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Abstract 
 
Introduction 
The 2019 coronavirus (COVID-19) has led to unprecedented strain on healthcare facilities across the United                             
States. Accurately identifying patients at an increased risk of deterioration may help hospitals manage their                             
resources while improving the quality of patient care. Here we present the results of an analytical model,                                 
PICTURE (Predicting Intensive Care Transfers and Other UnfoReseen Events), to identify patients at a high risk                               
for imminent intensive care unit (ICU) transfer, respiratory failure, or death with the intention to improve                               
prediction of deterioration due to COVID-19. We compare PICTURE to the Epic Deterioration Index (EDI), a                               
widespread system which has recently been assessed for use to triage COVID-19 patients. 
 
Methods 
The PICTURE model was trained and validated on a cohort of hospitalized non-COVID-19 patients using                             
electronic health record data from 2014-2018. It was then applied to two hold-out test sets: non-COVID-19                               
patients from 2019 and patients testing positive for COVID-19 in 2020. PICTURE results were aligned to the EDI                                   
for head-to-head comparison via Area Under the Receiver Operator Curve (AUROC) and Area Under the                             
Precision Recall Curve (AUPRC). We compared the models’ ability to predict an adverse event (defined as ICU                                 
transfer, mechanical ventilation use, or death) at two levels of granularity: (1) maximum score across an                               
encounter with a minimum lead time before the first adverse event and (2) predictions at every observation with                                   
instances in the last 24 hours before the adverse event labeled as positive. PICTURE and the EDI were also                                     
compared on the encounter level using different lead times extending out to 24 hours. Shapley values were                                 
used to provide explanations for PICTURE predictions. 
 
Results 
PICTURE successfully delineated between high- and low-risk patients and consistently outperformed the EDI in                           
both of our cohorts. In non-COVID-19 patients, PICTURE achieved an AUROC (95% CI) of 0.819 (0.805 - 0.834)                                   
and AUPRC of 0.109 (0.089 - 0.125) on the observation level, compared to the EDI AUROC of 0.762 (0.746 -                                       
0.780) and AUPRC of 0.077 (0.062 - 0.090). On COVID-19 positive patients, PICTURE achieved an AUROC of                                 
0.828 (0.794 - 0.869) and AUPRC of 0.160 (0.089 - 0.199), while the EDI scored an AUROC of 0.792 (0.754 -                                         
0.835) and AUPRC of 0.131 (0.092 - 0.159). The most important variables influencing PICTURE predictions in the                                 
COVID-19 cohort were a rapid respiratory rate, a high level of oxygen support, low oxygen saturation, and                                 
impaired mental status (Glasgow coma score).  
 
Conclusion 
The PICTURE model is more accurate in predicting adverse patient outcomes for both general ward patients and                                 
COVID-19 positive patients in our cohorts compared to the EDI. The ability to consistently anticipate these                               
events may be especially valuable when considering a potential incipient second wave of COVID-19 infections.                             
PICTURE also has the ability to explain individual predictions to clinicians by ranking the most important features                                 
for a prediction. The generalizability of the model will require testing in other health care systems for validation. 
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1. Introduction 
 
The effect of the 2019 coronavirus (COVID-19) on the US healthcare system cannot be overstated. It has led to                                     
unprecedented clinical strain in hospitals across the nation, prompting the proliferation of ICU capability and of                               
lower-acuity field hospitals to accommodate the increased patient load. A predictive early warning system                           
capable of identifying patients at increased risk of deterioration could assist hospitals in maintaining a high level                                 
of patient care while more efficiently distributing their thinly stretched resources. However, a recent review has                               
illustrated that high-quality, validated models of deterioration in COVID-19 patients are lacking [1]. All 16 of the                                 
models appraised in this review were rated at high or unclear risk of bias, mostly because of non-representative                                   
selection of control patients. A primary concern is that these models may overfit to the small COVID-19 datasets                                   
that are currently available. 
 
Early warning systems have been and continue to be applied in hospital settings prior to the COVID-19                                 
pandemic to predict patient deterioration events before they occur, giving healthcare providers time to                           
intervene [2]. The prediction of adverse events such as ICU admission and death provides crucial information to                                 
avert impending critical deterioration: it is estimated that 85% of such events are preceded by detectable                               
changes in physiological signs [3] that may occur up to 48 hours before the event [4]. In addition, approximately                                     
44% of events are avoidable through early intervention, [5] and 90% of unplanned transfers to the intensive care                                   
unit (ICU) are preceded by a new or worsening condition [6], [7]. Such abnormal signals indicate that predictive                                   
data analytics may be used to alert providers of incipient deterioration events, ultimately leading to improved                               
care and reduced costs [8], [9]. Given the number of unknowns surrounding the pathophysiology of COVID-19,                               
early warning systems may play a pivotal role in treating patients and improving outcomes. 
 
One model which has been assessed in COVID-19 patients is the Epic Deterioration Index (EDI) [10], [11]. The EDI                                     
has the advantage over models built on COVID-19 specific data in that it is not overfit to small datasets as it was                                           
trained on over 130,000 encounters [11], [12]. Recent work has suggested it may be capable of stratifying                                 
COVID-19 patients according to their risk of deterioration [11]. The outcomes used in this study were those                                 
considered most relevant to the care of COVID-19 patients including ICU level of care, mechanical ventilation,                               
and death. While the EDI was able to successfully isolate groups of patients at very high and very low risk of                                         
deterioration, the overall performance as a continuous predictor was moderately low (AUROC 0.76 (95% CI                             
0.68-0.84), n = 174) [11]. Additionally, much of the detail surrounding the EDI’s structure and internal validation                                 
has not been shared publicly. This makes the interpretation of individual predictions difficult. 
 
In this current report we have applied our previously described model, PICTURE (Predicting Intensive Care                             
Transfers and other UnfoReseen Events) to a cohort of patients testing positive for COVID-19 [13]. Initially                               
developed to predict patient deterioration in the general wards, we have re-trained the model to target those                                 
outcomes considered most relevant to the COVID-19 pandemic: ICU level of care, mechanical ventilation, and                             
death. PICTURE, like the EDI, was trained and tuned on a large non-COVID-19 cohort (128,732 encounters).                               
Furthermore, we took extensive steps in the PICTURE framework to limit overfitting and learning missingness                             
patterns in the data. This is critical in providing clinicians with novel, useful, and generalizable alerts as missing                                   
patterns can vary in different settings and different patient phenotypes [13]. In addition to the risk score,                                 
PICTURE also provides actionable explanations for its predictions in the form of Shapley values which may help                                 
clinicians easily interpret scores and better determine if actionability on the alert is required [14]. We validate this                                   
system in both a non-COVID-19 cohort as well as in those testing positive for COVID-19, and compare it to the                                       
EDI on the same matched cohorts.   
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2. Methods 
 
2.1 Setting and study population 
 
The study protocol was approved by the University of Michigan’s Institutional Review Board (HUM00092309).                           
EHR data was collected from a large tertiary, academic medical system (Michigan Medicine) from January 1, 2014                                 
to June 1, 2020. The first five years of data (2014 – 2018, n = 128,732 encounters) were used to train and validate                                             
the model while 2019 data was reserved as a hold-out test set (n = 32,754 encounters). Training, validation, and                                     
test populations were segmented to prevent overlap of multiple hospital encounters between sets. Criteria for                             
inclusion in these three cohorts were defined as age ≥ 18 and ≤ 89 years who were hospitalized (having                                     
inpatient or other observation status) in a general ward. We excluded patients with a left ventricular assist device                                   
(LVAD), patients who were discharged to hospice, and patients whose ICU transfer was from a floor other than a                                     
general ward (e.g. operating or interventional radiology unit) in order to exclude planned ICU transfers.  
 
To be included in the COVID-19 cohort (n=430), patients must have received a positive COVID-19 test result from                                   
Michigan Medicine within a span of 14 days before or 21 days after their hospitalization. These patients were                                   
then filtered using the same criteria used in the 2019 test set, with the exception of the hospice and LVAD                                       
distinctions. Only discharged patients or those who already experienced an adverse event were included. Table                             
1 describes the study cohort and the frequency of individual adverse events. When compared to the                               
non-COVID-19 test cohort from 2019, the median age of COVID-19 patients was slightly higher (64.8 vs. 61.3) and                                   
the proportion of Black and Asian patients considerably higher. The rate of adverse events was also higher,                                 
rising from slightly under 4% to 30%. 
 
2.2. Predictors 
 
The variables used as predictors were collected from the electronic health record (EHR) and broadly included                               
vital signs and physiologic observations, laboratory and metabolic values, and demographics. Specific features                         
were selected based on previous analysis [13]. Vital signs used in the model included heart rate, respiratory rate,                                   
pulse oximetry, Glasgow Coma Score (GCS), urine output, and blood pressure. Laboratory and metabolic                           
features included electrolyte concentrations, glucose and lactate, and blood cell counts. Demographics include                         
age, height, weight, race, and gender. Fluid bolus and oxygen supplementation were also included as features.                               
A full list of features are presented in Table S.1 in the supplemental material alongside their respective mean,                                   
standard deviation, and missingness rates.  
 
2.3 Outcomes 
 
The primary outcomes in the training, validation, and test cohorts (data collected from 2014 through 2019) were                                 
death, cardiac arrest (as defined by the American Heart Association’s Get With The Guidelines®), transfer to an                                 
ICU from a general ward or similar unit, or need for mechanical ventilation. Determination of ICU transfer was                                   
based on actual location or accommodation level. Outcomes in the COVID-19 positive cohort differed slightly in                               
two respects. First, cardiac arrest information was not available at the time of writing and so was not included.                                     
Second, the emergency procedures undertaken by the hospital to accommodate the high volume of COVID-19                             
patients led to the delivery of critical care in non-ICU settings. Thus, ICU level of care was used to determine ICU                                         
transfer rather than actual location. In other words, implementation of ICU care that otherwise would not have                                 
been provided to patients in a non-ICU setting but was provided due to capacity constraints was determined to                                   
be ICU level care or ICU transfer. Observations occurring thirty minutes before the first event or later were                                   
discarded to be consistent with other approaches [15]. For observation level predictions, individual observations                           
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were labeled positive if they occurred within 24 hours of any of the above events, and negative otherwise. We                                     
refer to these composite adverse events as the “outcome” or “target” throughout the text. These outcomes                               
were designed to closely follow those of a recent analysis of the EDI at Michigan Medicine [11]. 
 

 
Dataset 

Non-COVID-19  COVID-19 

Training 
2014 – 2018 

Validation 
2014 – 2018 

Test 
2019 

Test 
2020 

n (encounters)  103,322  25,410  32,754  430 

n (patients)  61,210  15,302  22,826  401 

Age median (IQR)  59.7 (46.2, 70.0)  59.9 (46.0, 70.5)  61.30 (46.5, 70.80)  63.1 (51.6, 72.0) 

Race n (%)         

   White  84,931 (82.20%)  20,751 (81.66%)  26,395 (80.59%)  177 (41.16%) 

   Black  11,965 (11.58%)  3,030 (11.92%)  4,171 (12.73%)  182 (42.33%) 

   Asian  2,051 (1.99%)  524 (2.06%)  667 (2.04%)  26 (6.05%) 

   Other  4,375 (4.23%)  1,105 (4.35%)  1,521 (4.64%)  45 (10.47%) 

Female sex n (%)  51,886 (50.22%)  12,715 (50.04%)  16,336 (49.87%)  196 (45.58%) 

Event rate n (%)  4,104 (3.97%)  960 (3.78%)  1,297 (3.96%)  129 (30.00%) 

   Death  867 (0.84%)  188 (0.74%)  255 (0.78%)  11 (2.56%) 

   ICU transfer  2,913 (2.82%)  703 (2.77%)  983 (3.00%)  117 (27.21%) 

   Mechanical 
   Ventilation  

1,311 (1.27%)  300 (1.18%)  348 (1.06%)  46 (10.70%) 

   Cardiac arrest  147 (0.14%)  29 (0.11%)  56 (0.17%)  N/A 

 
Table 1: Study population. Patients were subset into one of four study cohorts: a training set for learning model parameters; a validation                                           
set for model structure and hyperparameter tuning; a hold-out test set for evaluation; and a final test set composed of patients testing                                           
positive for COVID-19. Values are based on individual hospital encounters. Age is presented as median with interquartile range (IQR). In                                       
our population, the three most frequently encountered races were White, Black, and Asian. Other races comprising less than 1% of the                                         
population each were incorporated under the “Other” heading. Sex is reported as the number and percent of females. The event rate                                         
represents a composite outcome indicating that one of the following events occurred: death, ICU transfer, mechanical ventilation, and                                   
cardiac arrest. The individual frequencies of these adverse events are also reported, and represent the number of cases where each                                       
particular outcome was the first to occur. Cardiac arrest was not used as a target in the COVID-19 positive population as the manually                                             
adjudicated data is not yet available. Please see Section 2.3 “Outcomes” for the procedure of calculating these targets.   
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2.4 PICTURE model development 
 
To train and evaluate the PICTURE model, we partitioned our data into four folds: a training and validation set                                     
using data from 2014 - 2018, a test set using 2019 data, and a fourth set consisting of data from COVID-19                                         
positive patients. The sets were partitioned such that multiple hospital encounters from the same individual were                               
restricted to one cohort, preventing patient-level overlap between cohorts. Encounters with an admission date                           
from January 1, 2014 to December 31, 2018 were used for training and validation/hyperparameter tuning (n =                                 
128,732 encounters). These patients were further divided between training and validation sets using an 80/20%                             
split. Those patients with an admission date between January 1, 2019 and December 31, 2019 were reserved as                                   
a hold-out test set (n = 32,754 encounters). Lastly, patients testing positive for COVID-19 from March 1, 2020 to                                     
June 1, 2020 were reserved as a separate set (n = 430 encounters).  
 
The training and validation sets were grouped into 8-hour windows to ensure that each encounter would have                                 
the same amount of observations for the same amount of time in the hospital, avoiding emphasis on patients                                   
who get more frequent updates while training the model. The 2019 and COVID-19 test sets were left in a                                     
granular format, where each new observation represented the addition of new data (e.g. an updated vital sign).                                 
Vital signs and laboratory values were forward filled such that each observation represented the most                             
up-to-date information available as of that time, and the remaining missing values were iteratively imputed using                               
the mean of the posterior distribution from a multivariate Bayesian regression model. This method has                             
previously been demonstrated to reduce the degree to which tree-based models learn missingness patterns in                             
order to bolster performance [13]. Classification was achieved using an XGBoost model (v. 0.90) using a logistic                                 
objective function with a maximum tree depth of three nodes and stopped when the validation AUPRC had not                                   
improved for 30 rounds [16]. All analysis was performed using Python 3.8.2. 
 
2.5 Epic deterioration index 
 
The EDI is a proprietary model developed by Epic Systems Corporation (Verona, WI). Michigan Medicine utilizes                               
EPIC as its electronic medical record system and has access to the EDI tool. Similar to PICTURE, it uses clinical                                       
data that are commonly available in the EHR to make predictions regarding patient deterioration. It was trained                                 
using a similar composite outcome as a target including death, rapid response team (RRT) call, ICU transfer, and                                   
resuscitation as adverse events [11]. It is calculated every 15 minutes. Specific details surrounding its structure,                               
parameters, or training procedures have not been shared publicly. 
 
2.6 PICTURE model evaluation 
 
2.6.1 Evaluation of PICTURE performance in non-COVID-19 cohort 
 
The performance of the PICTURE model was first assessed on all 32,754 encounters in the hold-out test set                                   
comprising patients from 2019. Another early warning aggregate score, National Early Warning Score (NEWS),                           
was used for comparison in this preliminary analysis [17], [18]. The original NEWS was selected over the updated                                   
NEWS2 score due to evidence that its performance was found to be higher when predicting adverse events in                                   
patients at risk of respiratory failure [19]. For each observation time point, the NEWS score was calculated                                 
according to their published scoring system and compared to PICTURE scores. Performance was assessed on                             
two scales: observation-level and encounter-level. The term “observation-level” is used to denote the                         
performance of the model at each time the data for a patient is updated, with observations occurring 24 hours                                     
prior to a target event marked as 1 and otherwise marked as 0. “Encounter-level” describes the model                                 
performance across the entire hospital encounter for one patient, and refers to the maximum model score                               
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during the patient’s stay and occuring at least 30 minutes (or longer for different minimal lead times) before the                                     
first event. The target in this case is a one if the patient ever met an outcome condition during their stay, and                                           
zero otherwise. 
 
2.6.2 Comparison of PICTURE to EDI 
 
Since the EDI makes a prediction every 15 minutes, we were not able to calculate scores at each timepoint as                                       
with NEWS. We simulated how the PICTURE score, calculated at irregular intervals each time a new data point                                   
arrives, would align with the EDI scores calculated every 15 minutes. This limited the available number of                                 
encounters to 21,215 encounters in the 2019 test set, and 401 encounters in the COVID-19 cohort. The PICTURE                                   
scores were merged onto EDI values by taking the most recent PICTURE prediction before the EDI prediction.                                 
This was to give the EDI any advantages in the alignment procedure. Figure 1 displays a visual schematic of this                                       
alignment. The two models were then evaluated using the same observation- and encounter-level methods                           
described in the previous section. 
 

 
Figure 1: Alignment of PICTURE predictions to EDI scores. While the PICTURE system outputs predictions each time a new observation                                       
(e.g. a new vital sign) is input into the system, the EDI score is generated every 15 minutes. To give the EDI any potential advantage,                                                 
PICTURE scores are aligned to EDI scores by selecting the most recent PICTURE score before each EDI prediction. In both cases,                                         
observations occurring 30 minutes before the target and after are excluded (red). For the patients who did not experience an adverse                                         
event, the maximum score was calculated across the entire encounter. 
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2.6.3 Performance measures 
 
Area under the Receiver Operating characteristic curve (AUROC) and area under the precision-recall curve                           
(AUPRC) were used as the primary criteria for comparison between the models. AUROC can be interpreted as                                 
the probability two randomly chosen observations (one with a positive target, the other negative) are ranked in                                 
the correct order by the model prediction score. AUPRC describes the average positive predictive value (PPV)                               
across the range of sensitivities. 95% confidence intervals were calculated for encounter-level statistics with a                             
bootstrap method using 1,000 replications to compute pivotal confidence intervals. For observation-level                       
statistics, block bootstrapping was used to ensure randomization between encounters and within the                         
observations of an encounter. P-values were calculated using a generalized two-sample, one-tailed t-test. 
 
2.6.4 Feature ranking and prediction explanation 
 
Despite the many benefits yielded by increasingly advanced machine learning models, use of these models in                               
the medical field has lagged behind other fields. One contributing factor is the complexity of these models,                                 
which make the resulting predictions difficult to interpret and in turn make it difficult to build clinician trust [20].                                     
To better provide insight into the PICTURE predictions, tree-based Shapley values are calculated for each                             
observation. Borrowed from game theory, Shapley values describe the relative contribution of a feature to the                               
model’s prediction [14], [21]. Positive values denote features that influenced the model toward a high prediction                               
score (here indicating a higher likelihood of an adverse event), while negative values indicate the feature                               
pushed the model toward a lower prediction score. The sum of the Shapley values across a single prediction                                   
plus the mean log-odds probability of the model is equal to the log-odds of the prediction probability. Shapley                                   
values can be used to provide insight into individual model predictions or aggregated to visualize global variable                                 
importance. 
 
3. Results and Discussion 
 
 3.1 Evaluation of PICTURE performance in non-COVID-19 cohort 
 
The ability of the PICTURE model to accurately predict the composite target was first assessed using the 32,754                                   
encounters in the hold-out test set from 2019. To provide a baseline for comparison, National Early Warning                                 
Scores (NEWS) were calculated alongside each PICTURE prediction output. The observation- and                       
encounter-level AUROC and AUPRC are presented with 95% confidence intervals in Table 2 below. The                             
observation-level event rate can be interpreted as the fraction of individual observations during which an                             
adverse event occurred within 24 hours, while the encounter-level event rate refers to the proportion of hospital                                 
encounters experiencing such an event. The difference in AUROC between PICTURE and NEWS was 0.068                             
(95% CI: 0.057 - 0.081) on the observation level and 0.093 (95% CI: 0.083 - 0.102) on the encounter level,                                       
indicating statistical significance at ɑ = 0.05 as the confidence interval does not include zero. The difference in                                   
AUPRC was similarly significant, at 0.045 (95% CI: 0.034 - 0.054) and 0.181 (95% CI: 0.157 - 0.201) on the                                       
observation and encounter level respectively.   
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Analytic  Granularity  AUROC (95% CI)  AUPRC (95% CI)  Event rate (%) 

PICTURE  Observation-level  0.823 (0.812 - 0.836)**  0.099 (0.085 - 0.112)**  1.01% 

NEWS  Observation-level  0.754 (0.742 - 0.767)**  0.054 (0.048 -     
0.060)** 

PICTURE  Encounter-level  0.850 (0.837 - 0.862)**  0.318 (0.291 - 0.342)**  3.96% 

NEWS  Encounter-level  0.757 (0.744 - 0.770)**  0.137 (0.121 - 0.151)** 

 
Table 2: Evaluation of PICTURE performance in a non-COVID-19 cohort. Area under the Receiver Operator characteristic curve                                 
(AUROC), area under the precision-recall curve (AUPRC), and the event rate are presented on the observation level as well as aggregated                                         
across each hospital encounter. 95% confidence intervals were calculated using a block bootstrap with 1000 replicates. In the case of the                                         
observation-level, this bootstrap was blocked on the encounter level. The National Early Warning System (NEWS) score is used as a                                       
baseline for comparison. n = 32,754 encounters. * = p-value < 0.05, ** = p-value < 0.001. 
 
3.2 Comparison of PICTURE to EDI in a non-COVID-19 cohort 
 
PICTURE was then compared to the EDI model on non-COVID patients in the same hold-out test set from 2019.                                     
Due to limitations in available EDI scores, the number of encounters was restricted to 21,215. These                               
time-matched scores were again evaluated using AUROC and AUPRC on the observation- and encounter levels                             
(Table 3). Figure 2 displays the associated ROC and PR curves for the observation-level performance. The                               
difference of AUROC and AUPR between PICTURE and the EDI reached statistical significance (α = 5%) on both                                   
the observation level (AUROC: 0.057 [95% CI: 0.044 - 0.069], AUPRC: 0.032 [95% CI: 0.019 - 0.043]) and the                                     
encounter level (AUROC: 0.059 [95% CI: 0.048 - 0.069], AUPRC: 0.095 [95% CI: 0.067 - 0.118]).  
 

Analytic  Granularity  AUROC (95% CI)  AUPRC (95% CI)  Event rate (%) 

PICTURE  Observation-level  0.819 (0.805 - 0.834)**  0.109 (0.089 - 0.125)**  0.75% 

EDI  Observation-level  0.762 (0.746 - 0.780)**  0.077 (0.062 - 0.090)** 

PICTURE  Encounter-level  0.862 (0.850 - 0.876)**  0.362 (0.327 - 0.394)**  4.17% 

EDI  Encounter-level  0.803 (0.787 - 0.821)**  0.267 (0.240 - 0.295)** 

 
Table 3: Comparison of PICTURE and the EDI in a non-COVID-19 cohort. Area under the Receiver Operator Characteristic curve                                     
(AUROC), area under the precision-recall curve (AUPRC), and the event rate are presented on the observation level as well as aggregated                                         
across each hospital encounter. n = 21,215 encounters. * = p-value < 0.05, ** = p-value < 0.001. 
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Figure 2: Comparison of PICTURE and the EDI in a non-COVID-19 cohort. Panel A: Receiver Operating Characteristic (ROC) curves for                                       
PICTURE and EDI models. PICTURE AUC: 0.819. EDI AUC: 0.762. Panel B: Precision-recall (PR) curves for the two models. PICTURE AUC:                                         
0.109. EDI AUC: 0.077. Both curves represent observation-level analysis. 
 
In addition to classification performance, lead time represents another critical component of a predictive                           
analytics’ utility as it determines the amount of time clinicians have to act on the model’s recommendations. We                                   
assessed the model’s relative performance at different lead times in a threshold-independent manner by                           
censoring data occurring 0.5, 1, 2, 6, 12, and 24 hours before an adverse event (Table 4). In our cohort, PICTURE                                         
performs markedly better than the EDI model even when considering predictions made 24 hours or more before                                 
the actual event.  
 

Lead time   
(hours) 

AUROC  AUPRC 
Event Rate (%) 

Sample size (n     
encounters) PICTURE  EDI  PICTURE  EDI 

0.5  0.862  0.803  0.365  0.268  4.17%  21215 

1  0.853  0.795  0.343  0.248  4.15%  21211 

2  0.840  0.784  0.315  0.232  4.11%  21201 

6  0.827  0.766  0.276  0.204  3.89%  21153 

12  0.818  0.765  0.243  0.176  3.63%  21096 

24  0.809  0.757  0.200  0.139  3.20%  21003 

 
Table 4: Lead time analysis in non-COVID-19 cohort. The performance of the two models (encounter-level) at various lead times were                                       
assessed by evaluating the maximum prediction score prior to x hours before the given event, with x ranging in progressively greater                                         
intervals from 0.5 to 24. On this cohort of non-COVID-19 subjects, PICTURE consistently outperformed the EDI model at each level of                                         
censoring. 
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3.3 Comparison of PICTURE to EDI in COVID-19 patients 
 
When applied to patients testing positive for COVID-19, PICTURE performs similarly well. PICTURE scores were                             
again aligned to EDI scores using the process outlined in Section 2.6.2. This resulted in the inclusion of 402                                     
encounters. Table 5 presents AUROC and AUPRC values for PICTURE and EDI on both the observation and                                 
encounter level with 95% confidence intervals, and Figure 3 displays the associated ROC and PR curves. On the                                   
observation level, the difference in AUROC between PICTURE and the EDI reached statistical significance (α =                               
5%) (0.037 [95% CI: 0.006 - 0.067]) but the difference in AUPRC (0.028 [95% CI: -0.018 - 0.058]) did not reach                                         
significance. Both the AUROC and AUPRC differences (95% CI) reached significance on the encounter level                             
(AUROC: 0.102 [0.064 - 0.1381], AUPRC: 0.124 [0.048 - 0.179]). Of note, the EDI results at the observation-level                                   
(AUROC 0.792 [0.754 - 0.835]) were very similar to those described in a previous validation (AUROC 0.76 [95%                                   
CI 0.68-0.84]) though with a smaller confidence interval due to a larger sample size [11]. 
 

Analytic  Granularity  AUROC (95% CI)  AUPRC (95% CI)  Event rate (%) 

PICTURE  Observation-level  0.828 (0.794 - 0.869)*  0.160 (0.089 - 0.199)  3.75% 

EDI  Observation-level  0.792 (0.754 - 0.835)*  0.131 (0.092 - 0.159) 

PICTURE  Encounter-level  0.876 (0.839 - 0.913)**  0.664 (0.571 - 0.739)**  24.9% 

EDI  Encounter-level  0.774 (0.721 - 0.826)**  0.541 (0.458 - 0.623)** 

 
Table 5: Comparison of PICTURE and the EDI in patients testing positive for COVID-19. Area under the Receiver Operator                                     
Characteristic curve (AUROC), area under the precision-recall curve (AUPRC), and the event rate are presented on the observation level                                     
as well as aggregated across each hospital encounter. n = 401. * = p-value < 0.05, ** = p-value < 0.001. 

 

Figure 3: Comparison of PICTURE and the EDI in patients testing positive for COVID-19. Panel A: Receiver Operator Characteristic                                     
(ROC) curves for PICTURE and EDI models. PICTURE AUC: 0.828. EDI AUC: 0.792. Panel B: Precision-recall (PR) curves for the two                                         
models. PICTURE AUC: 0.160. EDI AUC: 0.131. Both curves represent observation-level analysis. 
 
As with the non-COVID-19 cohort, a similar lead time analysis was then performed to assess the performance of                                   
PICTURE and EDI when making predictions further in advance. Thresholds were again set at 0.5, 1, 2, 6, 12, and                                       
24 hours before the event and observations occurring after this cutoff were censored. In our cohort, PICTURE                                 
again out-performed the EDI even when making predictions 24 hours in advance (Table 6 ). 
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Lead time   
(hours) 

AUROC  AUPRC 
Event Rate (%) 

Sample size  
(n encounters) PICTURE  EDI  PICTURE  EDI 

0.5  0.876  0.774  0.683  0.551  24.94%  401 

1  0.865  0.767  0.648  0.532  24.75%  400 

2  0.849  0.760  0.618  0.517  24.37%  398 

6  0.826  0.746  0.569  0.482  23.02%  391 

12  0.802  0.731  0.527  0.447  21.00%  382 

24  0.787  0.721  0.472  0.413  18.87%  371 

 
Table 6: Lead time analysis in COVID-19 cohort. The performance of the two models (encounter-level) at various lead times were again                                         
assessed by evaluating the maximum prediction score prior to x hours before the given event, with x ranging in progressively greater                                         
intervals from 0.5 to 24. On this cohort of COVID-19 subjects, PICTURE consistently outperformed the EDI model at each level of                                         
censoring. 
 
3.4 Explanations of predictions 
 
To provide clinicians with a description of factors influencing a given PICTURE score, we used Shapley values                                 
computed at each observation. Figure 4 depicts an aggregated summary of the 20 most influential features in                                 
the 2019 test set (Panel A) and in the COVID-19 set (Panel B). Positive Shapley values indicate that the variable                                       
pushed the PICTURE score toward a positive decision (i.e. predicting an adverse event). While many of the                                 
feature rankings appear similar between the 2019 and COVID-19 cohorts, we noted that respiratory variables                             
such as respiratory rate, oxygen support, and SpO2 played a more pronounced role in predicting adverse events                                 
in COVID-19 positive patients than in non-COVID-19 patients. One point of note is that the amount of oxygen                                   
support played a significant role in both cohorts. While the EDI does not use the amount of oxygen support as a                                         
continuous variable, it does have a feature termed “oxygen requirement” [11]. To demonstrate that the observed                               
improvement of PICTURE over the EDI is not driven solely by this additional information, oxygen support was                                 
binarized and the PICTURE model retrained. While performance did decrease, indicating that the inclusion of                             
oxygen support as a continuous variable is useful in predicting deterioration, PICTURE still outperformed the EDI                               
on both the non-COVID-19 (difference in AUROC: 0.031, AUPRC: 0.044) and COVID-19 (difference in AUROC:                             
0.036, AUPRC: 0.019) cohorts.   
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Figure 4: Shapley summary plots. Panel A) depicts an aggregated summary plot of the Shapley values from the 2019 test set, while                                           
Panel B) corresponds to COVID-19 positive patients. The 20 most influential features are ranked from top to bottom, and the distribution                                         
of Shapley values across all predictions are plotted. The magnitude of the Shapley value is displayed on the horizontal axis, while the                                           
value of the feature itself is represented by color. For example, a large amount of oxygen support over 24 hours (red) in Panel A was                                                 
associated with a highly positive influence on the model, while low to no oxygen support (blue) pushed the model back towards 0. BUN =                                               
blood urea nitrogen; GCS = Glasgow Coma Score; INR = International Normalized Ratio; RDW = red cell distribution width; WBC = white                                           
blood cells. 
 
3.5 Case study 
 
As a demonstration of the potential utility of PICTURE, an individual hospital encounter was selected and the                                 
trajectories of PICTURE and the EDI are visualized in Figure 5. A previous study assessing the use of EDI in                                       
COVID-19 patients found that an EDI score of 64.8 or greater to be an actionable threshold to identify patients at                                       
increased risk [11]. As PICTURE scores lie on a different scale than the EDI, we determined two comparable                                   
thresholds using sensitivity and PPV on the COVID-19 cohort. Due to the high event rate in this cohort, alert                                     
thresholds in non-COVID-19 patients may be lower. At a threshold of 64.8, we found that the EDI had a                                     
sensitivity of 0.164, specificity of 0.971, positive predictive value (PPV) of 0.184, and negative predictive value                               
(NPV) of 0.968. When aligned by sensitivity, a PICTURE threshold of 0.183 corresponded to a specificity of                                 
0.975, PPV of 0.217, and NPV of 0.968. Likewise when aligned by PPV, a PICTURE threshold of 0.075                                   
corresponded to a sensitivity of 0.353, a specificity of 0.940, and NPV of 0.974. These two thresholds are                                   
present in Panel A of Figure 5 below, while the original threshold of 64.8 is depicted in Panel B.    
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Note that the PICTURE score remains low until approximately 12.5 hours before the adverse event (in this case,                                   
transfer to an ICU level of care), where it crosses the PPV-aligned threshold. Approximately 11 hours before the                                   
event, the PICTURE score peaks at a value of 0.235 and exceeds the sensitivity-aligned threshold of 0.18. After                                   
the initial peak, the PICTURE score then remains elevated, staying above the PPV-aligned threshold of 0.075                               
until the patient is transferred. In contrast, the EDI score never exceeded its alert threshold and it dropped when                                     
the PICTURE score increased 
 
To simulate what a clinician receiving an alert from PICTURE might encounter, the Shapley values explaining the                                 
PICTURE predictions at both alert thresholds are recorded in Table 7 below. Note that these features are                                 
dominated by respiratory features, though heart rate and temperature are also present. While these features                             
may seem obvious in predicting the need for ICU care, it is worth highlighting that the EDI did not identify this                                         
patient as being at risk.  
 

Figure 5: Sample trajectory of one patient. Panel A) depicts the PICTURE predictions over 27-hours before the patient is eventually                                       
transferred to an ICU level of care (green bar). Two possible alert thresholds are noted: one (red) based on the EDI’s sensitivity at a                                               
threshold of 64.8 (as suggested by [11] ) while the other (yellow) is based on the EDI’s PPV at this threshold. Note that PICTURE peaks                                               
above the sensitivity-based threshold approximately 11 hours in advance of the ICU transfer, and then remains elevated over the PPV                                       
threshold until the transfer occurs. * and † represent the first time points at which PICTURE crossed each threshold, referenced in Table 7                                             
below. Panel B) demonstrates the EDI over the same time range, with the threshold of 64.8 suggested by [11]  in red. 
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Shapley values after PPV threshold ( t -12.5h * ) 

Rank  Feature name  Value  Mean (SD)  n Std. from Mean  Shapley Score 

1  Oxygen supplementation   
(rolling 24h max) 

35.0 L/min  3.98 (10.3)  3.0  + 1.97 

2  SpO2 (rolling 24h min)  85 %  91.4 (3.65)  -1.7  + 1.14 

3  Respiratory rate  24 bpm  20.8 (3.44)  0.9  + 0.77 

4  Temperature  39.1 ˚C  37.2 (0.43)  4.5  + 0.50 

5  Hematocrit  32.3  37.3 (5.80)  -0.8  + 0.09 

Shapley values after sensitivity threshold ( t -11h † )  

Rank  Feature name  Value  Mean (SD)  n Std. from Mean  Shapley Score 

1  Oxygen supplementation   
(rolling 24h max) 

35 L/min  3.98 (10.3)  3.0  + 2.00 

2  SpO2 (rolling 24h min)  85 %  91.4 (3.65)  -1.7  + 1.23 

3  Respiratory rate  24 bpm  20.8 (3.44)  0.9  + 0.74 

4  Heart rate  124 bpm  85.8 (13.6)  2.8  + 0.56 

5  Temperature  39.1 ˚C  37.2 (0.43)  4.5  + 0.46 

 
Table 7: Sample PICTURE explanations. The top 5 features corresponding to PICTURE predictions as it crosses the PPV-aligned                                   
threshold ( * ) and the sensitivity-aligned threshold ( † ) as noted in Figure 5. These predictions represent two possible locations where a                                               
clinician could receive an alert that their patient is deteriorating. For each prediction, the top 5 features as measured by Shapley values                                           
are reported. Such information could be shared alongside the prediction score to provide better clinical utility to healthcare providers.                                     
The number of standard deviations from the mean are included for comparison, and are calculated using the COVID-19 dataset. Note that                                         
oxygenation (supplemental oxygen, SpO 2, and respiratory rate) and temperature play a dominant role in both cases. Heart rate                                   
represented the primary difference between these two timepoints. When the PICTURE score first exceeded the PPV threshold 12.5 hours                                     
before the ICU transfer, heart rate remained at 78 bpm and was not among the top features as measured by Shapley. At 11 hours before                                                 
the event, when the PICTURE score was at its highest, heart rate had jumped to 124 bpm and was the fourth-most influential feature as                                               
measured by Shapley values. 
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4. Conclusion 
 
The PICTURE early warning system accurately predicts adverse patient outcomes including ICU transfer,                         
mechanical ventilation, and death at the Michigan Medicine. The ability to consistently anticipate these events                             
may be especially valuable when considering a potential impending second wave of COVID-19 infections. The                             
EDI is a widespread deterioration model which has recently been assessed in a COVID-19 population. Both                               
PICTURE and the EDI were trained using approximately 130,000 encounters for general deterioration and thus                             
are not overfit to the COVID-19 population [11], [12]. Using a head-to-head comparison, we demonstrated that                               
PICTURE has higher performance than the EDI at a statistically significant level (α = 5%) for both COVID-19                                   
positive and non-COVID-19 patients. In addition, PICTURE was capable of accurately predicting adverse events                           
as far as 24 hours before the event occured. Lastly, PICTURE has the ability to explain individual predictions to                                     
clinicians by displaying those variables which most influenced its prediction using Shapley values. This analysis                             
is limited to a single academic medical center, and its generalizability to other healthcare systems will require                                 
future study.   
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Supplemental material 
 

Feature Name  Training  
(n=103,322 encounters) 

Validation  
(n = 25,410 encounters) 

Test  
(n = 32,754 encounters) 

COVID-19  
(n = 430 encounters) 

Mean  Std. 
dev. 

Missing 
(%) 

Mean  Std. 
dev. 

Missing
(%) 

Mean  Std. 
dev. 

Missing 
(%) 

Mean  Std. 
dev. 

Missing 
(%) 

Age (years)  57.35  17.14  0.0%  57.54  17.38  0.0%  57.78  17.17  0.0%  61.84  15.05  0.0% 

Albumin  3.67  0.60  32.5%  3.67  0.60  32.3%  3.76  0.59  29.1%  3.68  0.45  5.1% 

Anion gap  11.91  2.32  0.7%  11.93  2.34  0.7%  11.96  2.36  0.6%  13.27  2.36  2.1% 

Bicarbonate  26.21  4.76  62.9%  26.15  4.71  62.3%  26.32  4.65  52.6%  25.76  4.27  23.0% 

Bilirubin  1.03  2.36  34.3%  0.98  2.17  34.3%  0.99  2.16  30.3%  0.65  0.52  5.3% 

BUN  19.77  14.39  0.8%  19.85  14.05  0.9%  21.07  15.28  0.7%  23.63  20.00  2.6% 

Calcium  8.89  0.59  0.6%  8.89  0.59  0.7%  8.81  0.57  0.5%  8.58  0.53  2.1% 

Chloride  104.66  4.22  0.6%  104.69  4.17  0.6%  104.58  4.22  0.5%  102.84  4.56  1.2% 

Chloride  26.31  3.27  0.7%  26.29  3.24  0.7%  26.10  3.24  0.6%  25.82  3.16  2.1% 

Creatinine  1.12  1.19  0.7%  1.14  1.25  0.7%  1.22  1.32  0.5%  1.53  1.88  2.1% 

Diastolic blood 
pressure  68.81  9.38  0.1%  69.05  9.30  0.0%  68.73  10.02  0.0%  70.23  8.92  0.5% 

Gender  
(is Female)  0.50  0.50  0.0%  0.50  0.50  0.0%  0.50  0.50  0.0%  0.46  0.50  0.0% 

GCS  14.84  0.59  20.0%  14.82  0.66  19.7%  14.86  0.54  0.2%  14.69  0.99  5.1% 

Glucose  125.18  42.21  0.5%  125.71  42.44  0.5%  125.52  43.50  0.3%  125.27  51.77  1.2% 

Height  66.85  4.40  12.9%  66.90  4.33  13.0%  66.88  4.32  10.7%  67.01  4.02  17.0% 

Hematocrit  34.77  6.12  0.6%  34.85  6.09  0.6%  35.13  6.33  0.5%  37.27  5.80  1.9% 

Hemoglobin  11.54  2.22  0.6%  11.57  2.21  0.7%  11.45  2.23  0.5%  12.11  2.11  1.9% 

INR  1.23  0.95  42.2%  1.23  2.15  42.6%  1.22  0.49  43.6%  1.18  0.53  47.9% 

IV fluid bolus  0.68  0.39  0.0%  0.68  0.39  0.0%  0.59  0.41  0.0%  0.41  0.42  0.0% 

Lactate  1.52  0.88  62.8%  1.55  0.89  62.2%  1.58  0.90  52.6%  1.42  0.60  23.0% 

Magnesium  1.92  0.24  32.3%  1.92  0.24  32.5%  1.81  0.23  28.2%  1.89  0.26  32.6% 

MAP  88.57  11.01  0.1%  88.88  10.93  0.0%  88.62  11.35  0.0%  89.52  9.84  0.5% 

MCH  29.58  2.67  0.6%  29.60  2.65  0.7%  29.53  2.79  0.6%  28.67  2.36  1.9% 

MCHC  33.14  1.43  0.6%  33.14  1.41  0.7%  32.56  1.41  0.6%  32.42  1.33  1.9% 

MCV  89.22  6.57  0.6%  89.27  6.58  0.7%  90.62  6.98  0.6%  88.43  6.17  1.9% 

MPV  10.21  0.94  1.7%  10.20  0.94  1.9%  10.24  0.96  1.4%  10.27  0.92  2.6% 

Oxygen 
supplement.  1.97  36.78  0.0%  1.82  3.14  0.0%  1.84  3.61  0.0%  3.98  10.28  0.0% 

Phosphorus  3.53  0.87  42.7%  3.53  0.88  42.7%  3.63  0.92  42.6%  3.49  1.11  51.2% 
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Platelets  226.13  101.24  0.7%  227.64  102.49  0.7%  229.58  104.27  0.6%  229.71  94.47  1.9% 

Potassium  4.20  0.42  0.6%  4.21  0.42  0.6%  4.20  0.42  0.4%  4.15  0.47  1.2% 

Protein level  6.39  0.88  34.2%  6.37  0.88  34.1%  6.00  0.82  30.2%  6.03  0.65  5.3% 

PT  12.69  5.39  42.9%  12.57  5.23  43.2%  12.31  4.32  44.3%  11.96  4.64  47.9% 

PTT  28.41  7.72  52.4%  28.10  7.28  52.4%  26.96  7.01  53.7%  28.41  8.86  54.4% 

Pulse rate  80.26  13.03  0.1%  80.56  12.98  0.0%  80.76  12.78  0.0%  85.82  13.56  0.2% 

Pulse pressure  59.28  12.88  0.1%  59.48  12.84  0.0%  59.67  12.76  0.0%  57.90  11.34  0.5% 

Race (is White)  0.82  0.38  0.0%  0.82  0.39  0.0%  0.81  0.40  0.0%  0.41  0.49  0.0% 

Race (is Black)  0.12  0.32  0.0%  0.12  0.32  0.0%  0.13  0.33  0.0%  0.42  0.49  0.0% 

Race (is Asian)  0.02  0.14  0.0%  0.02  0.14  0.0%  0.02  0.14  0.0%  0.06  0.24  0.0% 

Race (is Other)  0.04  0.20  0.0%  0.04  0.20  0.0%  0.05  0.21  0.0%  0.10  0.31  0.0% 

RBC  3.92  0.74  0.6%  3.92  0.74  0.7%  3.90  0.77  0.6%  4.24  0.75  1.9% 

RDW  14.70  2.38  0.7%  14.70  2.39  0.7%  14.77  2.49  0.6%  14.21  2.07  1.9% 

Resp. rate  17.50  1.54  0.1%  17.51  1.54  0.0%  17.43  1.47  0.0%  20.83  3.44  0.2% 

Shock index  0.65  0.15  0.1%  0.65  0.14  0.0%  0.65  0.14  0.0%  0.68  0.13  0.5% 

Shock index 
(age adjusted)  36.37  12.39  0.1%  36.48  12.42  0.0%  36.79  12.33  0.0%  41.72  11.67  0.5% 

Sodium  138.63  3.12  0.6%  138.65  3.09  0.6%  138.38  3.06  0.4%  137.62  3.60  1.2% 

SpO2  93.81  3.26  0.1%  93.85  3.20  0.0%  93.67  3.28  0.0%  91.38  3.65  0.2% 

Systolic blood 
pressure  128.09  17.28  0.1%  128.53  17.17  0.0%  128.40  17.15  0.0%  128.12  14.73  0.5% 

Temperature  36.74  0.32  0.1%  36.75  0.29  0.1%  36.76  0.30  0.0%  37.16  0.43  0.7% 

Urine output  309.26  196.66  12.2%  305.09  188.94  11.9%  287.21  189.28  15.3%  232.61  170.14  21.9% 

Weight  186.13  54.90  2.1%  186.31  54.69  2.0%  187.38  56.27  1.4%  199.46  55.81  3.5% 

WBC  9.09  7.60  0.6%  9.32  9.76  0.7%  9.07  7.05  0.5%  6.90  3.47  1.9% 

 
Table S.1: Feature list with descriptive statistics. This table displays all features used in the PICTURE model along with their means,                                         
standard deviation, and missing rate in the training, validation, non-COVID-19 test, and COVID-19 cohorts. Values are computed on the                                     
encounter-level to avoid weighting the statistics by the number of observations per patients. For example, the mean value is first                                       
calculated for each patient, and these individual means are then averaged across all patients. Standard deviation was computed by again                                       
taking the mean value for each patient, and then calculating the standard deviation across all patients. Missingness rate represents the                                       
fraction of patients for whom there was no data available for the duration of their encounter. Gender and race are recorded as 1 if the                                                 
patient meets the criteria (e.g. is female) and 0 otherwise. IV fluid bolus indicates a 1/0 flag if the patient received a fluid bolus during their                                                   
stay. Oxygen supplementation represents the maximum amount of oxygen received by the patient in the last 24 hours, and zero if no                                           
oxygen order was placed. Pulse pressure is defined as diastolic blood pressure subtracted from systolic. Shock index is calculated as                                       
heart rate over systolic blood pressure, then multiplied by age in the case of the age-adjusted variable. SpO 2 represents the minimum                                         
SpO2 in the last 24 hours. Abbreviations: BUN (blood urea nitrogen), GCS (Glasgow coma score), INR (international normalized ratio), MAP                                       
(mean arterial pressure), MCH (mean corpuscular hemoglobin), MCHC (mean corpuscular hemoglobin concentration), MCV (mean                           
corpuscular volume), MPV (mean platelet volume), PT (prothrombin time), PTT (partial thromboplastin time), RBC (red blood cell count),                                   
RDW (red cell distribution width), SpO 2 (peripheral oxygen saturation), WBC (white blood cell count). 
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