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Abstract 

Machine learning can be used to identify relevant trajectory shape features for improved predictive risk modeling, 
which can help inform decisions for individualized patient management in intensive care during COVID-19 outbreaks. 
We present explainable random forests to dynamically predict next day mortality risk in COVID -19 positive and 
negative patients admitted to the Mount Sinai Health System between March 1st and June 8th, 2020 using patient 
time-series data of vitals, blood and other laboratory measurements from the previous 7 days. Three different models 
were assessed by using time series with: 1) most recent patient measurements, 2) summary statistics of trajectories 
(min/max/median/first/last/count), and 3) coefficients of fitted cubic splines to trajectories. AUROC and AUPRC with 
cross-validation were used to compare models. We found that the second and third models performed statistically 
significantly better than the first model. Model interpretations are provided at patient-specific level to inform resource 
allocation and patient care.    

Introduction 

With the rise of the Delta variant of Covid-19 in June 2021 and Omicron in December 2021, the situation in various 
countries such as Iran, is to a degree reminiscent of the surge of cases back in mid-April 2020 in New York. The 
allocation of resources to those most likely to survive is an important and difficult decision that healthcare workers 
face every day in the pandemic. Covid-19 involves an intricate interplay of various interdependent biological pathways 
and despite epidemiological and clinical characteristics of patients with COVID-19 in various parts of the world having 
been reported1,2, a dynamically updated assessment of patients’ disease progression over time is lacking. Monitoring 
the changes of these measurements over time and dynamically assessing      mortality risks for Covid-19 patients could 
aid in a better allocation of resources. 

The increase in automating data extraction from electronic health records has spurred recent efforts to use machine 
learning to predict individual patient’s mortality risk using dynamic time-series data.3,4 Although scoring systems for 
ICU populations, such as the Simplified Acute Physiology Score (SAPS)5, the Acute Physiologic and Chronic Health 
Evaluation (APACHE)6, and the Mortality Prediction Model7 for ICU populations can be useful in predicting mortality 
risk, they are usually calculated based only on data collected at admission and lack precision.3,8 Using the information 
that is captured in patient’s measurements during hospital stay, including changes in patient indicators overtime could 
improve mortality risk scoring. 

Previous studies have suggested the use of summary statistics of trajectories (maximum, minimum, median, etc.)3 or 
fitting cubic spline and extracting relevant features4 as inputs for mortality prediction as possible approaches to address 
this limitation. In this paper, we demonstrate that, compared to including the most recent measurements, each among 
the use of summary statistics and the automated extraction of cubic spline coefficients by random forest classifiers 
statistically improves both the area under the receiver operating characteristic (AUROC) curve and the area under the 
precision- recall curve (AUPRC) of predicting the mortality risk for patients with COVID-19. Such approaches can 
be used to improve any risk model that contains time series data. Furthermore, we improve on these previous studies 
by providing a patient-specific model interpretation to facilitate random forest model adoption in a health care setting.  

Methods 

Data Preprocessing: We retrospectively retrieved de-identified health records of patients tested for Covid-19 admitted 
to five hospitals within the Mount Sinai Health System (MSHS) between March 1st and June 8th, 2020; approved by 
the Institutional Review Board at the Icahn School of Medicine at Mount Sinai. The data included patient 
demographics, past medical history, daily vitals, and all cardiac, liver panel, blood test, and other labs during their 



  

hospital stays (some displayed in Table 1). Relevant patient events and outcomes (ICU admission during patient stay, 
COVID-19 positive or negative test, and outcome: discharge to home, discharge to hospice care, or death) were 
recorded. Patients with multiple hospitalizations were removed from the dataset. To remove questionable laboratory 
measurements, cut off values for ranges as found in the literature were applied for all continuous measurements, and 
the measurements outside of these ranges were set as missing.  

Dataset Generation: To use time for mortality predictions4, for each patient encounter, we generated (overlapping) 
observational time period units every day, where each unit has a maximum size of 7 days. For example, a patient 
hospital stay that lasted 9 days generates the following observational units: (0,1] day, (0,2] days, ..., (0,7] days, (1,8], 
and (2, 9] days. For each observational unit, the outcome of interest is death within the next day of the end of the unit’s 
time period.  

Risk Modeling: We adapted the models presented by Ma et al. to fit our Covid-19 cohorts.4 Different risk factors in 
each observational unit can be fed into any classifier to estimate the next day probability of mortality. We used Ranger, 
a fast implementation of a random forest classifier, due to its superior performance as a nonparametric method.9,10 
Random forests not only avoid overfitting but can also handle large, including dependent, data with numerous features, 
as included in this dataset.10 Our main hyperparameters are number of trees and the number of features to be considered 
for each tree (mtry). We found that 500 trees provided the lowest out-of-bag error rates while not compromising the 
computational time, and fine-tuned mtry for each of our models using the R Caret package.11 Three nested random 
forest models were applied to each observational unit to assess the use of trajectory data in next-day mortality 
prediction. They are defined below: 

Model 1: This model includes static at admission patient information (e.g., age) and last recorded value of each 
longitudinally measured risk factor.  

Model 2: This model appends the summary characteristics of longitudinal risk factor trajectories (minimum, first, last, 
median, maximum, and count) for each predictor to the information included in Model 1.  

Model 3: This model replaces the summary characteristics in Model 2 with the cubic spline coefficients after fitting 
penalized smoothing splines using Leave-One-Out cross validation.  

Since Model 3 fits a cubic spline, to avoid overfitting, we only fitted and compared Model 3’s performance to those 
of Models 1 and 2 in patients whose length of stay exceeded 4 days. As the range for non-missing values across all 
predictors was bounded away from -1010, we encoded missing values with this number to instruct our tree-based 
models to treat them differently. 

When compared to Ma et al. paper4, in addition to having a different time frame and window (7 days vs. 24 hours), 
we included observational units that were shorter than our window size of 7 days, whereas they only include patients 
that had a stay longer than their window size of 24 hours. Furthermore, in spline fitting for our Model 3, the number 
of the knots that we chose for smoothing splines was 4 instead of 27, since we had fewer daily measurements. 

Model Evaluation: ROC curves are commonly used for model evaluation, however, can be misleading when outcomes 
(death vs. discharge to home) are highly imbalanced, therefore, we also considered the precision-recall curves.12,13 We 
used Monte Carlo cross validation to evaluate and compare the performance of our 3 models, by performing 20 random 
splits of observational units into training (70%) and validation (30%) sets. For each split, we fit a ranger random forest 
to the training set, predict the probability of death in the validation set, and evaluate the AUPRC and AUROC. We 
used the nonparametric Wilcoxon paired signed-rank test to compare AUROC and AUPRC between our three models. 
Though the baseline value for AUROC is 0.5 (for a random coin toss), the baseline value for AUPRC depends on the 
fraction of positives in the dataset. For example, in our case, since 3.4% of Covid-19 positive observational units 
resulted in death, our baseline AUPRC value is 0.034. The R pROC package14 was used to compute the 95% 
confidence interval (CI) of the sensitivity at the given specificity points, with 2000 stratified bootstrap replicates. We 
replicated the above analysis among COVID-19 negative patients. 

Model Interpretation: We applied Shapley additive explanations (SHAP) algorithm to our best performing model to 
obtain explanations of the risk factor features that drive patient-specific predictions.15,16 The SHAP value for a feature 
does not specify its direct isolated effect but its compound effect while interacting with other features in the model. 

Our code is publicly available at https://github.com/Alaleh1191/Covid-19.  

 

 



  

Results 

Our study includes 3699 COVID-19 positive and 5488 COVID-19 negative patients, admitted between March 1st and 
June 8th 2020. Patients’ median age is 67 years for COVID-19 positive and 59 years for COVID-19 negative patients. 
57% of the COVID-19 positive are male and 45% of the COVID-19 negative are male. The overall median BMI is 
27.0 (27.7 for COVID-19 positive, 26.5 for COVID-19 negative). The median length of hospital stay is 5 days. 
Laboratory markers (such as troponin, WBC count, etc.) were categorized and tracked during the first month of 
patients’ admission. Selected characteristics of the study patients are presented in Table 1. 

Table 1: Characteristics of the hospitalized COVID-19 positive and negative patients. Continuous variables are 
presented as mean (interquartile (IQR) range), and categorical variables are presented as count (% percentage). 

Covid-19 Positive Covid-19 Negative 
 

Characteristic Survivors Non- survivors Survivors Non-
survivors 

Sex, Female 1120 (44 %) 480 (42 %) 2776 (55 %) 241 (52 %) 
Missing 0 (0%) 0 (0%) 2 (0.0%) 0 (0%) 

Age, years 63 (51 - 73) 75 (65 - 84) 58 (35 - 73) 75 (61 - 85) 
BMI 28 (24 - 33) 27 (24 - 33) 27 (23 - 31) 25 (21 - 31) 
Underweight 80 (3 %) 56 (5 %) 401 (8 %) 43 (9 %) 
Normal 658 (26 %) 299 (26 %) 1516 (30 %) 170 (37 %) 
Overweight 790 (31 %) 324 (28 %) 1596 (32 %) 107 (23 %) 
Obese 883 (35 %) 368 (32 %) 1413 (28 %) 124 (27 %) 
Missing 134 (5.3%) 107 (9.3%) 100 (2.0%) 18 (3.9%) 

Smoking Status     

Never 1397 (55 %) 533 (46 %) 2575 (51 %) 207 (45 %) 
Previous or 

Current 
635 (25 %) 327 (28 %) 1712 (34 %) 168 (36 %) 

Missing 513 (20.2%) 294 (25.5%) 739 (14.7%) 87 (18.8%) 
Race and 
Ethnicity 

    

African 
American 

711 (28 %) 289 (25 %) 1355 (27 %) 113 (24 %) 

American Indian 
or Alaska Native 

2 (0 %) 0 (0 %) 3 (0 %) 0 (0 %) 

Asian 121 (5 %) 52 (5 %) 265 (5 %) 21 (5 %) 
White 543 (21 %) 314 (27 %) 1614 (32 %) 169 (37 %) 
Hispanic 743 (29 %) 295 (26 %) 1076 (21 %) 79 (17 %) 
Native Hawaiian 

or Pacific Islander 
3 (0 %) 1 (0 %) 8 (0 %) 0 (0 %) 

Other 347 (14 %) 158 (14 %) 549 (11 %) 61 (13 %) 
Unknown 75 (3 %) 45 (4 %) 156 (3 %) 19 (4 %) 

Hospital 
Location 

    

Brooklyn 372 (15 %) 258 (22 %) 475 (9 %) 71 (15 %) 
Queens 302 (12 %) 261 (23 %) 430 (9 %) 56 (12 %) 
Manhattan – St. 

Luke’s 
515 (20 %) 218 (19 %) 879 (17 %) 87 (19 %) 

Manhattan – 
West 

363 (14 %) 93 (8 %) 1004 (20 %) 66 (14 %) 

Manhattan – 
East. 

993 (39 %) 324 (28 %) 2238 (45 %) 182 (39 %) 

Comorbidities     
Asthma 137 (5 %) 52 (5 %) 352 (7 %) 26 (6 %) 



  

COPD 86 (3 %) 58 (5 %) 245 (5 %) 31 (7 %) 
Sleep Apnea 48 (2 %) 29 (3 %) 74 (1 %) 13 (3 %) 
Diabetes 487 (19 %) 279 (24 %) 884 (18 %) 85 (18 %) 
Chronic Kidney 

Disease 
257 (10 %) 154 (13 %) 538 (11 %) 60 (13 %) 

Cancer 188 (7 %) 102 (9 %) 502 (10 %) 112 (24 %) 
Coronary Artery 

Disease 
254 (10 %) 168 (15 %) 609 (12 %) 68 (15 %) 

Atrial 
Fibrillation 

113 (4 %) 106 (9 %) 401 (8 %) 51 (11 %) 

Heart Failure 153 (6 %) 110 (10 %) 499 (10 %) 61 (13 %) 
Chronic Viral 

Hepatitis 
29 (1 %) 8 (1 %) 66 (1 %) 9 (2 %) 

Liver Disease 57 (2 %) 36 (3 %) 145 (3 %) 24 (5 %) 
ARDS 13 (1 %) 11 (1 %) 5 (0 %) 0 (0 %) 
Acute Kidney 

Injury 
135 (5 %) 105 (9 %) 240 (5 %) 48 (10 %) 

Acute venous 
thromboembolism 

26 (1 %) 7 (1 %) 64 (1 %) 4 (1 %) 

Cerebral 
Infarction 

31 (1 %) 8 (1 %) 103 (2 %) 13 (3 %) 

Intracerebral 
hemorrhage 

5 (0 %) 2 (0 %) 18 (0 %) 5 (1 %) 

Acute MI 32 (1 %) 25 (2 %) 79 (2 %) 9 (2 %) 
Length of Stay 6.9 (4.0 - 11) 8.8 (5.0 - 15) 4.5 (2.9 - 7.9) 9.2 (5.2 - 17) 
ICU (yes: any point 
during admission) 

316 (12 %) 521 (45 %) 762 (15 %) 204 (44 %) 

In total, there were 33,864 observational units for the COVID-19 positive patients and 32,589 observational units for 
the COVID-19 negative patients. 3.4% and 1.4% of all COVID-19 positive and negative observational units resulted 
in death, respectively. 

We then divided the study patient population into two groups, those with shorter length of stay (£ 4 days), and those 
with longer length of stay (> 4 days). Since most of repeated risk factor measurements (besides vital signs) are only 
measured daily, to avoid overfitting, we only compared Models 1 and 2 for patients with length of stay up to 4 days. 
As expected, among these patients due to shorter trajectories, only a slight improvement in performance for Model 2 
compared to Model 1 is observed (Figure 1); both models, however, have a high predictive power. 

The ROC curves and precision-recall curves (PRC) of the three next-day mortality risk models for COVID-19 positive 
patients with length of stay above 4 days, including comparisons of the AUROC and AUPRC for the next day mortality 
averaged over the 20 random data splits are presented (Figure 2). Models 2 and 3 have a better precision than Model 
1 for both COVID-19 positive and negative patients (all p-values < 0.01). The AUROC of Model 2 is larger than that 
of Model 1 (p-values < 0.0001). The AUROC of Model 3, however, did not differ significantly from that of Model 1. 
Furthermore, comparing Models 2 and 3, Model 2’s AUROC is significantly larger than that of Model 3 in both 
COVID-19 positive and negative patients (both p-values < 0.001). However, Model 2’s AUPRC is only statistically 
significantly higher than that of Model 3 in COVID-19 positive patients. This suggests that Model 2, by using key 
statistical summaries of trajectories (minimum, maximum, median, first, and last), performs better than fitting cubic 
splines (Model 3) and conveys additional predictive information that is not captured by the most recent measurements 
alone (Model 1). A similar analysis confirmed the superiority of Model 2 to Models 1 and 3 in Covid-19 negative 
patients. All three models, however, performed significantly better than a random forest baseline survival model fitted 
only on initial patient admission data (95% AUROC CI index: 0.850 - 0.857, 95% AUPRC CI index: 0.380 - 0.400).  

 



  

 
Figure 1. Average receiver operating characteristics and precision (%) versus recall (%) plot of Models 1 (most recent 
measurements only) and 2 (trajectories’ summary statistics) of next day mortality risk among Covid-19 positive and 
negative patients with length of stay ≤ 4 days. AUROC and AUPRC are represented as mean (standard error) for 
Model 1 column and as mean (standard error); p-value for Model 2 column. p-values are obtained a two-sided 
Wilcoxon paired signed rank test comparing Model 2 to Model 1 for patients with length of stay ≤ 4 days. 

To understand which features are most important in the best performing model (Model 2) among COVID-19 positive 
patients with length of stay above 4 days, both the SHAP values and Gini Importance values of the top features are 
summarized (Figure 3). This reveals that lower O2 saturation, lower blood pressure, older age, higher anion gap, and 
higher white blood cell count are associated with a higher probability of death. However, certain features such as 
higher troponin level, respiratory rate, and heart rate can be associated with a higher or lower probability of survival 
depending on patients’ other risk factors. The importance values of predictors were also calculated in COVID-19 
negative patients, and the top predictors in those patients were vitals, followed by length of stay followed by an 
intermix of kidney and complete blood count markers.  

To illustrate the influence of features of risk factors, Model 2 predictions are presented for 2 COVID-19 patients from 
our test cohort with the same sex and age who were admitted to the ICU and followed for up to 22 days. Figure 4 
displays features that contributed to the mortality risk prediction for these two patients evaluated using Model 2 after 
1, 2 and 3 weeks in hospital. The first case is a 66-year-old male with a history of hypertension, systolic heart failure, 
atrial fibrillation, and end-stage renal disease with BMI 40 presented with dyspnea. On admission, the vital signs were 
recorded as blood pressure of 150/100 mmHg, heart rate 140bpm, respiratory rate of 38bpm, and O2 saturation of 
91%. The initial lab was significant for leukocytosis with lymphopenia, increased coagulation factors, abnormal 
troponin, and increased liver enzyme (WBC: 32K/uL, neutrophil: 93%, lymphocyte: 0.6%, platelet: 277K/uL, AST: 
93U/L, albumin: 2.9g/dl, troponin: 1.19ng/ml, creatinine: 1.84mg/dL, potassium: 5.6mmol/L, calcium: 8.5mg/dL, 
LDH: 2212U/L, CRP: 419mg/L, ferritin: 393ng/ml, and D-Dimer: 12.9ug/mL). He had a worsening of liver function 
and increased LDH and ferritin level. After a hospital stay of 21 days, he was discharged to rehab. In this case, the 
patient’s mortality risk decreases over time from 0.06 to 0.01. Predicting death after 21 days in the hospital, glucose 
median of 68.5, last recorded creatinine of 3.69, and min respiratory rate of 25 drive the mortality prediction towards 



  

non-survival, whereas the last recorded systolic blood pressure, O2 saturation, neutrophil, and heart rate are the most 
important feature pulling the prediction towards survival.  

 
Figure 2. Average receiver operating characteristics and precision (%) versus recall (%) plots of Models 1 to 3 for 
next day mortality prediction in Covid-19 positive patients. AUROC and AUPRC are represented as mean 
(interquartile (IQR) range). p-values are obtained a two-sided Wilcoxon paired signed rank test comparing Model 2 
and 3 to Model 1 for patients with length of stay > 4 days. 

The second case is a 66-year-old male with BMI 29 and no significant past medical history, who presented with 
dyspnea. On arrival, the vital signs were recorded as blood pressure 130/80mmHg, heart rate 83bpm, respiratory rate 
29bpm, and O2 saturation of 91%. The initial lab revealed a leukocytosis with lymphopenia, kidney injury, mild 
increase of liver enzyme, and inflammatory factors (WBC: 8.1K/uL, neutrophil: 89.75%, lymphocyte: 1.6%, platelet: 
191K/uL, AST: 43U/L, albumin: 2.55g/dl, troponin: 0.013ng/ml, creatinine: 1.84mg/dL, potassium: 5mmol/L, 
calcium: 8.5mg/dL, LDH: 458U/L, CRP: 298mg/L, ferritin: 1063ng/ml and D-Dimer: 0.85ug/mL). During hospital 
stay, the lowest oxygen saturation was 80% and mild increase of creatinine, D-Dimer, and liver enzyme were observed. 
He died in ICU 22 days after admission. In this case, we can see that this patient’s predicted mortality risk increases 
over time from 0 to 0.25. Predicting survival after 21 days in the hospital, maximum lymphocyte, age, and minimum 
basophil pull the risk down towards survival (blue arrows), whereas last systolic and diastolic blood pressure, PCO2 
venous, BUN, and minimum O2 saturation drive mortality prediction towards non-survival (red arrows). Such 
dynamic risk prediction by visualizing the main features contributing to non-survival at any point in time can aid 
clinicians determine whether there are actions that can be taken to lower the mortality risk. 

Discussion 

Although many mortality-risk models have been recently developed for Covid-19 patients, they mostly use static data 
at admission. In this study, we developed a dynamic next-day mortality risk prediction model incorporating time- 
updated patient information on the past week’s lab measurements. Our results suggest that trajectories’ summary 
statistics significantly improve prediction performance compared to including most recent measurements or fitted 
cubic spline coefficients. The model’s high classification power (AUROC = 0.902, AUPRC = 0.450), suggest that it 
can be used by clinicians to identify patients at immediate risk, and identify factors contributing to their increased risk 
of next day mortality for implementing better individualized treatments. The method was also beneficial in improving 



  

the next day mortality prediction in COVID-19 negative patients. Lastly, given the evolving COVID-19 landscape, it 
is important to re-train these models on more recent COVID-19 patient datasets and externally validate them in other 
hospitals. Due to its small computational cost and public code availability, this method can be easily implemented and 
continuously updated using new patients’ time series data to improve mortality prediction among hospitalized patients. 

 
Figure 3. Model 2 (with trajectories’ summary statistics): Gini Importance values for top 30 features (left) and SHAP 
values for the top 20 features (right) for COVID-19 positive patients. The Gini Importance values were calculated by 
Model 2 random forest model. SHAP values for the top 20 features calculated by sum of SHAP value magnitudes 
over all Covid-19 positive observations. Higher SHAP values indicates higher probability of death. All patients in the 
dataset are run through Model 2, and a dot is created for each person on each feature’s line. 

Whereas our results found that trajectories’ summary statistics performs best, Ma et al.’s paper found fitting cubic 
spline coefficients performs best.4 The differences between our findings can be due to most of our laboratory factors 
(besides vitals) being measured only once daily, thus not providing as many datapoints for fitting a spline as are present 
in their dataset. Furthermore, we also include observational units that were shorter than our maximum observation 
unit size of 7 days, whereas they only looked at observational units of their maximum size to obtain longer trajectories. 
These differences in model design could have led to different findings.  

Our approach also allows for a clinically interpretable understanding of its top features driving mortality for both an 
individual patient and the entire dataset. Whereas prior studies reported different outcomes associated with high 
temperature,17–19 our study shows that although the non-survivor group has a statistically significantly higher 
temperature both at admission and during their stay compared to the survivor group, the average daily temperature for 
the non-survivor group still falls below the fever cutoff (100.4oF). O2 saturation was identified by Gini and SHAP 
importance scores to be the most important feature overall in predicting next day mortality, and as suggested by 
previous studies, is an important indicator for guiding physicians when to require admission to the ICU.20,21  

Full Blood Count trajectories displayed more frequent leukocytosis, neutrophilia, and lymphopenia in non-survivors. 
Neutrophilia, as an expression of hyperinflammatory state, may also indicate a superimposed bacterial infection.22,23 
Lymphopenia could occur potentially due to high ACE2 receptor expression on lymphocytes causing increased 
susceptibility to Covid-19,24 cytokine storms causing lymphocytes’ apoptosis,25 or injured alveolar epithelial cells 
inducing the infiltration of lymphocytes.26,27 

Elevated troponin was observed in non-survivors and was deemed as one of the top predictors of next day mortality 
by SHAP and Gini. This could be secondary to cytokine storm, myocarditis, pro-thrombotic state, or demand ischemia, 
which all may contribute to the observed poor prognosis.28–30 



  

 
Figure 4. Force plots obtained using SHAP values for 2 COVID-19 positive patients in a test dataset, one survivor 
and one non-survivor. SHAP values identify risk factor features associated with higher (red color) or lower (blue 
color) mortality risk. 

Despite observing elevated LDH levels in both survivors and non-survivors (as seen in our two example cases), a 
significantly higher LDH level was observed on average throughout patients’ admission in non-survivors. The 
elevation of LDH has been reported as an independent factor of mortality in patients with severe acute respiratory 
syndrome.31,32 Similar to past studies,33 on average and Gini Importance plot, we also observed higher AST and ALT 
levels in our non-survivors on admission and throughout their stay, reflecting liver damage. Though the mechanism 
remains unclear, various hypothesis suggest direct SARS-CoV-2 infection of liver cells, drug-induced toxicity, 
immune-mediated inflammation, or hypoxia.33–35 

Our study concurs with the growing evidence of Covid-19-induced hypercoagulable states,36,37 as we observed 
increased levels of D-Dimer in non-survivors on average throughout the first two weeks of admission. On the other 
hand, Fibrinogen despite being high in both survivors and non-survivors, was not significantly different through 
patients’ admission between these 2 groups. Regarding thrombocytopenia, although platelet counts fell within the 
normal range, non-survivors had significantly lower platelet counts during their stay. 

We observed significantly lower levels of calcium in non-survivors, with a drop in average calcium levels in those 
whose length of stay exceeded 10 days. Furthermore, calcium level had high Gini and Shap importance in next-day 
mortality prediction. Previous studies have reported that calcium interacts with fusion peptides on viruses such as 
SARS-CoV, MERS-CoV, and Ebolavirus, promoting their replication.38–40 Furthermore, it has been shown to be an 
independent risk factor in Covid-19 hospitalization.41 A high creatinine and BUN level, and electrolyte abnormality 
including hyperkalemia, hyperchloremia, acidosis, and hypernatremia were seen more frequently in non-survivors 
compared to survivors during the first 2 weeks of stay. 



  

Our study has several limitations. Most laboratory factors (besides vitals) were only measured daily, hence not 
providing a long enough time series for fitting a cubic spline trajectory (Model 3) within a few days. To overcome 
this limitation, we compared only the use of summary statistics of trajectories to updating the most recent value in 
patients with hospital length of stay ≤ 4 days and considered comparing fitting a cubic spline to these two methods 
only in patients with length of stay longer than 4 days. Therefore, our conclusions regarding Model 3 is restricted to 
patients with longer hospital stays. In addition, we only looked at observational units with a maximum size of 7 days, 
longer units could be explored in a future study. Furthermore, different hospitals used different protocols in treating 
COVID-19 positive patients, therefore leading to different frequencies at which labs (i.e., troponin or D-Dimer) were 
measured. As noted in Table 1, for some measurements, we have a lot of missing values, therefore future work needs 
to be done to validate the model in further cohorts. Moreover, the Covid-19 negative dataset includes patients who 
were admitted to the hospital during the severe months of the pandemic in New York, thus are only representative of 
hospital admissions during the pandemic. Finally, further features of trajectories (curvature, arc length, etc.) may also 
prove informative for risk assessment and could be assessed in further studies. 

Conclusion 

In conclusion, we developed an explainable random forest model for dynamic next-day mortality prediction in 
COVID-19 positive patients using a dataset of 3699 COVID-19 positive and 5488 COVID-19 negative patients in 5 
hospitals. The model interpretation showed that risk factors interact and compensate for one another by pulling patients 
towards survival or non-survival based on patients’ other characteristics. By improving the prediction of the next day 
mortality and identifying features with high-importance values, this new model may help healthcare institutions 
improve care decisions for COVID-19 positive admitted patients. 
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