 
deemed appropriate considering data frequency/availability (represented in all variables column of table)

Events: Model will consider most recent value for each distinct variable

Parameters Distinct 
variables

All input 
variables

Description

Demographics
 Age 1 1 Age (years)

 Sex 1 1 Male (versus Female)

 Race 5 5 Asian, Black, White, other, unknown

 Ethnicity 3 3 Hispanic, Not Hispanic, unknown

 Height 1 1 Centimeters tall

 Dialysis vintage 1 1 Years on chronic dialysis

 Marital status 4 4 Single, Married/partner/union, Divorced/separated/widowed, unknown

 Dialysis access 2 2 Catheter, Fistula/Graft

Comorbidities
 Chronic comorbidity 12 15 Anemias, Hypertension, Diabetes (presence & duration as years since start), Cancer other 

than skin, Cerebrovascular disease, Chronic obstructive pulmonary disease, Congestive 
heart failure, Drug or alcohol dependence, Hepatitis, Hyperparathyroidism, Ischemic heart 
disease, Peripheral vascular/arterial disease (presence)◊

 Acute morbidity 4 4 Cardiac arrest, Cardiac dysrhythmias, GI bleed, Infection (presence) ◊

Environmental
 Season 4 4 Winter (Dec‑Feb), spring (Mar‑May), summer (Jun‑Aug), autumn (Sep‑Nov)

Laboratories
 Cell blood counts 9 165 Hemoglobin (weekly), white blood cells, neutrophils, lymphocytes, platelets, monocytes, 

eosinophils, basophils (monthly), hemoglobin A1C (if has diabetes) (bi‑annual)

 Chemistry 12 228 Albumin, calcium, corrected calcium, chloride, creatinine, bicarbonate, phosphate, potas‑
sium, sodium, blood urea nitrogen, blood urea nitrogen to creatinine ratio, urea reduction 
ratio (monthly)

 Bone factors 2 20 Intact parathyroid hormone (quarterly), total 25OH vitamin D (bi‑annual)

 Iron indices 2 26 Transferrin saturation, ferritin (quarterly)

HD Treatment Data
 Vital signs 12 228 Standing and sitting systolic and diastolic blood pressure, sitting heart rate, temperature 

(pre‑HD & post‑HD)

 Weights 5 95 Weights last HD (pre‑HD & post‑HD), estimated dry weight (EDW), removed weight as per‑
cent of EDW, removed weight as percent of target to remove

 Dialysis delivery 6 114 Treatment time, KECN (effective conductivity clearance of sodium), online clearance Kt/V, 
Qb, Qd, saline administration

 Shortened HD session 14 266 Ended treatment early: against medical advice, patient request, physician request, patient 
late, complication (clotted access, poor flows, hypotension, technical difficulty, system 
problem), emergency, hospitalization, unexpected, other, unknown

 Rescheduled HD session 5 7 Days since start/end last rescheduled HD, days between rescheduled HD to next ses‑
sion, ≥ 1 rescheduled HD in last 180 days, number of rescheduled HD (last 30, 90, 180 days)

 Missed HD treatments 5 7 Days since start/end last missed HD, days between missed HD to next session, ≥ 1 missed 
HD in last 180 days, number of missed HD (last 30, 90, 180 days)

Medications
 In‑center medications 10 100 Systemic heparin, heparin catheter lock, IV vitamin D, oral vitamin D (calcitriol, paricalci‑

tol, or ergocalciferol), calcimimetic (etelcalcetide, cinacalcet), erythropoietin stimulating 
agents, IV iron (dose of medication)

Events
 All cause hospitalizations/events 6 6 Days since start/end last hospitalization, ≥ 1 hospitalization in last 180 days, length of stay 

(days) for last hospitalization, emergency room visit in last 180 days, temporary transfer 
outside provider in last 180 days
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45CFR46.104(d)(4). Analysis adhered to the Declaration 
of Helsinki.

Outcome and predictor variables
The outcome (dependent variable) was defined as a GIB 
hospitalization determined from discharge diagnosis 
ICD10 codes: K22.6, K25.0, K25.2, K25.4, K25.6, K26.0, 
K26.2, K26.4, K26.6, K27.0, K27.2, K27.4, K27.6, K28.0, 
K28.2, K28.4, K28.6, K29.0, K62.5, K66.1, K92.0, K92.1, 
K92.2. At-risk exposure time for outcome prediction 
was investigated and chosen to be within 180 days after 
receiving each HD treatment (i.e., prediction date) across 
the analysis period. The goal was to select a short time-
frame that enables actionable interventions while avoid-
ing long-term risk assessments that lack clarity on the 
benefits of potential actions.

GIB risk factors are uncertain in dialysis. We inves-
tigated exposures/covariates (independent variables; 
Table 1) considering a priori assumptions, as well as com-
mon measures captured in care. This permitted explo-
ration based on clinical importance, yet also leveraged 
the machine learning models’ ability to gain information 
from large amounts of data [18].

For each unique exposure (n = 126), we included the 
most recent value/status as of the prediction date; for 
continuous data, we also included the minimum, maxi-
mum, mean, and difference values (difference in last 
measure to historic minimum, maximum, and mean 
values) in the prior 7, 30, 90, and/or 180 days (Fig.  1). 
Erythropoietin doses were converted into epoetin-beta 
equivalent units using established ratios [19]. Intravenous 

vitamin D doses were converted to doxercalciferol equiv-
alent units using a 1:1.54 conversion ratio from paricalci-
tol (i.e. 65% of paricalcitol dose) and a 1:1.375 conversion 
ratio from calcitriol (i.e. 73% of the calcitriol dose) [20, 
21]. Drug doses were considered zero if a patient was not 
using a medication. Exposure fields with > 60% missing-
ness were excluded due to insufficient data. Imputation 
of missing data was performed using mean methods for 
quantitative data and mode methods for qualitative data. 
Overall, the model assessed 1,303 exposure variables for 
predictions (unique and calculated variables).

Data sampling and splitting
Data was organized for model development by randomly 
splitting unique patient records into a training (50% of 
patients), validation (30% of patients), and testing (20% 
of patients) dataset. In these datasets, each HD treatment 
observation within 180 days before a GIB hospitalization 
was classified as a positive observation (i.e., experienced 
GIB event in next 180 days). All other HD treatment 
observations were classified as a negative observation 
(i.e., did not have GIB event in next 180 days). Given the 
large number of observations (105.84 million HD treat-
ments), we randomly selected a subset of observations for 
model development, considering samples from the posi-
tive and negative observations within these three data-
sets (Fig. 2). Sampling considered an equivalent number 
of observations with positive and negative GIB events in 
the training dataset, and an incidence that matched the 
overall population in the validation and testing datasets. 

Fig. 1 Data ascertainment and outcome follow up timeframes
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Repeated observations from unique patients were per-
mitted to be randomly sampled, and could include both 
positive and negative observations. Sampling consid-
ered one randomly selected positive GIB event for each 
unique patient in the validation and testing datasets to 
provide equal weight.

Machine learning models
We used Python version 3.7.7 (Python Software Foun-
dation, Delaware, United States) for machine learning 
model development in a cloud computing environment 
(Amazon Web Services, Inc., Seattle, WA). Binary out-
come classification models were built using eXtreme 
Gradient Boosting (XGBoost) and logistic regression 
methods based on the same datasets and exposures.

XGBoost is a linear and non-linear (decision tree) 
association model, and logistic regression is a linear 
association model. [22, 23] Training dataset was used to 
construct these models that both calculate the likelihood 
of the outcome as a log-odds value (logarithm of the odds 
ratio). Outcome classification is based on associations 
from every possible combination of exposure interactions 
to maximize information gain, and yields an ensemble 
of associations (based on log-odds values from decision 
trees or regression methods). The ensemble models are 
constructed iteratively (models learn from each iteration, 

adding new associations to correct errors). Once trained, 
models used the validation dataset to learn from a dif-
ferent group of patients, and adjust/tune the predictive 
importance of associations until no further improve-
ments in classification performance were achieved. The 
final performance was assessed on unseen data in the 
testing dataset.

Importance of predictor variables
The importance/meaningfulness of exposures was deter-
mined using Shapley (SHAP) values [24, 25] computed 
using the SHAP python package [26, 27]. SHAP methods 
determine the effect size (log odds) for each exposure, 
considering the overall combination of variables, and 
rank the overall effects on the prediction. SHAP values 
represent additive explanations of variable importance 
for linear and non-linear associations in XGBoost model, 
and the importance for linear associations the logistic 
regression model.

Assessment of model performance
Model performance was measured by the area under the 
receiver operating characteristic curve (AUROC), sensi-
tivity, specificity, accuracy, and balanced accuracy; these 
were assessed in the training, validation, and testing data-
sets used for model development. Lift and area under the 

Fig. 2 Selection of data for model development
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precision-recall curve (AUPRC) were further assessed in 
testing dataset. Final model performance was evaluated 
using unseen testing dataset considering a prediction 
cutoff threshold of 0.50. The details of the performance 
metrics are denoted in Additional File 1; Supplementary 
Methods.

Metrics for AUROC, sensitivity, specificity, accuracy, 
balanced accuracy and AUPRC compute scores on a scale 
of 0 (lowest) to 1 (highest). Sensitivity, specificity, accu-
racy, and balanced accuracy are shown as a percentage. 
As an example, a model performing at random chance 
would have an AUROC = 0.5, a balanced accuracy = 50%, 
and an AUPRC equal to the proportion of positives in the 
dataset (i.e., incidence of 180-day GIB hospitalization), 
and a lift value of 1.

Results
Patient population characteristics
Incidence of GIB hospitalization within 180 days of a 
given HD treatment was 1.18% (1,249,108/105,838,571 
observations) in the population (patient n = 451,579). 
We split the population into three groups, ran-
domly assigning each distinct patient’s data into a 
training (n = 228,384), validation (n = 137,031), or 
testing (n = 91,354) dataset. A random subset of obser-
vations was selected for the training (patient n = 76,216), 

validation (patient n = 38,992), and testing (patient 
n = 38,853) datasets used to construct the models. This 
considered down sampling to achieve an equivalent 
number of observations with positive and negative GIB 
events in the training dataset, and sampling to match the 
GIB incidence in the overall population in the validation 
and testing datasets. Patient characteristics in the subset 
of data used were reasonably consistent with the over-
all population, albeit there were some small differences 
after random splitting/sampling (Table  2). Compared to 
all patients with a GIB hospitalization, the random sub-
set showed a slightly higher proportion of patients with a 
black race and arteriovenous HD access. Despite this, the 
testing dataset exhibited consistent patient characteris-
tics. Compared to all patients without any GIB hospitali-
zation, the random subset showed a higher proportion of 
patients with a black race, arteriovenous HD access, and 
diabetes, as well as a longer dialysis vintage. The testing 
dataset also showed a higher proportion of patients with 
arteriovenous HD access and diabetes.

Model performance
Model performance was evaluated on the unseen test-
ing dataset. XGBoost and logistic regression models 
showed an AUROC of 0.74 (95% confidence interval 
(CI) 0.72, 0.76) and 0.68 (95% CI 0.66, 0.71) respectively 

Table 2 Characteristics of the HD Patient Population, Random Subset of Patients, and Test Dataset of Patients

a KDQOL-36 score for question 10: “Did you have a lot of energy?”

GIB Gastrointestinal bleed, HD Hemodialysis

Parameter GIB admission mean ± SD OR % No GIB admission mean ± SD OR %

Population Subset Test Dataset Population Subset Test Dataset

Patient n 28,644 13,114 465 422,935 146,302 38,586

Observation n 1,249,108 98,269 465 104,589,463 176,480 38,586

Age (years) 67.3 ± 13.0 68.5 ± 12.6 66.9 ± 13.4 62.8 ± 14.6 63.5 ± 14.3 63.8 ± 14.4

Male 55% 55% 57% 58% 58% 58%

White Race 48% 48% 48% 44% 46% 45%

Black Race 28% 31% 27% 22% 27% 22%

Asian Race 3% 3% 3% 2% 2% 2%

Other Race 1% 1% 1% 1% 1% 1%

Unknown Race 20% 17% 21% 30% 23% 30%

Hispanic Ethnicity 9% 10% 9% 10% 11% 10%

Not Hispanic Ethnicity 67% 68% 66% 56% 61% 56%

Unknown Ethnicity 24% 22% 25% 34% 28% 34%

Dialysis vintage (years) 3.9 ± 4.1 4.5 ± 4.1 4.3 ± 4.4 2.3 ± 3.6 3.8 ± 4.0 3.1 ± 3.8

Catheter HD access 28% 19% 28% 43% 25% 33%

Arteriovenous HD access 70% 81% 71% 46% 73% 63%

Diabetes 39% 40% 42% 30% 38% 37%

Ischemic heart disease 24% 24% 25% 15% 19% 19%

GIB (comorbidity) 2% 3.2% 2.8% 0.4% 0.8% 0.7%

Self‑reported energy  levela 45.3 ± 27.8 46.3 ± 27.8 47.7 ± 28.8 46.3 ± 27.3 49.7 ± 27.8 49.4 ± 27.8
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(Table 3, Fig. 3). XGBoost and logistic regression mod-
els showed a sensitivity of 65.3% (60.9, 69.7) and 68.9% 
(64.7, 73.0), a specificity of 68.0% (67.6, 68.5) and 57.0% 
(56.5, 57.5), and an AUPRC of 0.05 and 0.03 respec-
tively (Fig. 4). Concerning AUPRC, performance at ran-
dom chance is defined by the incidence of 180-day GIB 
hospitalization in the population (i.e., 0.012 or 1.2%). 
In assessment of clinical utility by lift, an estimate of 
how well a prediction model improves the identifica-
tion of positive GIB hospitalizations occurring over ran-
dom selection, XGBoost and logistic regression models 
showed a lift of 7.2 and 6.4, respectively, suggesting that 
the models would be 7.2 and 6.4 times more effective in 
identifying GIB hospitalization as compared to not hav-
ing any model (Fig. 5).

Predictors of GIB hospitalization
SHAP values estimate the predictive effect size for 
each variable in the models (Tables 4 and 5). XGBoost 
showed top three predictors of a GIB hospitalization 
were a minimum hemoglobin (hgb) in the last 180 days 
(group mean GIB event = 8.4 g/dL vs no GIB event = 9.1 
g/dL), age (group mean GIB event = 66.9 years vs no 
GIB event = 63.8 years), and total serum 25-hydroxy 
(25OH) vitamin D levels from the most recent lab 
(group mean GIB event = 31.6 ng/mL vs no GIB 
event = 30.3 ng/mL). Logistic regression showed top 
three predictors of a GIB hospitalization were related 
to ferritin levels; namely, minimum ferritin in the prior 
180 days (group mean GIB event = 744 ng/mL vs no 
GIB event = 711 ng/mL), ferritin from the most recent 
lab (group mean GIB event = 958 ng/mL vs no GIB 

Table 3 Model Performance in Predicting 180‑day GI Bleed Hospitalization Risk

GIB Gastrointestinal bleeding, AUROC Area under the receiver operating characteristic curve, CI Confidence interval

Dataset Training Validation Testing

Patient n 76,216 38,992 38,853

Observation n 196,570 39,128 39,051

Incidence of 
180-day GIB 
hospitalization

49.5% 1.12% 1.12%

Model XGBoost Logistic 
Regression

XGBoost Logistic 
Regression

XGBoost Logistic Regression

AUROC value (95% 
CI)

0.747 (0.745, 0.750) 0.660 (0.658, 0.663) 0.718 (0.696, 0.741) 0.638 (0.614, 0.663) 0.740 (0.717, 0.763) 0.684 (0.660, 0.709)

Sensitivity % (95% 
CI)

65.3 (65.0, 65.6) 60.8 (60.6, 61.1) 65.0 (60.9, 69.3) 63.5 (59.2, 67.9) 65.3 (60.9, 69.7) 68.9 (64.7, 73.0)

Specificity % (95% 
CI)

70.5 (70.2, 70.8) 62.8 (62.5, 63.1) 67.5 (67.1, 68.0) 56.9 (56.4, 57.4) 68.0 (67.6, 68.5) 57.0 (56.5, 57.5)

Accuracy% (95% CI) 68.0 (67.7, 68.2) 61.8 (61.6, 62.0) 67.5 (67.1, 68.0) 57.0 (56.5, 57.5) 68.0 (67.5, 68.4) 57.1 (56.6, 57.6)

Balanced accuracy 
% (95% CI)

67.9 (0.677, 0.682) 61.8 (61.6, 62.0) 66.2 (64.2, 68.5) 60.2 (58.0, 62.5) 66.7 (64.4, 68.9) 62.9 (60.8, 65.0)

Fig. 3 Receiver operating characteristic curve for the XGBoost and logistic regression models
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event = 918 ng/mL), and minimum ferritin in the prior 
90 days (group mean GIB event = 864 ng/mL vs no GIB 
event = 834 ng/mL). Top predictors had many consist-
encies between the two models, yet some distinctions 
as well. Both models ranked relatively consistent pre-
dictive importance for older age, recent all-cause hos-
pitalizations, and disturbances in iron indices, albeit 
some factors show more predictive importance in one 
model versus the other. XGBoost showed high impor-
tance on outcome prediction for hgb and serum 25OH 
vitamin D levels, while the logistic regression model 
showed high importance for heparin and intact para-
thyroid hormone (PTH).

Top 25 predictors with the greatest effect on classifi-
cation of 180-day GIB hospitalization risk are shown in 
Fig. 6 for XGBoost and Fig. 7 for logistic regression mod-
els. Bar charts (left panel) show the mean absolute SHAP 
value (a non-negative value) representing the magnitude 
of the effect size for each variable in log odds. Predictors 
are shown in descending order. The bee-swarm plot on 
the right panel further illustrates the direction and dis-
tribution of effect sizes/SHAP values for each predic-
tion. The x-axis position of each dot indicates the effect 
size (positive for higher risk, negative for protection), 
while the color reflects the exposure variable’s value 
(warmer for higher, cooler for lower) for each individual 
prediction.

To provide an example, the bar charts (mean absolute 
SHAP value) show minimum ferritin level in the prior 
180 days were  7th most important in prediction of 180-
day GIB hospitalization risk in the XGBoost model and 
the  1st most important in the logistic regression model. 
Bee-swarm plot also shows this ranking, yet further 
shows dots representing the effect of each individual pre-
diction. The XGBoost bee-swarm plot shows dots with 

warmer colors for more negative SHAP values (indicat-
ing greater protection with higher minimum ferritin lev-
els) and dots with cooler colors for more positive SHAP 
values (indicating more risk with lower minimum ferri-
tin levels) (Fig. 6). The logistic regression bee-swarm plot 
also shows warmer colors for more negative SHAP val-
ues related to minimum ferritin levels over the prior 180 
days (Fig. 7), but cooler colors did not have a remarkable 
effect size with more positive values (indicating minimal 
impact on the prediction). Many exposures had a large 
or small effect size for a specific patient’s prediction, and 
this can be seen by distributions of SHAP values in bee-
swarm plots.

Discussion
Major GIB events are potentially avoidable, yet under-
recognized in HD. To improve methods for early detec-
tion, we tested if machine learning could assist in 
identification of a HD patient’s 180-day GIB hospitaliza-
tion risk. Two models tested had suitable performance. 
XGBoost showed higher performance considering 
AUROC and specificity, yet both models had consistent 
sensitivity. External and prospective testing appear war-
ranted. Models showed the most important risk factors 
for GIB hospitalization were older age, disturbances in 
anemia and iron indices, recent hospitalizations, and 
bone mineral metabolism markers. Many of the top pre-
dictors were anticipated [10, 28], yet the strong asso-
ciations between serum 25OH vitamin D/PTH and GIB 
events were unexpected and need further investigation.

We found a 1.2% incidence of 180-day GIB hospitaliza-
tion, which is consistent with the literature that shows a 
2–6% incidence per year. [5–7] Despite a low incidence, 
experiencing a GIB hospitalization can increase risk 
of death by 90% in kidney failure [10], emphasizing the 

Fig. 4 Precision‑recall curve for the XGBoost and logistic regression models
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Fig. 5 Lift curve for the XGBoost and logistic regression models. Lift values estimate how well the model improves the identification of positive 
GIB hospitalizations compared to random selection. The x‑axis of the lift chart represents the percentage of observations with a positive GIB 
hospitalization event, while the y‑axis represents the cumulative lift above random chance in correctly predicting GIB hospitalization events

Table 4 Top 25 predictors of 180‑Day GI Bleed Hospitalization in the Test Dataset in Reference to XGBoost Model

GIB Gastrointestinal bleed, Hgb Hemoglobin, TSAT Transferrin saturation, Hgb A1C Hemoglobin A1C, HD Hemodialysis SD Standard deviation

Top 25 predictors in descending order of importance XGBOOST mean 
SHAP value

Logistic regression 
mean SHAP value

GIB admission 
mean (SD) OR %

NO GIB 
admission mean 
(SD) OR %

Hgb (g/dL): min 180 days 0.42389 0.00034 8.4 (1.4) 9.1 (1.3)

Age (years) 0.32952 0.04080 66.9 (13.4) 63.8 (14.4)

25OH Vitamin D (ng/mL): last lab 0.30093 0.00407 31.6 (13.1) 30.3 (12.8)

Hospitalized in last 180 days (%) 0.16046 0.00005 82% 51%

Dialysis vintage (years) 0.11337 0.00101 4.3 (4.3) 3.2 (3.7)

25OH Vitamin D (ng/mL): difference last lab to mean 180‑day 0.06965 0.00002 0.1 (2.1) 0.2 (2.0)

Ferritin (ng/mL): min 180 days 0.06323 0.08896 744 (451) 711 (527)

25OH Vitamin D (ng/mL): difference last lab to max 180‑day 0.05865 0.00001 ‑0.6 (2.6) ‑0.5 (2.0)

Dialysis access is fistula/graft 0.05683 0.00000 71% 63%

Hgb (g/dL): last lab 0.05615 0.00030 9.9 (1.6) 10.5 (1.4)

TSAT (%): mean 180 days 0.05190 0.00923 29.4 (10.6) 30.1 (10.4)

25OH Vitamin D (ng/mL): min 180 days 0.04984 0.00394 30.7 (12.6) 29.4 (12.4)

Hgb (g/dL): min 90 days 0.04850 0.00033 8.8 (1.4) 9.4 (1.3)

Ferritin (ng/mL): mean 180 days 0.04553 0.02765 956 (526) 888 (599)

Albumin (g/dL): last lab 0.04403 0.00002 3.5 (0.5) 3.6 (0.5)

TSAT (%): mean 90 days 0.04192 0.01143 28.7 (11.3) 30.4 (11.3)

Ferritin (ng/mL): last lab 0.04160 0.08581 958 (570) 918 (689)

Hgb A1C (%): last lab 0.04028 0.00006 6.4 (1.1) 6.5 (1.0)

Monocytes (%): min 180 days 0.03313 0.00013 5.1 (1.5) 5.3 (1.5)

Cardiac Dysrhythmias 0.03273 0.00001 18% 10%

Days since start of last all‑cause hospitalization 0.03160 0.04900 131 (187) 203 (161)

Lymphocytes (%): max 180 days 0.02969 0.00509 21.9 (8.3) 23.0 (9.4)

Post‑HD pulse (bpm): max last 90 days 0.02964 0.00512 96.6 (15.4) 93.7 (14.2)

Platelets (1000/mcL): mean 180 days 0.02926 0.01688 202 (72) 206 (73)

Ended HD early against medical advice (%): mean 90 days 0.02866  < 0.00001 0.02 (0.09) 0.02 (0.07)
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need to enhance early detection. GIB can be detected by 
fecal occult blood tests and endoscopy [29, 30]. However, 
there is little information to guide screening in the dialy-
sis population and early detection may largely be depend-
ent on a timely referral to a gastroenterologist. Many 
GIBs can be effectively managed by pharmaceutical regi-
mens or treated during screening procedures, with about 
40% of upper GIBs being treated in an outpatient setting 
[31]. A recent study of > 200,000 hospitalized patients 
showed kidney failure patients had lower endoscopy rates 
and higher mortality rates than matched patients without 
kidney failure [4]. Furthermore, this study showed kidney 
failure patients with a major GIB who had an endoscopy 
exhibited lower mortality rates than those who did not 
receive an endoscopy. This supports the potential benefits 
of endoscopy for diagnostic evaluation and treatment as 
it is determined to be appropriate by gastroenterologist 
evaluation. Notably, kidney failure itself is a significant 
risk factor for GIB [28, 32, 33]. A study of dialysis patients 
who received an endoscopy during kidney transplant 

evaluation showed > 60% of patients had abnormal endo-
scopic findings [34].

Models are available for assessing risk at the emer-
gency department/hospital. However, these include 
kidney failure and/or markers altered in kidney dis-
ease as inputs, and thus can yield convoluted insights 
in the dialysis population [35, 36]. GIB risk classifica-
tion remains a clinical challenge in kidney failure. 
Glasgow Blatchford score (GBS) has been evaluated 
for predicting GIB risk and the need for endoscopic 
intervention in kidney failure patients presenting to 
the hospital; this model had low to moderate perfor-
mance (AUROC = 0.63, sensitivity = 81.2%, and speci-
ficity = 42.3%) with a GBS cutoff score of ≥ 14 [33]. In 
comparison, a GBS cutoff score of > 0 (zero) is consid-
ered appropriate to define need for endoscopy outside 
kidney failure [11]. To our knowledge, there are pres-
ently no GIB risk models specific to the outpatient kid-
ney failure population. All-cause bleeding risk models 
have been tested in kidney failure, but are not yet used 
in care [6, 16, 17, 37]. One all-cause bleeding model 

Table 5 Top 25 predictors of 180‑Day GI Bleed Hospitalization in the Test Dataset in Reference to Logistic Regression Model

GIB Gastrointestinal bleed, PTH Parathyroid hormone, KECN Effective conductivity clearance of sodium; QB: blood flow

Top 25 predictors in descending order of importance XGBoost mean 
SHAP value

Logistic regression 
mean SHAP value

GIB admission 
mean (SD) OR %

NO GIB 
admission mean 
(SD) OR %

Ferritin (ng/mL): min 180 days 0.06323 0.08896 744 (451) 711 (527)

Ferritin (ng/mL): last lab 0.04160 0.08581 958 (570) 918 (689)

Ferritin (ng/mL): min 90 days 0.01858 0.05821 864 (523) 834 (608)

Heparin systemic (IU): mean 7 days  < 0.00001 0.05583 126 (731) 162 (950)

Intact PTH (pg/mL): mean 180 days 0.00776 0.05566 453 (418) 458 (394)

Days since start of last all‑cause hospitalization 0.03160 0.04900 131 (187) 203 (161)

Heparin systemic (IU): max 7 days  < 0.00001 0.04524 126 (731) 165 (975)

Heparin systemic (IU): min 7 days  < 0.00001 0.04179 126 (731) 159 (933)

Platelets (1000/mcL): min 180 days  < 0.00001 0.04131 163 (65) 174 (70)

Ferritin (ng/mL): max 90 days 0.00085 0.04091 1038 (614) 982 (744)

Age (years) 0.32952 0.04080 66.9 (13.4) 63.8 (14.4)

Intact PTH (pg/mL): last lab  < 0.00001 0.04066 443 (454) 449 (428)

Heparin systemic (IU): mean 30 days  < 0.00001 0.04048 126 (729) 162 (948)

Days since end of last all‑cause hospitalization 0.02499 0.03387 126 (187) 198 (161)

Heparin systemic (IU): min 90 days 0.00192 0.03364 84 (639) 130 (826)

Intact PTH (pg/mL): max 180 days 0.02204 0.03338 631 (590) 603 (529)

KECN: max 90 days 0.00125 0.03333 287 (30) 278 (30)

QB (mL/min): difference last HD to min 90‑day  < 0.00001 0.03082 75 (65) 69 (65)

Saline (mL): mean 30 days  < 0.00001 0.02899 471 (207) 459 (282)

KECN: max 30 days  < 0.00001 0.02794 279 (31) 271 (30)

Heparin catheter lock (mL): mean 30 days  < 0.00001 0.02765 67 (510) 54 (700)

Ferritin (ng/mL): mean 180 days 0.04553 0.02765 956 (526) 888 (599)

Ferritin (ng/mL): difference last lab to mean 180‑day  < 0.00001 0.02725 1.0 (292.8) 29.3 (319.8)

KECN: last HD 0.01001 0.02618 259 (37) 251 (34)

Ferritin (ng/mL): difference last lab to min 180‑day  < 0.00001 0.02606 213 (334) 207 (435)
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(BLEED-HD study) has showed moderate performance 
(c-statistic = 0.65) in predicting 3-year all-cause bleed-
ing hospitalization risk [37]. Rather than using the out-
come of all-cause bleeding, we focused on the most 
frequent class of bleeding events in a shorter prediction 
window, which yielded two models that may have suit-
able performance.

We identified an unexpected and potentially important 
association between bone mineral metabolism mark-
ers and major GIB. More extreme serum 25OH vitamin 
D values and disturbances appear to be associated with 
a lower GIB hospitalization risk. A growing body of evi-
dence is emerging on the anticoagulant and antithrom-
botic actions of serum vitamin D levels and derivative use 
[38]. Warfarin users have been shown to have a higher 
GIB risk when serum 25OH vitamin D levels were 
30–100 ng/mL versus all other levels [39]. Unadjusted 
investigations by the INSPIRE Core Group have showed 
GIB event rates were qualitatively higher in HD when 
serum 25OH vitamin D levels were 15–50 ng/mL [40, 
41]. Models also suggest higher PTH levels may associate 

with a lower GIB hospitalization risk (PTH measures are 
top predictors in both models, albeit start with rank at 
 34th in XGBoost). Dialysis patients with PTH levels < 600 
pg/mL have showed significantly increased risk of a 
major GIB event in a sub-analysis [42].

Concerning pathophysiology of hemostasis, in-vitro 
bench research shows 1,25-dihydroxyvitamin D induces 
tissue plasminogen activator secretion in rat heart cells 
[43], down-regulates plasminogen activator inhibitor 1 
expression in rat osteoblast cells [44] and human breast 
cancer cells [45], and down-regulates expression of tis-
sue factors in human leukemia cells [46]. In-vivo vitamin 
D receptor knockout enhances platelet aggregation in 
mice [47]. Higher serum 25OH vitamin D levels associ-
ate with reduced venous thromboembolism risk in the 
general population [48], and use of 1,25-dihydroxyvita-
min D associates with decreased incidence of deep vein 
thrombosis in prostate cancer [49]. There is a clear need 
for these interactions to be investigated further, and this 
is seen in recommendations [50].

Fig. 6 Effect size of the top 25 predictors of 180‑day GIB hospitalization in descending order of importance for the XGBoost model. Bar plot 
on the left panel shows the mean absolute SHAP values that estimate the average effect size of each exposure variable’s contribution to predicting 
the outcome on the x‑axis (calculated from the average absolute value for all predictions). Bee‑swarm plots on the right panel show the SHAP 
value from each prediction as a dot, grouped in a non‑overlapping to represent the distribution of the effect size and direction for each exposure 
variable. Each dot’s position on the x‑axis shows variable’s influence on the outcome for that unique prediction (more positive = higher risk or more 
negative = lower risk/more protection). The color of each dot corresponds to the value for the exposure variable (higher or lower) for that specific 
prediction. Warmer colors represent higher observed values for that measurement and cooler colors indicate lower values for that measurement. 
SHAP values are presented in the unit of log odds (i.e. logarithm of the odds ratio). GIB: gastrointestinal bleed; Hgb; hemoglobin; TSAT: transferrin 
saturation; Hgb A1C: hemoglobin A1C; HD: hemodialysis
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The pathophysiology of hemostasis in relation to PTH 
remains largely undefined, yet involves regulation by the 
same bone mineral metabolism hormonal axis as 25OH 
vitamin D, and thus they are inherently intertwined. [50] 
In-vitro research shows PTH, and its related proteins, 
can alter plasminogen activator and plasminogen activa-
tor inhibitor activities in rat osteoblast and porcine renal 
epithelial cells. [51, 52] PTH receptors are present on 
human platelet cells and PTH-related protein can inter-
act with these receptors to enhance platelet activation. 
[53] Among people with ischemic heart disease on dual 
antiplatelet therapies, higher serum PTH levels associ-
ate with increased platelet aggregation, and a subopti-
mal response to clopidogrel that did not associate with 
the effectiveness of other antiplatelet therapies including 
acetylsalicylic acid or ticagrelor. [54] Furthermore, par-
athyroidectomy for treatment of uncontrolled secondary 
hyperparathyroidism associates with decreases in serum 
platelet activation factor in people on HD. [55] Further 
research is needed to understand how the bone mineral 

metabolism axis is associated with and may influence 
hemostasis and GIB risk in CKD.

Although the models merit further evaluation, there 
are several limitations to be considered in interpret-
ing findings/predictions. The performance of the mod-
els may be suitable and better than existing models, yet 
further improvements based on prospective evaluations 
may be worthwhile. GIB is clearly a multidimensional 
disease, and we did not differentiate bleeding events by 
lesion location. Bleeding in the upper- and lower-GI sys-
tem can have differences in etiology, treatment strate-
gies, and outcomes [29, 30, 56]. Predictive models could 
be designed for specific GIB types, yet this would yield 
lower incidence rates that may hinder model perfor-
mance. Associations in exposures show predictive power 
and may not represent causal relationships. The logistic 
regression model could be influenced by confounding, 
which is a limitation with the method when using a more 
data-driven approach. The XGBoost model is inher-
ently able to manage confounding given the ensemble 

Fig. 7 Effect size of the top 25 predictors of 180‑day GIB hospitalization in descending order of importance for the logistic regression model. 
Bar plot on the left panel shows the mean absolute SHAP values that estimate the average effect size of each exposure variable’s contribution 
to predicting the outcome on the x‑axis (calculated from the average absolute value for all predictions). Bee‑swarm plots on the right panel show 
the SHAP value from each prediction as a dot, grouped in a non‑overlapping to represent the distribution of the effect size and direction for each 
exposure variable. Each dot’s position on the x‑axis shows variable’s influence on the outcome for that unique prediction (more positive = higher 
risk or more negative = lower risk/more protection). The color of each dot corresponds to the value for the exposure variable (higher or lower) 
for that specific prediction. Warmer colors represent higher observed values for that measurement and cooler colors indicate lower values 
for that measurement. SHAP values are presented in the unit of log odds (i.e. logarithm of the odds ratio). GIB: gastrointestinal bleed; PTH: 
parathyroid hormone; KECN: effective clearance of sodium; QB: blood flow rate; HD: hemodialysis
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decision tree method that makes conditional splits, cap-
tures complex interactions, and focuses on relevant vari-
ables without assuming specific relationships, which may 
offer an advantage. We chose the default cutoff threshold 
of 50.0%; this can be adjusted to optimize sensitivity and 
specificity for a given intervention. Historical data was 
used for model development and external/prospective 
evaluations are needed.

Conclusions
Machine learning can be considered for assisting dialy-
sis clinicians in identifying GIB event risk. We found 
XGBoost outperform logistic regression, yet both models 
appear suitable. These models offer promising methods 
for decision support with early detection of an ensuing 
major GIB, yet they need to be tested in external and 
prospective evaluations, preferably including randomiza-
tion of patients or clinics. Figure 8 shows a hypothetical 
workflow we propose for prospectively testing the devel-
oped models in care. We suggest quarterly predictions 
after comprehensive labs, and reporting including risk 
classification (e.g., > 80%, ≤ 80% to > 70%, ≤ 70% likelihood 
of 180-day GIB hospitalization) and a minimum of the 
top five predictors attributable to each patient’s predic-
tion. As with any developed prediction model chosen 
to be prospectively tested, performance should be rou-
tinely assessed over time and refinements should be per-
formed as needed to maintain performance and improve 
the model’s utility, especially as it relates to specific 

interventions warranted. Optimally, reporting could be 
incorporated into everyday practice and considered at 
routine visits, just as lab values would be. Risk report-
ing would be envisioned to assist clinicians in identifying 
patients who may benefit from a more detailed inquiry 
on signs/symptoms of GIB, but should not be viewed as 
a tool for diagnosis of an active GIB warranting rigor-
ous evaluation and additional resource utilization in the 
absence of appropriate physical clinical evidence to jus-
tify a test/procedure.
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