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ABSTRACT

Background: The continuation of life-sustaining therapy in critical care patients with anoxic-ischemic disorders
of consciousness (AI-DOC) depends on prognostic tests such as serum neuron-specific enolase (NSE) con-
centration levels.

Objectives: To apply predictive models using machine learning methods to examine, one year after onset, the
prognostic power of serial measurements of NSE in patients with AI-DOC. To compare the discriminative ac-
curacy of this method to both standard single-day, absolute, and difference-between-days, relative NSE levels.
Methods: Classification algorithms were implemented and K-nearest neighbours (KNN) imputation was used to
avoid complete case elimination of patients with missing NSE values. Non-imputed measurements from Day 0 to
Day 6 were used for single day and difference-between-days.

Results: The naive Bayes classifier on imputed serial NSE measurements returned an AUC of (0.81 + 0.07) for
n = 126 patients (100 poor outcome). This was greater than logistic regression (0.73 + 0.08) and all other
classifiers. Naive Bayes gave a specificity and sensitivity of 96% and 49%, respectively, for an (uncalibrated)
probability decision threshold of 90%. The maximum AUC for a single day was Day 3 (0.75) for a subset of n = 79
(61 poor outcome) patients, and for differences between Day 1 and Day 4 (0.81) for a subset of n = 46 (39 poor
outcome) patients.

Conclusion: Imputation avoided the elimination of patients with missing data and naive Bayes outperformed all
other classifiers. Machine learning algorithms could detect automatically discriminatory features and the overall
predictive power increased from standard methods due to the larger data set.

Code availability: Data analysis code is available under GNU at: https://github.com/emilymuller1991/outcome_
prediction_nse.

1. Introduction

vegetative state (VS; also known as unresponsive wakefulness syn-
drome; UWS), and minimally conscious state (MCS) [5]. Current

The global' incidence of cardiac arrests (CA) is estimated to be 60/
100,000 person-years [1]. Although immediate cardiopulmonary re-
suscitation (CPR) can be life-saving in CA cases [2], CA survivors may
present an anoxic-ischemic encephalopathy (AIE) after successful CPR
[3]. AIE may lead to a syndrome that falls within the spectrum of severe
disorders of consciousness (DOC) [4]. DOC can be considered to form a
continuum of altered states of consciousness that consists of coma,

guidelines recommend running prognostic tests as early as possible
after CA in order to predict clinical outcome when confronted with
unresponsive hypoxic patients that can be classified as AIE/DOC.
Clinical outcome is usually assessed with brief single-item clinical
scales such as the Cerebral Performance Category (CPC) [4,6]. The
objective of prognostic tests is primarily to determine the likelihood of a
poor global clinical outcome [7]. According to the American Academy
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of Neurology (AAN) a poor outcome can be defined as death, persistent
unresponsiveness or a severe disability that requires full-time nursing
care [7]. Based on the results of prognostic tests, clinicians, especially
critical care specialists, decide whether to continue or discontinue life-
sustaining therapy. However, the process leading to such a decision
may be based on misdiagnosis or inaccurate prognosis [8]. Prognosis
can be inaccurate due to a biased interpretation of clinical data that
produces falsely pessimistic predictions. Therefore, current research is
directing its attention to increasing the predictive value of tests based
on biological rather than behavioural parameters in order to reduce
human error in prognostication and diagnosis. The present study is part
of this ongoing clinical effort.

Neuron-specific enolase (NSE) is one important biological marker of
severe brain injury. NSE is the dominant enolase-isoenzyme found al-
most exclusively in neurons and neuroendocrine cells [9]. Serum NSE
concentration levels can be considered to be directly proportional to the
extent of brain damage caused by conditions such as cerebral ischeamia
[10]. Due to this fact and also to its associated low cost, serum NSE
concentration level is often used as a prognostic parameter [11]. In
2006, the AAN recommended a cut-off value of more than 33ug/L of
serum NSE, 1-3 days after CA, to predict poor outcome. Multiple stu-
dies have proved the prognostic value of this enzyme biomarker
[9,12-14] and on-going research continues to report NSE cut-off values
that aim to minimise inaccurate prognosis (false positives) [15-17].
Reported values range from as low as 8.8ug/L [18] to 90ug/L [15]. This
wide range can be attributed to variability in measurement equipment
and sample handling [15,19,20], differences in the definition of out-
come and moment of outcome [21] and methodological issues re-
garding the heterogeneity of patient samples [22]. Such variability for a
single day cut-off can be interpreted as indicating that research on NSE
as a prognostic parameter should: (i) examine an alternative to cut-off
values that consider the relative changes in NSE values over time
[13,16,23], and (ii) attempt to build data-driven predictive models that
provide probabilistic outputs of poor outcome whilst accounting for
confounding variables [24].

The present study examines the use of machine learning classifica-
tion algorithms in building predictive models of poor outcome given
serial NSE measurements.

1.1. Clinical prediction models

Prediction models may assist clinical decision making by providing
estimates of the individuals probability of risk [24]. For example, pre-
dictive models that include attributes collected at admission to multiple
study centres have been built for traumatic brain injury from a cohort of
over 8,000 patients, with external validation on 6,681 patients [25].
Despite their potential impact and increasing interest [24], clinical
prediction models are rarely implemented by clinicians. This is due in
part to the highly demanding statistical analysis required, but also due
to issues related to accuracy and generalisability, as well as to internal
and external model validity [26,27]. For instance, although the Fra-
mingham coronary heart disease (CHD) risk score is a widely used
clinical prediction model, it was found that it overestimates risk in
Asian populations five-fold [26]. Thus, the CHD risk score was recali-
brated to account for risk prevalence in Asian populations [28]. The
present study is limited to only internal validation.

1.2. Classification algorithms

The detection of patterns in serial NSE levels for the prediction of
poor neurological outcome is a supervised classification task [29].
Within supervised learning the true class label of the dataset used for
training is known, and parameter estimation is performed iteratively,
subject to minimising an error function; a function of the actual and
predicted class. Classification methods include, but are not limited to,
logistic regression, support vector machines, nearest neighbours
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clustering and naive Bayes classification [29]. Artificial neural net-
works and decision trees have not been included due to lack of para-
meter convergence.

A calibrated classifier provides the likelihood of risk,
P (outcomelvariables), and the decision cut-off can be clinically assessed
depending on the cost-benefit of true and false positives. Extracting
relevant information from the variables and assessing which variables
to include in the model is called feature extraction and selection. For
large patient datasets, including many of the potential confounding
variables may increase the predictive power. However, with small da-
tasets, this partitions the dataset and reduces predictive power.
Therefore, the average likelihood over all patient variables,
P (outcomelserial NSE) = ). P(outcomelvariables;,serial NSE), for each
patient i is considered.

1.2.1. Machine learning classifiers

1.2.1.1. Logistic regression. Logistic regression allows for a binary
classification of data using a logistic function. Over-fitting may be
problematic when there are extreme outliers within a dataset which can
result in poor predictive generalisation for previously unseen patient
data [30]. Logistic regression has previously been implemented for
multivariate analysis in predicting poor neurological outcome
[13,17,31]. These studies typically include an NSE variable as well as
demographic and clinical variables, such as out-of-hospital (OHCA) or
in-hospital cardiac arrest (IHCA). A previous study reported that a
change of >2mg/L in serum NSE concentration occurring between 24
and 48h [16] had a strong correlation with poor outcome (odds ratio
9.8, CI 3.5-27.7). Although logistic regression does provide useful
information regarding the effects of each variable in the model, the task
in predictive modelling is primarily an estimation problem [24]. The
predictive power of a set of classification algorithms are thus examined
here.

1.2.1.2. Support vector machines. Linear support vector machines
(SVMs) define a straight line decision boundary in feature space. The
decision boundary separates each class, subject to minimising the
misclassification rate and maximising the margin. The margin is the
distance from the decision boundary to the closest point. SVMs exploit
good generalisability and global convergence [29]. Kernel SVMs allow
for non-linear decision boundaries and further include pairwise
similarities between variables [30].

1.2.1.3. k nearest neighbours. The k nearest neighbours (KNN)
algorithm classifies each patient based on the majority class
membership of their k nearest neighbours within a feature space, k
typically being a small integer. Euclidean distance is a commonly used
distance metric though this can vary depending on the feature space
[29].

1.2.1.4. Naive bayes classifiers. A naive Bayes classifier aims to
maximise the likelihood of the posterior distribution,
P (NSEloutcome), assumed to be independent for each NSE variable.

Discriminative accuracy of multiple biomarkers in children with and
without traumatic brain injury have been reported with a sensitivity
and specificity of 87% and 90%, respectively, using linear, nearest
neighbours and tree classification [32]. SVMs have been widely used to
identify imaging biomarkers (mostly structural and functional MRI) for
diagnosis and prognosis of neurological disorders [33], with 100% ac-
curacy reported in two studies. Another study has analysed survival
after OHCA, using six different machine learning algorithms and has
reported arrival time, witnessed arrest, bystander CPR, initial Et CO,
and final Et CO, to be predictive (>80% accuracy) [34]. In a study for
the prediction of vegetative state coma, classifiers such as support
vector machines, nearest neighbours and naive bayes have returned
accuracies greater than 80% using multiple variable inputs such as age,
sex and the need for a feeding tube [35].
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1.3. Missing data

Missing data are a challenge in making clinical predictions.
Common practice in statistical analysis is to remove patients with
missing data: complete case analysis. This can lead to inefficient ana-
lysis and selection bias [24]. For example, if obtaining data from pa-
tients closer to brain death becomes more difficult, then data is missing
not at random (MNAR); it is dependent on observed and unobserved
variables. Simply removing these patients (complete case analysis)
leads to selection bias. If missing data appears to be unrelated to un-
observed and observed variables, then the data is missing completely at
random (MCAR), for example, due to administrative errors. This as-
sumption can be tested, by way of measuring significant differences in
other variables for patients with missing and non-missing data. Per-
forming a complete case analysis under MCAR assumes statistical in-
ference to the population. Missing data dependent on observed vari-
ables only, is defined as missing at random (MAR). This may be for
example, if a patient had a low recording one day then sequential days
were not measured again. Under this assumption, the sample can no
longer be assumed to be representative of the population and per-
forming a complete case analysis will introduce bias. Various im-
putation methods are appropriate to reduce this bias. Imputation
methods include conditional mean (CM) imputation: replacing a missing
value with a mean conditioned on other variables, single imputation
(SI): replacing a missing value with a draw from a predictive dis-
tribution, multiple imputation (MI): replacing a missing value with a
random draw from predictive distribution multiple times [36]. Whilst
MCAR can be tested, MAR cannot, and therefore MNAR remains a
possibility [24]. This is because there is no way of testing if the data is
dependent on unobserved variables. Given the assumption of MAR, it
is important to test if the distribution of the imputed data is reflective
of the available data. Several approaches exist, however, there is no
gold standard to handling missing data [37]. MI methods, including
joint modelling (e.g. multivariate normal distribution) and fully con-
ditional specification (e.g. assume univariate distribution) [38], are
often preferred since they account for variance in the data. However,
there is no gold standard, and the data discussed within this work does
not parameterise well and should not be considered as univariate
(given the time series nature). Thus the conditional mean KNN im-
putation” is explored.

1.3.1. KNN CM imputation

KNN imputation accounts for the correlation amongst patients by
applying mean imputation for patients with a similar average dis-
tribution [39]. Similarity between patients is defined by the average
difference in value over each variable. For a given patient, i, a pre-
determined number, K, of patients, creates a subset which minimises
the similarity measure. The mean of the subset for each variable is then
imputed for each missing value of patient i. In this study a KNN im-
putation method was adopted, since this method incorporates the dis-
tribution of each class without having access to the class labels (as is
required in single/multiple imputation [24]). This allows the imputa-
tion of testing data, which is blind to class labels, and provides more
clinically relevant results, given that within a clinical setting there may
often be missing data.

1.4. Present study objective

This study analyses neuron specific-enolase (NSE) data obtained
from a multi-centre observational prospective cohort study [3] in order

2 Principally, KNN method the same as for classification with a different ob-
jective: imputation.

3 Note here that K is the parameter for imputation which is different from k
which is a parameter for classification.
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to propose a novel method to examine its value as a predictor* of poor
neurological outcome in CA survivors with AIE/DOC. Unlike most NSE
studies to date, in an attempt to increase the ecological validity of the
findings, the serial NSE data analysed is not limited to the first three
days after onset. As explained above, missing data are a challenge and
to avoid elimination of patients with missing data, conditional mean
KNN imputation was implemented. Imputation allows for all of the
available data to be used and therefore the most informed predictive
model to be built, subject to eliminating bias. The predictive power of
serial NSE measurements is assessed using machine learning classifi-
cation algorithms and the results are compared to the standard single
day and difference-between day methods. To the authors’ knowledge,
this is the first study to implement classification algorithms on serial
NSE measurements to predict the probability of poor neurological
outcome.

2. Method
2.1. Selection of participant sample

Patient data in the present study was collected prospectively within
the framework of research project “Hypoxia and Outcome Prediction in
Early-Stage Coma (HOPE)”, an ongoing longitudinal, multi-centre, ob-
servational study [3]. After obtaining approval of the ethics committee
of the University of Munich, unresponsive patients (Glasgow Coma
Scale total score < 9) meeting inclusion and exclusion criteria were
selected at seven different intensive care units (ICU) in Southern Ger-
many, 3-14 days after IHCA or OHCA between November 2014 and
December 2017. After discharge from the ICU, data collection con-
tinued during inpatient neurorehabilitation and ended 1 year after
onset. For more information on project HOPE, the reader is referred to a
detailed study protocol published elsewhere [3].

2.2. Measurement of serum NSE

Blood sampling for the measurement of NSE was carried out at the
discretion of treating physicians. Samples were drawn after admission
(day 0) and on subsequent mornings at approximately 6am as part of
the daily routine. Therefore, values from day 1 were drawn 6 h-30 h
after CA, for day 2, 30 h-54 h after CA and so on. NSE measurements
were performed at irregular intervals for each patient, with a median of
3 measurements within the first 18 days. NSE values were not blinded
to treating physicians and were used as part of a multimodal prognostic
approach.

2.3. Assessment of outcome

Neurological outcome was assessed 1 year after onset with the
Clinical Performance Category (CPC). The scale classifies patients into
the following categories: dead (CPC 5), vegetative state (CPC 4), severe
disability (CPC 3), moderate disability (CPC 2) and good recovery (CPC
1). Furthermore, patients with a CPC value of 1 or 2 can be classified as
having a good outcome, whereas patients with CPC 3 or 5 can be
classified as having a poor outcome. This dichotomisation has been
employed in numerous NSE prognostic studies [13,15,17,18,23]. For
patients with a missing CPC value 1 year after onset, the method of last
observation carried forward (LOCF) was employed, from month 9,
month 6 or month 3 [37].

2.4. Additional patient variables

Demographic and clinical variables were also collected in addition

4 A note on terminology: predictor and feature are equivalent, the former
used in the context of statistics and the latter in machine learning.
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to NSE predictor variables and outcome variables.
2.5. Statistical analysis

The baseline characteristics of patients with missing and non-
missing data were tested to determine whether data was MCAR [24].
Baseline characteristic variables also contained missing values. Patients
with missing values in baseline characteristic variables were removed
from tests under the assumption of MCAR. y? and Mann Whitney uni-
variate tests were used to test the difference in distribution between
missing and non-missing patient data for categorical and continuous
baseline characteristics. Complete case and conditional mean imputa-
tion were applied to outcome and predictor variables respectively. CM
KNN imputation was performed using the fancyimputer.KNN function in
python, a dependency of the cvxpy module. The following prediction
models were implemented: Gaussian naive Bayes, linear support vector
machine, kNN and logistic regression using scikit.learn v2.0 in Python
v3.4. An ensemble method was implemented using all four algorithms.
Model parameter optimisation was implemented using GridSearchCV.
The distance measure used for kNN is the standard euclidean distance
which gives an equal weight to relative differences. Other free para-
meters are K, the number of neighbours to include when performing
KNN imputation, and the days to include. After KNN imputation, days
which had a significant difference in class distribution to the original
data were removed. K was tested iteratively and was selected based on
maximising the AUC. Discriminatory accuracy of each model is in-
dicated by the area under the receiver operator curve (AUC). The AUC
was calculated using a 5-fold cross validation method. This method
splits the good and poor patient predictor data proportionally into 5
equal sized sets. One set is used for validation and the others are used
for training. This is repeated for each of the other disjoint sets. The
average AUC and standard deviation of all 5 folds is reported. Jouden
sensitivity and specificity are reported and sensitivity is reported for
specificity >95%. Isotonic and sigmoid calibration were applied to im-
prove the reliability of the probabilistic output as a risk score. The Brier
Loss Score, ranging from O to 1, is reported as a measure of calibration,
with lower values indicating better calibration.

3. Results
3.1. Sample description

The data of a total of 143 patients (mean age at onset = 63 + 13
years; 107 males, 36 females) were analysed for the present study. As

shown in Table 1, a good outcome was observed in 21% of all patients

Table 1
Patient characteristics.

Patient Characteristics ~ CPC-Based Clinical Outcome

Good n = 26 Poor n = 100 No Outcome n = 17
Onset Age in years 61.4 + 12.8 63.5 + 13.4 60.7 + 15.3
Gender Male/Fem 22/4 75/25 10/7
Number of Deaths 0 72 0
MTH No/Yes 4/15 (7) 28/47 (25) 10/3 (4)
IHCA No/Yes 16/7 (3) 67/25 (8) 11/4 (2)
Shockable No/Yes 7/11 (8) 51/30 (19) 11/2 (4)
Rehabilitation in days 64.3 + 47.5 76.3 + 59.1 a7
(15) (63)
Acute Care in days 28.6 + 20.1 26.3 + 19.1 26.2 +20.9 (12)
12) (55)
CPR Duration in mins 19.5 + 14.2 25.6 + 18.3 7.4 + 8.4 (11)
13) (52)

MTH = mild therapeutic hypothermia.

IHCA = In-hospital cardiac arrest.

CPR = Cardiopulmonary resuscitation.

Number of patients with missing variables in parenthesis.
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Table 2
p-values from significant difference y? and Mann-Whitney tests for patient
characteristics.

Patient Characteristics p-values

Good vs. Poor Missing vs. Non-missing

Onset Age in years 0.18 0.29
Gender Male/Fem 0.44 0.32
Number of Deaths NA NA

MTH No/Yes 0.29 0.10
In-hospital CA No/Yes 0.96 0.83
Shockable No/Yes 0.11 0.13
Rehabilitation in days 0.26 NA

Acute Care in days 0.50 0.36
CPR Duration 0.41 0.07

(n = 26), and a poor outcome in 79% of the cases at follow-up. As shown
in Table 2, the good and poor outcome subgroups did not differ sig-
nificantly in their demographic and clinical characteristics.

3.2. Outcome missing data

24% of the patients have a missing outcome at one year. Of which
0.7% are also missing at 9 months, 1.4% at 6 months and 10% at month 3.
The LOCF approach produces a similar result as the approach of
choosing the best outcome over the entire assessment period as used in
other studies [12,13,18] (2 patients change from poor to good). y? and
Mann Whitney tests for gender, mild therapeutic hypothermia, cardiac
arrest location (IHCA/OHCA), shockable rhythm and acute care dura-
tion did not return a significant difference between patients with non-
missing and missing outcome (see Table 2). All patients with missing
outcome have no recorded date of death and no recorded rehab dura-
tion (as is the case with 43% and 62%, respectively of non-missing
outcome patients). CPR duration trends towards significance (p = 0.07)
with missing data patients having a longer CPR time. Duration of CPR
has been shown to be associated with good patient outcome [40]. A
complete case analysis was made by removing all patients with missing
outcome class to prevent imputation compromising the prediction
model [24]. This approach reduces the power as a result of a smaller
sample size, however, it avoids bias from imputation, under the as-
sumption of MCAR. Therefore, 12% of patients with no outcome as-
sessment have been excluded from the analysis.

3.3. Predictor missing data

Patient NSE measurements increase in sparsity over 219 days. All
days with less than 2 patients having NSE concentration measured were
removed. The resulting data includes serial days from O to 18. Eighty
percent of the serial NSE data was found to be missing. The number of
non-missing data entries for each predictor is shown in Table 3.

The Mann Whitney test for the number of missing entries against
outcome class did not return a significant difference (p = 0.26) in-
dicating that missing NSE values are not dependent on the patient
outcome. The KNN imputed distribution for poor outcome was sig-
nificantly different from the original data for only day 17 and 18
(p = 0.03, 0.04, respectively), see Fig. 1 (for K = 10). Good outcome
had no recorded observation for day 11,12,13,16 (Table 3) and otherwise
had no significant difference in distribution for predictors. This is true
for all K. Imputed predictor data from day 1 to day 16 were included,
with K a free parameter of the predictive model.

3.4. Predictive modelling
Each prediction model had input data imputed using K, from K = 1

to K = 26 (size of good outcome class) number of neighbours, and the
resulting AUC was recorded. K = 9 neighbours maximised the AUC for
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Table 3
Number of non-missing data for predictors and percentage difference in NSE
distribution for each outcome class.

Predictor Number of Non-Missing Values % difference between
Poor Outcome Good Outcome Good and Poor outcome
NSE Day 0 25 5 8.6
NSE Day 1 64 14 18.8
NSE Day 2 65 16 66.9
NSE Day 3 61 18 79.3
NSE Day 4 45 12 72.9
NSE Day 5 30 4 66.2
NSE Day 6 18 5 71.0
NSE Day 7 15 5 39.6
NSE Day 8 8 1 20.7
NSE Day 9 11 5 35.0
NSE Day 10 12 3 30.9
NSE Day 11 9 0 -
NSE Day 12 4 0 -
NSE Day 13 4 0 -
NSE Day 14 5 1 12.5
NSE Day 15 5 1 119
NSE Day 16 3 0 -
NSE Day 17 3 1 28.7
NSE Day 18 1 1 45.5

all algorithms (all being above AUC= 0.7) (see Fig. 2).

The naive Bayes classifier had the best performance (AUC
0.81 + 0.07), followed by a nearest neighbours classifier (k = 12, AUC
0.79 + 0.12), a linear SVM (AUC 0.74 + 0.07) and logistic regression
(AUC0.73 + 0.08) (see Table 4). The AUC for nearest neighbours ranged
from 0.62 to 0.73 for k = 1 to k = 16 with a global maximum of 0.79 for
k =12 and a local maximum of 0.77 at k = 6. An ensemble method
using all four algorithms, with double weight for kNN and naive Bayes,
returned an AUC of 0.83 + 0.10.

For comparison, results for discriminatory accuracy of day 0 to day
6 absolute and differences in NSE values were calculated (see Table 5)
for all patients with non-missing values. Day 3 had the greatest AUC for
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a single day (0.75) and the greatest AUC for differences between days
occurs from day 5 to day 6 (0.91) and day 1 to day 4 (0.81). Each AUC
metric analysed a subset of n =79, n = 46 and n = 13 patients, re-
spectively.

The predicted probability output from the naive Bayes classifier
versus the NSE day 3 serum concentration has been plotted (for those
patients who had recordings) along with the corresponding 95% speci-
ficity thresholds, as shown in Fig. 3. Both thresholds successfully avoid
falsely pessimistic predictions.

All uncalibrated models had a sensitivity >0.4 for a specificity >0.95.
The associated thresholds for each of these values are uncalibrated
probability estimates. The calibration plots in Fig. 4 show how well
each model is calibrated.

A well calibrated model should predict probabilities close to the true
probability observed in the data. While naive Bayes had the highest
AUC it was also least calibrated with the highest brier loss score of 0.39.
Isotonic and sigmoid calibration improved the calibration score to 0.15
and 0.14, respectively. The corresponding AUCs for each naive Bayes
calibration are (0.77 + 0.07) and (0.79 + 0.07) (see Figs. 5 and 6).

Calibration improved the brier loss score by a maximum of 0.04 for
logistic regression (from 0.19) and 0.01 for linear SVM (from 0.16) and
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Fig. 1. 95% confidence intervals for difference in distribution of KNN imputed variables and observed data.
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Table 4
Performance measures for predictive models. Area under the receiver operator curve (AUC). Youden index is sensitivity + specificity — 1. >95% specificity for poor
outcome.
Model AUC Max Youden >95% Specificity
Sensitivity Specificity Sensitivity Specificity
Nearest Neighbours 0.79 + 0.12 0.57 0.88 0.45 0.96
Linear SVM 0.74 + 0.07 0.51 0.92 0.45 0.96
Naive Bayes 0.81 + 0.07 0.56 0.92 0.49 0.96
Isotonic 0.77 £ 0.07 0.54 0.92 0.00 1.00
Sigmoid 0.79 + 0.07 0.57 0.88 0.40 1.00
LogRes 0.73 + 0.08 0.56 0.96 0.56 0.96
Ensemble 0.83 + 0.10 0.73 0.88 0.42 0.96
Table 5 10
AUCs for absolute NSE values and difference between days for Day 0 to Day 6.
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did not change the brier loss score for nearest neighbours (0.14). For
the naive Bayes classifier with sigmoid calibration, a cut-off probability
of 90% had a specificity of 96% and sensitivity of 49%. This is comparable
to NSE Day 3 as a predictor.

4. Discussion

This work compared a number of different machine learning
methods to classify patients based on KNN-imputed serial NSE mea-
surements and further compared these to single day and relative days
AUCs. The naive Bayes classifier learned the best model for dis-
criminating between good and poor patient outcomes. It outperformed
logistic regression, the statistical gold standard for modelling catego-
rical outcomes.

A previous study, based on a different set of features, also found that
naive Bayes outperformed other classification algorithms [35]. A
Gaussian naive Bayes classifier assumes each predictor is independent
and parameterised by a Gaussian distribution with class dependent
mean and variance. The optimal performance of a naive Bayes classi-
fier, despite highly correlated features, has been proposed to arise from
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dependencies cancelling each other out amongst features [41]. In
contrast, naive Bayes has been shown to consistently perform worse
than SVMs, logistic regression and kNNs over a set of 11 binary clas-
sification problems. In this work, the test sets were between 2 and 7
times larger than the training set, suggesting the optimality of naive
Bayes is reduced for larger external validation sets. This raises the
important concern of model over-fitting. Model over-fitting has been
addressed where possible; by implementing 5-fold cross-validation and
optimising k neighbours in kNN classification. However, the ultimate
test will be on larger external patient datasets.

The same study has shown SVMs to outperform logistic regression,
kNNs and naive Bayes. The superior performance of SVMs are a direct
result of reduced sensitivity to outliers and better generalisability [30].
In this work, the proportion of training data in our work is greater than
the previous study, and therefore, the SVMs have not enough testing
data to exhibit the superior generalisability. In addition, logistic re-
gression and linear SVMs returned a similar accuracy, due to both al-
gorithmic models including a linear combination of serial NSE mea-
surements (albeit with different optimisation constraints, see Section
1.2). Since the predictors are highly correlated, this linear function does
not take into account the interaction of different days and performs
worse than naive Bayes and kNN. The good performance of kNN is not
unexpected, since KNN imputation retains class distribution. Whilst
nearest neighbours performs close to naive Bayes, the latter is prefer-
able since there are no parameters that require tuning.

Aside from these four algorithms, an ensemble method was im-
plemented. The ensemble method achieved a greater AUC than all al-
gorithms, leveraging the predictive power of each at the cost of com-
putation. Artificial neural networks and decision trees were attempted,
however, failed to converge to stable prediction parameters. In addi-
tion, kNN was implemented using both brute force algorithm and kd
tree based indexing. The former compares the test patient to each and
every other patient in the dataset and the latter recursively partitions
the patient set in each dimension using the median and then compares
the test patient to a subset of patients. Kd tree based indexing returned
an AUC 3% lower than the brute force method and has not been in-
cluded in the results. The computational efficiency of kd tree based
indexing should be considered for larger patient datasets (see Table 6).

Compared to the optimal machine learning classifier using serial
NSE measurements, the optimal single day discriminatory accuracy is
6% lower and the optimal accuracy for relative days matches the per-
formance of naive Bayes. There is an AUC between day 5 and day 6
which exceeds 0.81, however, there are only 13 patients, of which 2 are
good outcome (see Table 5). These two patients have the second and
third lowest NSE differences and hence the high (but not 100%) accu-
racy. On such a small patient sample it is difficult to determine if this is
a feature which can be expected for good outcome patients, and
therefore this AUC is treated as an outlier. For an AUC of 0.81 between
day 1 and day 4 there are 7 good outcome patients and 39 poor out-
come patients. All 7 good outcome patients have a decrease between
day 1 and day 4, whilst 15 out of 39 patients have a decrease from the
poor outcome class. The naive Bayes classifier has been able to auto-
matically detect the most relevant feature for classification without
having to search exhaustively for each combination of possible differ-
ences. In addition, since it makes use of the imputed dataset, the result

Table 6
Computational complexity of each algorithm with n samples and m features
[43].

Algorithm Training Classification
Logistic Regression Oo(mn? + n3) O(m)

SVM 0(m?n) O(m)

Naive Bayes O(mn + nc) O(m)

kNN oQ) O(n) - brute force

O(log(n)) - kd tree
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is valid for the entire patient dataset. In practice, this would allow
predictions to be made for patients with sparse NSE recordings, since
sparse serial measurements can be imputed.

In contrast to single day and relative days cut-off values, the ma-
chine learning methods provide a probabilistic risk score. The naive
Bayes model outputs a risk score close to the true population prob-
ability after sigmoid calibration. A perfectly calibrated model would,
for each probability threshold, report the same proportion of incidences
in the training set. This can be interpreted as follows. For any new
patient with an output risk score of 90%, there is a 90% chance of this
patient having a poor outcome, given all patient data. Machine learning
models will require further calibration on large and external datasets in
order to be practically useful [24]. A fully validated and calibrated
model will propose a score that can support a clinician in the assess-
ment of the patient. There will always be a possibility of outliers. The
naive Bayes + sigmoid calibrated model produces one good outcome
patient who has a risk score close to 90%, the threshold for poor out-
come based on 95% specificity. This patient has the greatest increase
from day 1 to day 2 of all the good outcome patients, and has the
highest NSE value for day 2 and day 3 of the good outcome class. An
increase on day 1 to day 2, and higher values within the first 3 days are
consistent with the poor outcome class and hence this patient has come
close to misclassification. A potential explanation for falsely high NSE-
levels could be due to hemolysis [42]. In practice, such a case would
require a higher level of scrutiny, taking into account additional bio-
logical and clinical assessments.

This study has not controlled for confounding variables due to the
extent of missing data (see Table 1). Previous work has suggested that
differences in NSE concentrations in the blood can arise from dis-
crepancies in blood measuring methods [20] and heterogeneity of pa-
tient samples [22].

It is clear that the size of the dataset is a limitation in this work. In
part, since confounding variables were not included, and in part be-
cause there is not enough power in the calibrated probability statistics.
In the future, not only larger internal datasets are required but also
external datasets to validate the models [24]. Computational com-
plexity of each algorithm should be considered when scaling to large
patient datasets. For example, the classification cost of naive Bayes is
lower than kNN, however, training is more expensive (see Table 6).

KNN imputation has been implemented as a means of filling the
missing data without knowledge of the class labels (unlike MI methods).
This allows new patient data, without labels assigned, to be imputed
and classified. Whilst it maintains the class distributions (see Fig. 1),
unlike MI imputation, it does not account for variability. Further re-
search into non-parametric MI methods without class labels can be
explored.

A machine learning approach in clinical prediction modelling has
benefits and drawbacks. Firstly, it is fast and highly automated; it can
provide a risk score in a matter of moments and continuously update its
own model for new data it receives. However, it also requires statistical
expertise in the clinical setting which may not be readily available.

5. Conclusion

Compared to the conventional single day cut-off based method,
relative days method and logistic regression, a naive Bayes classifier
predicted as good as or more accurately good and poor clinical outcome
in patients with AIE/DOC after CA. Classification for a greater number
of patients was possible after imputation of serial NSE measurements.
Models applied to serial measurements provide risk score estimates,
unlike the single and relative days cut-off approach. These results
suggests that predictive models for prognosis with NSE could provide
an additional tool for accurate outcome prediction for this challenging
clinical population. Further research should focus on providing external
validation with larger datasets as well as on confounding variables and
additional objective biological parameters.
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