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Abstract: Background: Sepsis is one of the major causes of in-hospital death, and is frequent in pa-
tients presenting to the emergency department (ED). Early identification of high-risk septic patients is
critical. Machine learning (ML) techniques have been proposed for identification and prognostication
of ED septic patients, but these models often lack pre-hospital data and lack validation against early
sepsis identification scores (such as gSOFA) and scores for critically ill patients (SOFA, APACHE
II). Methods We conducted an electronic health record (EHR) study to test whether interpretable
and scalable ML models predict mortality in septic ED patients and compared their performance
with clinical scores. Consecutive adult septic patients admitted to ED over 18 months were included.
We built ML models, ranging from a simple-classifier model, to unbalanced and balanced logistic
regression, and random forest, and compared their performance to qSOFA, SOFA, and APACHE
II scores. Results: We included 425 sepsis patients after screening 38,500 EHR for sepsis criteria.
Overall mortality was 15.2% and peaked in patients coming from retirement homes (38%). Random
forest, like balanced (0.811) and unbalanced logistic regression (0.863), identified patients at risk of
mortality (0.813). All ML models outperformed qSOFA, APACHE II, and SOFA scores. Age, mean
arterial pressure, and serum sodium were major mortality predictors. Conclusions: We confirmed
that random forest models outperform previous models, including qSOFA, SOFA, and APACHEII, in
identifying septic patients at higher mortality risk, while maintaining good interpretability. Machine
learning models may gain further adoption in the future with increasing diffusion and granularity of
EHR data, yielding the advantage of increased scalability compared to standard statistical techniques.

Keywords: sepsis; septic shock; emergency medicine; critical care; machine learning; random forest;
prognostication; model

1. Introduction

Sepsis is a life-threatening organ dysfunction due to a dysregulated host response
to infection [1], and is a significant public health challenge and economic burden in the
industrialized world [2].

The incidence of sepsis spans between 650,000 and 750,000 new cases per year in the
United States, where it is the 10th highest cause of death [3,4]. Sepsis numbers are rising as
the incidence of sepsis increases with age, and the proportion of elderly patients accessing
the emergency department increases [5].

Early care of sepsis and septic shock is essential for the patient’s prognosis, and include
early diagnosis, resuscitation, and prompt antibiotic treatment, which is often performed in
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the emergency department (ED) [6-8]. Postponed diagnosis of sepsis increases morbidity
and mortality [9].

In the emergency department (ED) population, predictive scores have been extensively
studied to identify sepsis and stratify mortality in septic patients [5,10]. Most published
models adopt traditional statistical techniques for mortality prediction and identification of
septic patients [10-14]. Recently, machine learning has been proposed in this field, primarily
for early identification of septic patients [15,16]. By discovering predictive patterns in the
data beyond linear relations, machine learning models can naturally handle the abundance
and complexity of digital patient data, allowing for precise forecasts of which patients will
develop sepsis. Although a few recent ML studies also focused on mortality prediction [17],
none of them integrated information from patient provenience and validated it against
well-known critically ill scores such as APACHE II, qSOFA, and SOFA [18,19]. Therefore,
the aim of the current study was to develop an interpretable and scalable ML model for
identification of high-risk patients based on clinical, laboratory, and pre-hospital data, and
to compare its performance with qSOFA, APACHE II, and SOFA scores.

2. Materials and Methods

We conducted an electronic health record study. We extracted de-identified data from
hospital electronic health records of all patients admitted to a tertiary clinical center, over
18 months. Study received ethical approval from Humanitas Research Hospital indepen-
dent Ethical Committee. We identified septic patients according to Angus criteria and
Agency for Healthcare Research and Quality (AHRQ) criteria, two tools frequently adopted
for studies using EHR and administrative data [20-23]. Accordingly, International Clas-
sification of Diseases, Ninth Edition, Clinical Modification (ICD-9-CM) codes of patients
admitted from the ED were extracted from EHR data, and screened for Angus or AHRQ
criteria [21-23]. In these criteria, there are two ways for a hospitalization to become selected
by Angus. The patient is selected when (a) explicit ICD-9 codes for severe sepsis or septic
shock are found or (b) there is an ICD-9 diagnosis code for infection. Detailed AHRQ
criteria according to ICD9 codes are available on the AHRQ website [23]. Full EHR data
of patients identified through these criteria were subsequently re-evaluated in depth by a
doctor according to Sepsis Criteria before inclusion in the study [24]. Criteria are reported
in Supplemental Material File S1. All patients admitted to the ED were treated according
to Surviving Sepsis Campaign guidelines [25]. The site and type of underlying infection
were determined by clinical signs and symptoms, medical history, laboratory exams, and
biological cultures.

The primary study goal was to assess whether an interpretable and scalable machine
learning model can predict mortality in septic patients in the ED better than SOFA, qSOFA,
and APACHE II scores, and to compare the model to logistic regression and a dummy
classifier. To evaluate the models produced and to assess their performance, we chose
to describe and analyze five different parameters: precision, recall, accuracy, receiver
operating characteristic (ROC) curve with area under the curve (AUC), and F1-score.
Precision is defined as the number of true septic patients divided by the total number
of positive predictions; recall quantifies how many true positives were retrieved by our
models. Fl-score represents a harmonic mean of precision and recall. Accuracy is the
number of correctly predicted data across both positive and negative classes, while ROC
and its AUC are measures of the ability of a classifier to distinguish between classes. The
secondary objective was the descriptive analysis of epidemiological and microbiological
characteristics of the study population, specifically on covariates that were available in the
EHR (a list of all the covariates can be found in the Supplemental Materials Table S1).

Statistical analysis

Categorical data are described as frequency and percentage. Continuous data are
expressed as the median and interquartile range (IQR). We tested the association be-
tween independent variable and outcome at univariate analysis, using the chi-squared
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test for categorical variables or the Wilcoxon rank-sum test as a non-parametric test for
continuous variables.

Missing data were explored for visual patterns of missingness as reported in Sup-
plemental Material Figure S1, and considered missing at random (MAR). To account for
missing data, we used a chained random forest to perform imputation of missing data
using the missRanger package [26], S, which basically imputes each variable using predic-
tions from a random forest that includes all other variables as covariates, and iterating this
process multiple times until the process stops improving. Results of the imputation process
are reported in Supplemental Material Figure S2.

A baseline reference model was created using a dummy classifier, which is a simple
uniform classifier commonly employed as a baseline in ML models [27]. We then developed
a logistic regression model with unbalanced classes, and a logistic regression model with
classes balanced using the SMOTE technique [28], which is an oversampling technique
where synthetic data samples are generated for the class less represented (septic patients in
our case). The oversampling technique was performed during the cross-validation phase,
after the split into training and test datasets. Finally, we trained a random forest to identify
patients at risk of mortality [29]. All models were built on two datasets based on early EHR
data, with only one dataset including APACHE-II score, qSOFA score, or SOFA score as
predictive features. Each dataset was split in the proportions of 0.7 training set and 0.3 test
set, with a 10 k-fold cross validation to improve generalizability and reduce overfitting.
Each fit was performed on a training set consisting of 90% of the total training set selected
at random, with the remaining 10% used as a hold-out set for validation.

Feature importance was calculated differently depending on the model used: for
logistic regression we used the magnitude and the sign of the coefficients of the features
given by the trained models, while for random forests we used the Mean Decrease in
Impurity (MDI). This method calculates the average decrease in Gini impurity due to the
splits in the analyzed feature across all the trees trained in the forest.

Precision, recall, accuracy, Fl-score, and ROC analysis with AUC were calculated
to compare the performance of all developed models. Subsequently, we compared the
performance of developed models with logistic regression models of the APACHE II,
gqSOFA, and SOFA scores [18,19,30].

3. Results

From a total of 38,500 patients admitted to the emergency department over 18 months,
we extracted 640 patients according to Angus and AHRQ sepsis criteria. Finally, 425 individ-
uals were included in the research after a physician reviewed the extracted information to
control for sepsis and removed 215 patients who were not verified as sepsis cases. Figure 1
illustrates the study flow chart.

There were 249 males (58.6%) and 176 females (41.4%) in study population. The median
age was 77 (IQR 69-83, range 25-97). Hypertension was the most common comorbidity
(173 patients, 40.7%), followed by diabetes (105 patients, 24.7%) and cancer (98 patients,
23.1%). Baseline and demographic data are reported in Table 1.

Most patients came to ED from home (333 patients, 78.4%), 9.2% (20 patients) from
long-term care, and 12.5% (53 patients) from ambulatory clinics or within four weeks from
hospital discharge. Mortality was strongly related to patient provenience, with patients
from long-term care bearing the highest risk for mortality (48.7%), compared to readmission
after hospital discharge (20.7%) or admission from home (10.5%). Overall mortality was
15.3% (65 patients).

The most represented sites of infection were the abdomen (33.2%) and lungs (30.8%).
Pneumonia was the most prevalent sepsis site (30.8%) in non-survivors (Table 1). A total of
52 patients (12.2%) presented with septic shock, resulting in higher mortality than sepsis
patients (26.2% vs. 9.7%, p = 0.001). Heart rate, mean arterial pressure, and respiratory rate
were significantly different between survivors and non-survivors (p = 0.001).

Laboratory values and clinical scores are presented in Table 2.
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Table 1. Baseline data and source of sepsis.
Total Outcome
e Alive Dead
Characteristic N =4251 N = 3601 N = 65 p-Value
Male Gender 249 (58.6%) 209 (58.1%) 40 (61.5%)
Female Gender 176 (41.4%) 151 (41.9%) 25 (38.5%) 0.6
Age 77 (69, 83) 76 (67, 83) 83 (75, 89) <0.001
Provenience
Home 333.0 (78.4%) 298.0 (89.5%) 35.0 (10.5%)
Long-term care 39.0 (9.2%) 20.0 (51.3%) 19.0 (48.7%) <0.001
Readmission after hospital discharge 53.0 (12.5%) 42.0 (79.2%) 11.0 (20.8%)
Comorbidities
Cancer 98.0 (23.1%) 78.0 (21.7%) 20.0 (30.8%) 0.11
Hypertension 173.0 (40.7%) 136.0 (37.8%) 37.0 (56.9%) 0.004
COPD 48.0 (11.3%) 40.0 (11.1%) 8.0 (12.3%) 0.8
Diabetes 105.0 (24.7%) 89.0 (24.7%) 16.0 (24.6%) >0.9
CKD 69.0 (16.2%) 57.0 (15.8%) 12.0 (18.5%) 0.6
Nutritional status
Underweight 53.0 (12.5%) 36.0 (10.0%) 17.0 (26.2%)
Normal 320.0 (75.3%) 281.0 (78.1%) 39.0 (60.0%)
Obese 43.0 (10.1%) 37.0 (10.3%) 6.0 (9.2%) 0.002
Overweight 9.0 (2.1%) 6.0 (1.7%) 3.0 (4.6%)
Recent use of antibiotic therapy 35.0 (8.2%) 23.0 (6.4%) 12.0 (18.5%) 0.001
[mmunosuppressants as home 28.0 (6.6%) 23.0 (6.4%) 5.0 (7.7%) 0.8
medication
Delay to ED presentation
<12h 278.0 (65.4%) 239.0 (66.4%) 39.0 (60.0%)
12-24h 32.0 (7.5%) 25.0 (6.9%) 7.0 (10.8%)
24-48h 18.0 (4.2%) 16.0 (4.4%) 2.0 (3.1%) 0.5
>48 h 97.0 (22.8%) 80.0 (22.2%) 17.0 (26.2%)
Site of infection
Other 36.0 (8.5%) 24.0 (6.7%) 12.0 (18.5%)
Abdomen 141.0 (33.2%) 126.0 (35.0%) 15.0 (23.1%)
Lung 117.0 (27.5%) 97.0 (26.9%) 20.0 (30.8%) 0.008
Urinary tract 131.0 (30.8%) 113.0 (31.4%) 18.0 (27.7%)
Clinical data at ED presentation
Systolic BP 125 (100, 141) 128 (105, 148) 110 (90, 130) <0.001
Diastolic BP 70 (55, 85) 71 (59, 85) 64 (50, 80) 0.001
MAP 90 (72, 103) 92 (75, 105) 81 (63, 94) <0.001
Heart Rate 94 (78, 108) 92 (78, 105) 105 (88, 121) <0.001
Peripheral saturation 94 (89, 97) 94 (90, 97) 91 (85, 95) 0.003
Respiratory Rate 18.0 (14.0, 22.0) 18.0 (14.0, 21.0) 20.0 (16.0, 25.0) 0.003
Temperature 37.80 (36.40, 38.20) 38.00 (36.58, 38.20) 36.80 (36.00, 38.00) <0.001
Glasgow Coma Scale (GCS) 15.00 (15.00,15.00)  15.00 (15.00,15.00)  15.00 (13.00, 15.00) <0.001
Septic shock 52.0 (12.2%) 35.0 (9.7%) 17.0 (26.2%) <0.001

Data are presented as frequency (percent) or median (IQR). CKD = chronic kidney disease, COPD = chronic
obstructive pulmonary disease. ED = emergency department. BP = blood pressure, MAP = mean arterial pressure.

C-reactive protein was higher in non-survivors than survivors (17 [8-25] vs. 13 [6-20],
p = 0.008), while serum lactate levels were similar. The median APACHE II score was
higher in non-survivors than in survivors (15 [11-17] vs. 12 [8-16], p < 0.001). A positive
SOFA was more frequent in non-survivors than in survivors (37.5% vs. 12.9%, p = 0.001).

We found no association between the type of pathogen identified by specimen cultures
and mortality. The most frequent bacterium identified through blood culture was E. coli
(38.1% of cases), followed by E. faecalis (6.2%) and S. aureus (5.1%). Negative blood cultures
were present in about 40% of cases (Table 3).
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Figure 1. Study flow chart.
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Table 2. Laboratory values and clinical scores.

Total
Alive Dead
Characteristic p-Value
N =425 N =360 N=6
White blood cell count 13 (10, 18) 13 (10, 18) 15 (10, 19) 0.4
Haemoglobin 12.10 (10.60, 13.80) 12.30 (10.90, 13.90) 11.40 (10.00, 12.60) 0.001
Neutrophiles 14 (9, 18) 14 (9, 18) 13 (8, 18) 0.5
Platelet count 204 (141, 260) 207 (142, 258) 191 (136, 267) 0.5
Glucose 163 (119, 277) 165 (119, 289) 153 (111, 204) 0.008
Bilirubin 0.96 (0.55, 1.61) 1.02 (0.58, 1.77) 0.75(0.47, 1.24) 0.011
Creatinine 1.51 (1.03, 2.13) 1.50 (1.03, 2.10) 1.67 (1.04, 2.36) 0.3
Serum sodium 136 (130, 140) 136 (129, 139) 140 (134, 146) <0.001
Serum potassium 4.20 (3.70, 4.70) 4.20 (3.70, 4.70) 4.20 (3.70, 4.90) 0.9
D-dimer 1124 (538, 2510) 1125 (568, 2523) 837 (493, 2081) 0.3
Fibrinogen 554 (424, 785) 555 (424, 800) 540 (407, 738) 0.4
C-reactive protein 13 (6, 21) 13 (6, 20) 17 (8, 25) 0.008
INR 1.34 (1.18, 1.83) 1.34 (1.18, 1.83) 1.34 (1.15,1.71) 0.5
Blood gas analysis
PaO2 83 (79, 104) 84 (79, 104) 80 (61, 90) 0.007
Pao2/FiO2 ratio 390 (367, 495) 395 (367, 495) 381 (286, 410) <0.001
Bicarbonate 22 (16, 27) 21 (14, 26) 25 (20, 29) <0.001
pH 7.44 (7.37,7.49) 7.44 (7.37,7.49) 7.41 (7.36,7.47) 0.14
Lactate 2.6(1.5,7.2) 2.6(1.5,7.8) 2.3(1.5,4.3) 0.4
Clinical scores
APACHE I 12.0 (9.0, 16.0) 12.0 (8.8, 16.0) 15.0 (11.0, 17.0) <0.001
SOFA score 2.00 (0.00, 4.00) 1.00 (0.00, 3.00) 3.00 (2.00, 5.00) <0.001
qSOFA score 0.00 (0.00, 1.00) 0.00 (0.00, 1.00) 1.00 (0.00, 1.00) <0.001
Need for vasopressors in ED 52.0 (12.2%) 35.0 (9.7%) 17.0 (26.2%) <0.001

Data are presented as frequency (percent) or median (IQR). APACHE-II = Acute Physiology and Chronic Health
Disease Classification System II. SOFA = Sequential Organ Failure Assessment score. qSOFA = quick Sequential
Organ Failure Assessment score. ED = emergency department.

Table 3. Blood culture and urinary culture microbiological data.

Blood Culture Urinary Culture
E. coli 38 (21.5%) 34 (21.7%)
C. albicans 0 5 (3.2%)
Enterobacteriaceae 3 (1.7%) 4 (2.5%)
K. pneumoniae 7(4%) 9 (5.7%)
E. faecalis 11 (6.2%) 7 (4.5%)
E. faecium 1(0.6%) 1 (0.6%)
P. mirabilis 4 (2.3%) 11 (7%)
P. aeruginosa 3 (1.7%) 3 (1.9%)
S. aureus 9 (5.1%) 2 (1.3%)
Contamination 13 (7.3%) 4 (2.5%)
Other 17 (9.6%) 2 (1.3%)
Negative results 71 (40.1%) 75 (47.8%)

E. coli was the most frequently identified pathogen for urinary cultures (21.7%), fol-
lowed by K. pneumoniae (5.7%).

The predictive performance of random forest, balanced logistic regression, unbalanced
logistic regression, and dummy classifier (reference model) is reported in Table 4.
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Table 4. Performance of random forest, balanced and unbalanced logistic regression, and simple
classifier as the baseline, in training and test set.

Model F1 F1 Precision Precision ACC ACC Recall Recall AUC AUC

Test Train Test Train Test Train Test Train Test Train
Dummy_strat 0.810 0.853 0.833 0.844 0.688 0.747 0.787 0.861 0.524 0.443
Dummy_strat * 0.858 0.834 0.847 0.842 0.758 0.721 0.870 0.825 0.414 0.506
LR 0.913 0.930 0.861 0.869 0.844 0.872 0.972 1.000 0.813 0.845
LR * 0.913 0.932 0.861 0.872 0.844 0.875 0.972 1.000 0.826 0.843
LR_balanced 0.856 0.932 0.925 0.943 0.773 0.886 0.796 0.921 0.811 0.881
LR_balanced * 0.866 0.930 0.935 0.943 0.789 0.882 0.806 0.917 0.818 0.893
RF 0.847 0.866 0.943 0.970 0.766 0.795 0.769 0.782 0.863 0.923
RF * 0.837 0.881 0.932 0.971 0.750 0.815 0.759 0.806 0.834 0914
SOFA 0.739 0.771 0.895 0.899 0.625 0.660 0.630 0.675 0.712 0.698
APACHE II 0.775 0.749 0.892 0.891 0.664 0.633 0.685 0.647 0.664 0.655
qSOFA 0.783 0.764 0.913 0.912 0.680 0.656 0.685 0.658 0.706 0.658

RF = random forest. LR = logistic regression, LR_Balanced = balanced logistic regression. Dummy_strat = dummy
stratifier (baseline comparison). SOFA = Sequential Organ Failure Assessment. APACHE-II = Acute Physiologic
Assessment and Chronic Health Evaluation. gSOFA = quick Sequential Organ Failure Assessment. Models with *
were trained on without the covariates SOFA and APACHE II scores.

All ML scores achieved a higher predictive performance after inclusion of SOFA and
APACHE-II scored as a feature. Random forest achieved higher discrimination power
(AUC 0.863) than balanced (AUC 0.811) or unbalanced (AUC 0.813) logistic regression, but
lower overall accuracy (0.76 vs. 0.77 vs. 0.84). Unbalanced logistic regression achieved
the highest F1 score, at the expense of a lower precision (0.87). Figure 2 reports feature
importance for random forest and logistic regression models.

APACHEII, gSOFA, and SOFA scores had lower sensitivity and discrimination ability
compared to both logistic and random forest models, but were superior compared to the
dummy classifier.

pit -J—

J— Model HCO3 Model hypertension Madel
m;ir: J— - ofa B | balanced glucose -
qslglf'; :— pa2 inotropes

e — neutraphil origin
bllirubpgé | S— RR APACHE Il
Emnﬁg — Potassium antibiotic_pre
H%gg I — RP sofa
guc:gsg :_ HR HR
sf:dm ] Sodium e
APMHE’T! age Sedium ! . . . . . . . ‘

T T
0.00 0.02 004

=1

T
0.06

Figure 2. Feature importance for random forest (left) and odds ratio for balanced (middle) and
unbalanced (right) logistic regression model.

4. Discussion

In this study, we confirmed that interpretable and scalable machine learning models
may outperform published qSOFA, APACHE II, and SOFA scores in identifying patients
at highest risk of mortality. We demonstrated that random forest achieved the highest
discriminative performance compared to standard statistical techniques such as balanced
and unbalanced logistic regression.

Our study population was composed of elderly and frail patients (median age 77
[IOR 69-83], with a median age in non-survivors of 83 [IQR 75-89]) and several baseline
comorbidities. Given the frailty of this population, mortality was high, reaching 15.3% in
the whole population, similarly to mortality reported in other studies on septic patients
admitted to the ED, resulting in higher sepsis mortality compared to other hospital pop-
ulations [10,31]. This is due to the specific characteristics of the ED patient population, a
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mixed group that includes very frail patients from long-term care facilities with a poor
physiological reserve and baseline prognosis. In contrast, the cohort of septic hospitalized
patients often includes younger patients and surgical patients, which are characterized by
lower baseline frailty [10].

The Acute Physiology and Chronic Health Evaluation II (APACHE 1II) and the Sequen-
tial Organ Assessment Score are among the most diffuse predictive scores for mortality, and
were used as a reference in this population [18,32]. The qSOFA, an early reduced version of
the SOFA score proposed by the Surviving Sepsis Campaign for screening purposes, was
also included as a comparison in the model. The SOFA score achieved an intermediate
discriminative performance (AUC= 0.712), which was slightly higher than the performance
of the APACHE II score (AUC = 0.647). The qSOFA score had an AUC of 0.706. qSOFA,
SOFA, and APACHE II were superior to the dummy classifier (a simple model which
classifies patients according to chance, and included as a reference only). In contrast, they
performed worse than logistic regression, balanced logistic regression, and random forest.
Random forest may thus represent a simple solution to approaching data in sepsis ED
patients, and outperforms standard statistical scores. Moreover, random forests are more
easily scalable than standard statistical techniques, as they do not rely on assumptions of
linearity between the log-odds of the outcomes and independent predictors, independency,
and multicollinearity, challenges that are common in EHR data, and which are used for
standard logistic regression techniques [33]. Random forests may further prove useful
in clinical setting, as they may be used in the pre-processing phase for imputation of
missing data. We adopted this method in the present study, and it again outperformed
standard imputation techniques. Moreover, in clinical situations, random forests retain
interpretability, an advantage over more complicated machine learning approaches such as
unsupervised or deep learning. On this point, a growing body of research emphasizes the
significance of explainable machine learning algorithms applied to the prediction of clinical
outcomes [34]. Lemariska-Perek et al. provide a two local-level explanation technique to aid
clinicians in the understanding of model prediction for a specific patient with sepsis [35].
Other methods, such as the use of heatmaps to allow interpretability of deep-learning
models by highlighting the most influential variables in temporal sequences, have also
been proposed [36].

Mortality in patients arriving at the ED from home was significantly lower in univariate
analysis than mortality in long-term care patients (10% vs. 48%, p < 0.001). As most of
our patients (about 3 out of 4 patients) arrived at the ED from home, they were exposed to
common community-acquired pathogens with low antibiotic resistance, compared to frail
populations. This, in turn, implied that the ED physician could apply guidelines for empiric
antibiotic treatment of community-acquired infections with satisfactory outcomes [37].

Age was significantly associated with mortality in both univariate analysis and ma-
chine learning models. Extreme age is a very well-known factor influencing survival in the
ED population. The median age in our population is higher than that in previous studies,
while mortality is comparable with that of the population [38,39]. Vorker et al., for example,
reported a population of ED patients with sepsis with a mean age of 69 and mortality of
23%, compared to the median age of 77 years (IQR 69-83) in our cohort, which reached
15% mortality [38].

Both hyponatremia and hypernatremia have been recognized as independent factors
for mortality in ED and critically ill patients [40,41]. In our results, the random forest model
and the balanced and unbalanced logistic regression identified levels of natremia as an
independent factor for mortality, confirming previous findings.

High heart rate (HR) and elevated C-reactive protein (CPR) levels were also found
to be associated with increased mortality, consistent with previous literature. Castilho
et al., for example, investigated whether heart rate variability (HRV) was a predictor of
mortality in septic patients. They found that several HRV parameters were reduced in
non-surviving septic patients [16]. Devran et al., in the same fashion, found that the risk of
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sepsis-related mortality appears to be increased when the third-day CRP value is greater
than 100 mg/dL [17].

A further interesting correlation emerged between blood glucose levels and mortality
during sepsis, reflecting the most current literature data. In a retrospective sub-analysis of
a multicenter, prospective cohort study, Kushimoto and colleagues investigated the impact
of blood glucose abnormalities on outcome and disease severity in patients with severe
sepsis. They found that hypoglycemia was related to increased severity and high mortality
in septic patients [42].

Gender did not influence survival in this population. Studies on hospitalized pa-
tients suggest gender influences mortality, and consider variations in the inflammatory
response according to patient gender. Patients coming to ED may be subjected to a shorter
ongoing inflammatory process than other hospitalized patients, which often present sys-
temic inflammation related to other conditions such as recent surgery or cancer [43]. The
prompt resolution of the infective noxa in the ED could allow a more rapid resolution of
the inflammatory process and reduce gender imbalances [44].

Serum lactate levels were only marginally elevated in this population, a finding that
may be related to the low proportion of septic shock (12%). Lactate is one of the most
significant markers in septic patients, particularly in septic shock [45]. An increase in lactate
is classically related to a shift toward anaerobic tissue metabolism in various types of shock,
but can also reflect other metabolic and hepatic clearance conditions [45].

Most patients in this cohort had at least one comorbidity. Cardiovascular disease,
COPD, and active cancer are all markers of increased mortality in septic patients presenting
to the ED [37]. Nonetheless, comorbidities alone are not a good proxy for patient frailty.
Accordingly, only unbalanced logistic regression retained hypertension as an independent
contributor for mortality, while balanced logistic and random forest included laboratory
data and vital parameters as independent predictors of mortality [30,33,37]. The most
represented sites of infection were the urinary tract (UTI, 31%) and the abdomen (33%).
These data are relevant to give a practical indication for the ED approach: since UTT in the
elderly can be asymptomatic, UTI as a sepsis site must always be suspected and excluded.
Similarly, we found no association between the type of micro-organism and mortality [37].
E. Coli, a common pathogen in the elderly population, was the most commonly identified
bacteria in both urinary and blood samples.

Limitations

This study has the limitation of an observational study. Some data were missing and
could not be retrieved, due to the lack of reporting within the electronic health record. We
performed analysis and imputation of missing data to reduce the influence of missingness.
Data were considered missing at random after visual analysis, while no formal analysis
of the type of missingness was performed. Patients included in this study relied on ICD
coding for the identification of EHR data, an approach with several limitations, including
suboptimal sensitivity and specificity in record retrieval. The total number of patients
retrieved in this study is not comparable to that ascribed to big data analysis. However,
it is comparable to previous studies on ML applied to ED [46]. In addition, as previously
demonstrated by our group, machine learning techniques can be used in settings where
big data are not yet available, with performance and reliability comparable to those of
standard statistical techniques [47]. Accordingly, machine learning can be a useful resource
for patient stratification and classification in an emergency setting and in smaller hospitals.
In this work, we opted for the random forest algorithm, which is described as one of the
most easily interpretable and scalable models available, and can be further increased by
special techniques such as aggressive subsampling. [48]. Due to the small sample size, we
were, however, unable to assess the scalability of our model within the present study.
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5. Conclusions

Random forest has good predictive performance in identifying septic patients at risk
of mortality in the emergency department, outperforming published predictive scores for
critically ill patients, and unbalanced logistic regression. Random forests may also be a
useful alternative in clinical settings since they retain interpretability, are more scalable than
conventional statistical techniques, and are more suitable for nonlinear EHR data because
they are dependent on fewer assumptions than logistic regression. Prospective studies on
the application of interpretable and scalable machine learning techniques are needed to
assess their role as clinical aids for the identification of patients, and to test whether their
real-time application can change patient prognosis.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/a16020076/s1, Figure S1: Heat maps of missing data by outcome;
Figure S2: Results of imputation of missing data by chained random forest; Table S1: Variables
included in study; File S1: Sepsis Criteria.
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