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Abstract

Background/objective: Sepsis remains without good outcome prediction. Technological
advances, specifically, natural language processing (NLP), has an opportunity to approach sepsis
mortality prediction in a novel way.

Methods: Using the MIMIC Il dataset, patients diagnosed with sepsis from 2008 to 2013 had
physician progress notes analyzed using NLP. Researchers utilized concepts from analysis to build
a model to predict for in-hospital-mortality, using notes in the first 24 hours of a patient admission.
This model was retrospectively validated on septic admissions to University of California Irvine
Medical Center (UCIMC) from 2013 to 2018 and compared to SOFA and qSOFA.

Results: An 80-concept model was developed and validated on 7117 admissions to UCIMC. For
severe sepsis, an Area Under Curve or AUC of 0.687 (95% CI 0.618-0.748) was demonstrated
which was greater than SOFA at 0.571 (0.497-0.643). Additionally, for simple sepsis the model
demonstrated an AUC of 0.696 (0.649-0.738) which was greater than gSOFA at 0.590 (0.545—
0.638).

Conclusions: Physician clinical judgement extracted from notes using NLP has greater
performance in predicting mortality and survival in sepsis compared to structured data used in
SOFA and qSOFA.
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1. Introduction

Sepsis, or severe infections, hospitalize millions of individuals yearly in the United States
[1-3]. Despite rapid advances in medicine to improve the outcomes and quality of life of
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individuals with numerous other pathologies, management of patients with sepsis remains a
challenge. A large proportion of individuals die despite best efforts [1-6].

Extensive efforts by many disciplines have focused on changing outcomes in this
pathology, including research for better treatments, earlier identification, and more accurate
mortality prediction. Mortality prediction has been a topic of much interest, with hopes
that early identification of individuals who may experience poor outcomes can lead to
closer monitoring, assessment of tissue perfusion, and appropriate timely antimicrobial
interventions [7,8]. The implementation of the Sequential Organ Failure Assessment or
SOFA score and its quicker counterpart, gSOFA seen in Fig. 1, were developed and
endorsed by the Society of Critical Care Medicine to do just this, and stratify patients for
risk of mortality with sepsis [9].

Unfortunately, SOFA and gSOFA have proven to have either poor utility for screening for
the outcomes they were intended to measure, or poor specificity [10-15]. Numerous studies
have also suggested that scores from these tools are too late to offer clinical utility, and
researchers have even demonstrated that significant modifications beyond the intended use
of these scores are required to have performance adequate for meaningful clinical use [4,16—
18].

Additionally, in the age of the electronic health record where data is more and more
accessible on a large scale for analysis, technologies such as machine learning and Natural
Language Processing or NLP have been leveraged to help improve early identification and
more accurate mortality prediction in patients with sepsis [19,20]. Application has mainly
focused on using structured data, including vital signs, lab values, and other physiological
parameters to develop models [21-24]. However focus on unstructured data such as notes,
has also been a focus of very recent research to reach the same end goals [19,20].

It is clear that there is much room for improvement in the clinical prediction of patient
outcomes, specifically with the use of unstructured data, which has the potential to positively
impact the care of many septic individuals.

Methods

Investigators sought out to create a novel scoring system for patients diagnosed with sepsis
using unstructured data from the first 24 hours of an admission to predict in-hospital
mortality.

Using the MIMIC Il dataset, composed of thousands of patients admitted to critical care
units at Beth Israel Deaconess Medical Center, adult patients with sepsis, with physician
progress notes, were used to model a scoring system [25]. These individuals from 2008 to
2013 were selected by ICD code for sepsis, at a time period when Sepsis-2 criteria were
used to make this diagnosis.

Unstructured data would be derived from clinician notes in the first 24 hours of an
admission. Using CLAMP, a Natural Language Processing tool leveraging validated
technologies such as OpenNLP and CRF, notes were converted into UMLS concepts
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[26]. For simplicity, no features such as negation or lab-value detection were used.

CLAMP utilizes best in class tools for NLP including OpenNLP, and CRF, with validated
performance across multiple corpora with precision of 92-96% and recall of 89-94%. This
tool also demonstrates greater performance when compared to other tools such as MetaMap
and cTAKES [26].

Concepts that demonstrated high strength combined with low to moderate frequency were
hypothesized to be most desireable for model use. To select concepts that had both these
qualities, investigators needed a surrogate for strength and frequency. For strength each
concept was statistically examined with respect to in-hospital-mortality by hazard ratios at

a 0.05 significance level and confidence interval. Only statistically significant concepts with
confidence intervals that did not cross 1, were used in further model development. Concepts
with intervals including 1 suggest no difference with respect to outcomes and therefore were
not used. Frequency was determined with the formula [(# of admissions with concept/total

# of admissions)]. Concepts that were present in all admissions at less than 50-percent
frequency were then used.

To select concepts, a simple decision tree was programmed to automatically evaluate
performance of different combined groups of concepts as seen in Fig. 2. Concepts if present
in an admission in the first 24 hours, and associated with a hazard ratio of greater 1 would
be given a positive-one score. A negative-one score for the presence of similar concepts
with hazard ratio less than 1 were accordingly assigned. These summative scores per
admission were evaluated at a greater than or equal to 0 cut-off for sensitivity [true positive/
(true positive + false negative)], specificity [true negative/(true negative + false positive)],
and accuracy [sensitivity x specificity]. An enforced minimum increase of half-a-percent

in accuracy per added concept was utilized to prevent the use of many very infrequent
concepts, which may lead to poor generalizability.

Subsequent combinations of concepts were sorted by sensitivity and combined until a
maximum number of admissions were scored while also maintaining a model with good
screening characteristics. Receiver operator curves (ROC) were evaluated for end models.
These end models would be compared to the ROC for SOFA, using the criteria seen in Fig.
1.

Automatically derived models were validated on 5 years of adult severe sepsis and septic
admissions to University of California Irvine Medical Center (UCIMC) from 2013 to
2018 by ICD code. Of note Sepsis-3 criteria were published in early 2016, however ICD
coding and billing was via Sepsis-2 criteria throughout the 5 year period. Models would be
compared to SOFA for severe sepsis admissions, and gSOFA, for simple sepsis.

Study activities were reviewed by the office of research, human research protections, and
provided institutional review board approval.

3. Results

Patient demographics can be seen in Table 1 for both MIMIC 111 and UCIMC data.
Demographics stratified by simple and severe sepsis can also be seen in this table. Of 1052
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admissions in MIMIC 111 data, all had available progress notes for evaluation in the first 24
hours. 79.3% of 8973 UCIMC admissions had available progress notes in the first 24 hours
to test subsequent models.

645 concepts were found from MIMIC to have statistically significant hazard ratios with a
95% confidence interval. An 80 concept model was discovered using the automated decision
tree in Fig. 2. Selected concepts with hazard ratios and frequency on MIMIC 111 data can be
seen in Table 2.

On MIMIC I11, the model demonstrated sensitivity of 93.2% (95% CI 90.2-96.1%) and
specificity of 39.2% (33.6-44.8%) using the specified cutoff of greater than or equal to 0.
Receiver Operating Curve or ROC can be seen in Fig. 3 and demonstrated an Area Under
Curve (AUC) of 0.783 (95% CI 0.707-0.854). This AUC was statistically greater (p < 0.001)
than that of SOFA at 0.604 (0.502-0.698) which can also be seen in Fig. 3.

Subsequently with validation on severe sepsis admissions to UCIMC, using the specified
cutoff of greater than or equal to 0, sensitivity was 88.3% (95% CI 85.6-90.0%) with
specificity of 29.0% (24.7-33.2%). A ROC AUC of 0.687 (95% CI 0.618-0.748) was
obtained. This was statistically greater than SOFA (p < 0.001) which demonstrated a ROC
AUC of 0.571 (0.497-0.643). Comparison of these ROC’s can be seen in Fig. 4.

With application of the NLP model to simple sepsis admissions, using the specified cutoff
of greater than or equal to 0, sensitivity was 86.0% (95% CI 84.0-88.1%) with specificity
of 32.2% (29.6-34.9%). A ROC AUC of 0.696 (95% CI 0.649-0.738) was revealed which
was statistically greater than gSOFA (p < 0.001) with a ROC AUC of 0.590 (0.545-0.638).
With a cutoff of >2 qSOFA had a sensitivity of 55.0% (95% CI 51.4-58.7%) and specificity
of 59.3% (57.2-61.3%). These ROC’s can also be seen in Fig. 4.

4. Discussion

Mortality prediction tools such as SOFA and gSOFA have demonstrated poor performance
for their intended use of screening and predicting mortality in sepsis [10-16,27]. This poor
performance has led to clinician frustration and research to find better approaches to screen
and stratify patients with severe infections [4,17,18,28].

Previous studies have demonstrated that the use of NLP extracted concepts can be utilized
to develop tools to predict the presence of sepsis with good performance in combination
with other structured forms of data [19,20,23]. Other models have been built and validated
to perform the same task using solely structured forms of data [21-24]. However, this study
was the first to utilize only unstructured concepts from physician progress notes to develop
a validated in-hospital-mortality outcome screening tool with head to head comparison to
SOFA and qSOFA.

Utilizing only unstructured data in the tool described previously and its comparison to
existing scoring systems utilizing structured data allows three major conclusions to be made.
First, attention is drawn to the power of clinical judgement in predicting patient outcomes
and its relative performance to quantitative measures of clinical condition such as lab values
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and vital signs. Second, isolation of data types emphasizes the timeliness of unstructured
data in providing prediction in patient outcomes compared to structured data. Finally, the
statistically significant elements that make up clinical judgment can be elucidated, bringing
insight into physicians’ processes in coming to conclusions on patient condition.

Unlike other studies with unelucidated machine learning models only available to the
researchers who produced them, this study presents a reproducible model. The positive-one,
negative-one scoring system based on the presence of a given concept per admission
derived from CLAMP, an accessible NLP tool that is easy to use, allows for application

of the developed model and further research. Particular weight to different concepts was
not undertaken for simplicity, however hazard ratios and frequencies outlined in Table 2
provide a foundation for further research to determine if weighting of concepts increases
performance.

The observed performance of the 80 concept model may be argued as requiring

further refinement before clinical use. However, existing previously mentioned tools have
demonstrated much worse performance in studies which has again been elucidated in this
study [10-14,16,27]. Additionally, the timely results provided by the model, within 24 hours
of a patient admission, may allow for earlier identification of patients who may require more
intensive intervention.

Documented labs, events, physical exam findings, diagnoses, and treatments used in the end
model highlight the wealth of information in unstructured electronic health care data that can
be leveraged to predict patient outcomes. Also, individual, statistically significant, observed
hazard ratios from MIMIC |11 data were consistent with described literature on sepsis. For
example, comorbidities and organ failure, known to be associated with poor outcomes,

were found in this study to be associated with in-hospital-mortality [6,29-31]. The concept
of fluid overload and its association with in-hospital-mortality was consistent with recent
research demonstrating the importance of guided fluid resuscitation [32—-35]. Concepts with
reference to influenza vaccination and stress ulcer prophylaxis found to be associated with
survival-to-discharge, reflect available evidence as well [36—40].

However, other identified statistically significant concepts were more surprising.
Interestingly, the majority of concepts referring to physical exam findings utilized in the end
model were associated with survival-todischarge while lab results were mostly associated
with in-hospital-mortality. It is unclear how to interpret these findings, and further research
will be required to elucidate if any conclusions can be drawn from this trend and reach a
greater understanding of the important elements of clinical judgment.

It is important to note that there are a number of limitations to research findings. First, the
retrospective design of the study limits generalizability. Additionally, the NLP derived model
was used to predict outcomes in those already diagnosed with sepsis, not the presence of
sepsis.

Use of ICD code to identify patients may have an unknown impact on findings. Literature
has suggested that there may be differences between clinical sepsis and coding data [2,41].
Further, transition of Sepsis-2 definitions used during the study period to Sepsis-3 may
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confound results. Future application of the system above may elucidate if these changes
have a meaningful impact.

It is not known the impact of including structured data in combination with unstructured
data, which was not the intent of this study. The findings presented above show the utility
of unstructured data, an expression of clinical judgement, and its ability to outperform
structured data in mortality prediction in sepsis. Further research combining both data types
is warranted to assess further improvements that can be made.

Written physician language and documentation is complex, with different words reflecting
the same meaning. Accordingly, investigators hypothesize that different, yet related concepts
from the identified model could also be used to attain similar performance for mortality
screening in sepsis.

Because CLAMP has been validated in prior studies, performance was not assessed.
Additional research will have to be conducted to determine if utilization of a larger feature
set, for example negation, can further improve model performance.

Application of SOFA was intended to be used in Intensive Care Unit or ICU environments,
while gSOFA outside of the ICU. Investigators did not have access to level of care data

for UCIMC data, so the decision to use simple and severe sepsis definitions for application
of relative scoring systems was used. This decision was unlikely to impact performance of
gqSOFA results, as it was likely none or few ICU admissions were in this cohort. However,
it was possible that non-ICU admissions were included in patients with severe sepsis and
SOFA performance could be affected.

Although the developed model may facilitate early identification of patients who may
experience in-hospital-mortality, interventions to prevent this negative outcome are still
being actively researched [7,8,35,42-44]. Finally, the impact of clinician knowledge on
statistically significant concepts may influence documentation behaviors and impact future
performance and model application.

5. Conclusions

An 80 concept validated model based only on NLP derived concepts in physician progress
notes, has improved performance to SOFA and gSOFA in predicting mortality and survival
in sepsis within 24 hours of patient admission. Concepts expressed in physician progress
notes serve as the foundation of the proposed model, emphasizing the importance of
documented clinical judgement in the electronic health record.
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meg/kg/min OR 15 meg/kg/min meg/kg/min OR

Dobutamine  OR Epi/ Epi / Norepi >
any dose Norepi <0.1 0.1 mcg/kg/min
mcg/kg/min
Nervous (CGS) 15 14-13 12-10 9-6 <6
Hepatic (Bili) <1.2 12-19 20-59 6.0-11.9 >12
Coagulation (Plts) > 149 149 - 100 99 - 50 49 - 20 <20
Renal (Cr) <1.2 1.2-19 20-34 35-49 >5.0
qSOFA
Value Score
Glascow Coma Scale <13 +1
Respiratory Rate =22 +1
Systolic Blood Pressure <100 +1
Fig. 1.
SOFA and qSOFA.
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Fig. 2.
Decision tree.

Note: Concept lists were ordered by strength of hazard ratio. One concept with hazard ratio
>1 and one concept with hazard ratio <1 were used at each start. Initial seeded concepts in
successful end models were not reused.
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Fig. 3.

MIMIC I11 ROC curve - NLP and SOFA.
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Fig. 4.
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UCIMC ROC Curve - NLP vs SOFA / qSOFA for Severe and Simple Sepsis
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Table 1
Patient demographics.
MIMICIII  UCIMC Severesepsis  Simple sepsis
demographics
Admissions (n) 1052 7117 2174 4943
males 56.8% 52.4% 52.9% 52.1%
females 43.2% 47.6% 47.1% 47.9%
age (y/o & std dev) 64.2(17.3) 58.9(18.4) 60.3(18.0)  58.2(18.6)
mortality 26.9% 27.6% 30.2% 26.5%
caucasian 76.3% 40.1% 40.4% 40.0%
latino 3.6% 33.9% 34.1% 33.7%
asian 3.0% 13.9% 13.5% 14.1%
african american 10.7% 3.1% 3.3% 3.1%
other 6.4% 9.0% 8.7% 9.1%
comorbidities
hypertension 31.8% 56.6% 58.9% 55.6%
diabetes 20.1% 32.8% 32.9% 32.7%
hyperlipidemia 17.5% 17.0% 17.1% 17.0%
coronary artery disease  16.0% 15.1% 16.3% 14.6%
atrial fibrillation 27.3% 14.6% 15.8% 14.0%
end stage renal disease  9.2% 13.7% 13.0% 13.9%
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