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Abstract

Objectives—To build and test cardiac arrest prediction models in a pediatric intensive care unit,
using time series analysis as input, and to measure changes in prediction accuracy attributable to
different classes of time series data.

Methods—A retrospective cohort study of pediatric intensive care patients over a 30 month
study period. All subjects identified by code documentation sheets with matches in hospital
physiologic and laboratory data repositories and who underwent chest compressions for two
minutes were included as arrest cases. Controls were randomly selected from patients that did not
experience arrest and who survived to discharge. Modeling data was based on twelve hours of data
preceding the arrest (reference time for controls).

Measurements and Main Results—103 cases of cardiac arrest and 109 control cases were
used to prepare a baseline data set that consisted of 1025 variables in four data classes:
multivariate, raw time series, clinical calculations, and time series trend analysis. We trained 20
arrest prediction models using a matrix of five feature sets (combinations of data classes) with four
modeling algorithms: linear regression, decision tree, neural network and support vector machine.
The reference model (multivariate data with regression algorithm) had an accuracy of 78% and
87% area under the receiver operating characteristic curve (AUROC). The best model
(multivariate + trend analysis data with support vector machine algorithm) had an accuracy of
94% and 98% AUROC.
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Conclusions—Cardiac arrest predictions based on a traditional model built with multivariate
data and a regression algorithm misclassified cases 3.7 times more frequently than predictions that
included time series trend analysis and built with a support vector machine algorithm. Although
the final model lacks the specificity necessary for clinical application, we have demonstrated how
information from time series data can be used to increase the accuracy of clinical prediction

models.
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Introduction

Children admitted to pediatric intensive care units (PICU) are inherently unstable, and
change rapidly between states of improvement and deterioration. When deteriorations
happen, bedside caregivers must detect them, assess their potential impact to the patient, and
intervene if necessary. Each of these functions is operator-dependent, so patients receive
different levels of service at different points in time. Despite continuous monitoring of their
vital signs and high staffing ratios, thousands of children suffer cardiac arrests in PICUs
every year (1-4). Many arrests are preceded by serial deteriorations in vital signs (5-8),
suggesting that progressive shock may contribute to some arrests, though not all since some
arrests occur suddenly and without warning. The shock state can be a result of insufficient
oxygen or fuel availability, or of inadequate cardiac output.

In an ideal environment, a cardiac arrest attributable to undertreated shock could be averted
by early recognition of deterioration and timely intervention before the arrest occurred. The
goal of this study is to focus on the recognition aspect of the problem by using time series
analysis as a way to encode deterioration (a time dependent phenomenon) and evaluating its
utility as an input into prediction models for cardiac arrest in a PICU.

Most scoring tools in clinical use are based on models built using multivariate data
structures(9-14), for which single values represent a variable of interest. If time dependent
phenomena are included in these models, they are usually limited to quasi-multivariate
abstractions such as min/max or magnitude of change between two time points(15). The
tools are typically based on regression algorithms, which perform well in smaller data sets
but have not proven robust in large data sets where the number of variables outweigh the
number of training examples. This problem has been addressed in genetic microarray
analysis(16,17), where more sophisticated algorithms such as neural networks and support
vector machines have proven robust(18). In this study our aims are to determine whether or
not adding time series analysis results as input into cardiac arrest prediction models increase
their predictive accuracy, and to determine whether or not modeling algorithm choice
influences predictive accuracy.
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This is a retrospective cohort study of patients admitted to a tertiary care PICU that provides
care to over 2000 cases annually and serves a referral population of over 4 million people.
Patients treated range in age from infants to the early 20s, with a median age of 5 years.
Disease classes treated include medical, surgical, trauma, cancer, and bone marrow and solid
organ transplantation. Patients with operative cardiac conditions are cared for in a separate
cardiovascular ICU that is not part of this study. The study protocol was approved by our
institutional review board. We identified 103 cases of cardiac arrest that occurred in the
PICU by reviewing code sheets that were generated when patients received acute, intensive
resuscitation between July 2006 and December 2008. Criteria for inclusion as an arrest case
were: 1. event location in PICU; 2. first cardiac arrest in the PICU; 3. external cardiac
massage for at least two minutes; and 4. able to be matched with records from the hospital's
data repository and physiologic monitor database. We also identified 109 control cases from
patients admitted to the PICU by random selection from the following three categories: 1.
first six hours of admission (representing the most consistent point in time when patients
experience rapid change and receive multiple interventions); 2. day of maximum severity of
illness occurring after 24 hours of hospitalization (representing deteriorations after
admission); and 3. random point in time (representing baseline noise in PICU physiology).
Criteria for inclusion as a control case included: 1. did not experience a cardiac arrest in the
PICU; 2. survived to discharge (to exclude deteriorations in Do Not Attempt Resuscitation
patients); 3. had matching data in the physiologic monitor database and the data repository;
and 4. selected by random number generation (to keep the case:control ratio roughly equal in
order to satisfy modeling algorithm assumptions).

Physiologic monitor data was measured on GE Solar 8000M patient monitors and archived
by Excel Medical BedMaster Software (version 1.3) configured to log data every one
minute. Modeling and analyses were conducted in MATLAB (R2007a), using The Spider
programming environment (version 1.71).

Data Aggregation

Data from code sheets, the hospital's data repository, and the physiologic monitor database
were merged to create the initial data set. For arrest cases, we defined the reference time in
the monitor database as the initial deterioration's worst measurement, ranked by heart rate,
then pulse oximeter, and finally blood pressure criteria. We assumed time synchronization
between the data repository and monitor database. Reference time assignment for control
cases were randomly assigned from within their designated block of time. Time series data
were constrained to a 12 hour prearrest window.
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Preprocessing and Data Class Assignment

Modeling

Outlier removal and imputation of missing data elements were performed using a limit-
based, carry-forward strategy. When no values were present from which to carry forward, a
normal value for the field was imputed.

We defined multivariate data as either a single measurement (for lab data) or the first
measurement preceding the reference time (for time series data). We defined raw time series
data as all measurements preceding the one classified as multivariate. Raw time series data
consisted of 60 high-resolution data elements (every minute for one hour prior to the
reference point) and 12 low-resolution data elements (hourly averages for 12 hours prior to
the reference time). Trend analysis data consisted of means, slopes, and intercepts for 5, 10,
15, and 60 minute prearrest epochs; and also included ratios of means between each epoch
and more distal epochs: 5/(10,15,60); 10/(15,60); and 15/60.

Given the model's theoretical basis on a progressive shock state, we explicitly encoded two
clinical calculations (CC) as a separate data class: the shock index (SI = heart rate / systolic
blood pressure) and an oxygen delivery index (ODI = heart rate * pulse pressure *
hemoglobin * % oxygen saturation) were calculated for each set of vital signs. The shock
index has been shown to correlate with severity of shock(19), and the oxygen delivery index
(ODI) is based on the oxygen delivery equation used in hemodynamic calculations(20).
Here, we substituted heart rate and pulse pressure as surrogate variables for cardiac output,
since it is not directly measured.

We created five feature sets to use as model inputs, using various combinations of the four
data classes described above. To prepare variables for modeling, each variable was
transposed to a 0:1 range by min-max normalization. Data was then split: 67% into a
training / internal validation set and 33% into a holdout testing / external validation set.

We developed 20 models from a matrix of five feature sets and four modeling algorithms.
(Figure 1) Feature sets included: 1. pure multivariate (MV: traditional approach as

reference / no time series elements); 2. multivariate + raw time series (TS: to measure
effects of unaltered time series measurements); 3. multivariate + raw time series + clinical
calculations (CC: to measure effects of clinical calculations); 4. multivariate + trend analysis
(TRD: to measure effects of trend analysis without raw time series measurements); and 5.
All classes combined (ALL: to measure effects of all data classes in combination). Modeling
algorithms included: 1. linear regression (LR: traditional approach as reference); 2. j48
decision tree (DT: advanced algorithm / readable model); 3. neural network (NN: advanced
algorithm / black box); and 4. support vector machine (SVM: advanced algorithm / black
box). For each of the 20 models, we performed 10-fold cross validation to determine mean
performance characteristics and their associated variance. We generated one representative
model for each combination of feature set + modeling algorithm using the training data set.
We estimated external validity in the holdout / testing data set by comparing each model's
predictions to the actual categories (arrest vs. control). Performance measures included
accuracy (ACC) and area under the receiver operating characteristic curve (AUROC). Since
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data sets contained a balanced ratio of cases:controls, performance measures relying on
positive predictive value in their determination were not performed.

To further isolate and validate the effects of trend calculations on model performance, we
repeated the above procedures after eliminating variables measured only once (i.e., not
subject to trend calculations).

To assess for overfitting effects we performed two methods of automated variable selection:
SVM weighting (SVMW) and recursive feature elimination (RFE), constraining models to a
range of 15 to 50 variables in 5 variable increments. We used the dominant modeling
algorithm (SVM) to repeat model training and testing for the resultant matrix of eight input
feature sets (of 15, 20, 25, 30, 35, 40, 45 and 50 variables) for each variable selection tool
(SVMW and RFE).

Our final step was to qualitatively assess the results we obtained in the steps above, to
determine if any variables were conserved between the various modeling algorithms.

We identified 103 cases of initial PICU cardiac arrest events with corresponding data in the
physiologic monitor database and the data repository. 109 controls were randomly selected
from their respective categories. Lab data had 0.47% outliers, and physiologic data had
1.18% outliers. Imputation accounted for 16.8% of lab data and for 1.7% of physiologic
data.

Significant differences in mean values between arrest and control cohorts were present for:
1) 16 of 20 (80%) multivariate variables; 2) 413 of 497 (83%) raw time series variables; 3)
155 of 288 (54%) clinical calculations; and 4) 182 of 220 (83%) trend analysis results.
Figure 2 shows the differences in heart rate, oxygenation, and systolic blood pressure for
arrest versus control cases. With the notable exception of respiratory rate, all vital signs in
the arrest category demonstrated a drop in mean value starting as many as 20 minutes from
the arrest, with more drastic drops occurring in the 5-minute prearrest window.

Internal measures of model accuracy, using 10-fold cross validation, demonstrated a
baseline accuracy of 66 + 4% (MV+LR model). The TRD+SVM model demonstrated the
best performance, with an accuracy of 79 + 4% (p<0.0001 vs. baseline). Only models that
included trend analysis data demonstrated significant increases in accuracy when compared
to baseline. When all data elements were used (ALL+SVM), accuracy dropped to 73% + 5%
(p = 0.02 vs. TRD+SVM), suggesting a moderate overfitting effect.

External validation in the test data set (unseen during model training) demonstrated better
performance than internal measures. The best performance was again seen in the TRD
+SVM model: with 94% accuracy (baseline accuracy for MV+LR was 78%). Similarly,
AUROC increased from an 87% baseline to 98% in the TRD+SVM model. Performance
characteristics across the matrix of 20 models is given in Table 1. The AUROC for the
reference model (MV+LR) vs. best model (TRD+SVM) is shown in Figure 3.
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Repeated training and external validation in data excluding single measurement variables
(where trend calculations could not be performed) resulted in an increase in logistic
regression performance without substantial effect on other modeling algorithm performance.
Trend features again served to improve model performance, shown in Table 1, with
accuracy increasing from 83% (MV+LR) to 94% (TRD+SVM), and AUROC increasing
from 89% (MV+LR) to 98% (TRD+SVM).

Feature reduction with RFE demonstrated peak accuracy at 15 variables: 88% accuracy with
86% AUROC. SVMW demonstrated peak accuracy at 35 variables: 95% accuracy with 96%
AUROC.

No variables were conserved across all models. The best model (TRD+SVM) used 51%
trend analysis variables and 49% multivariate variables. Figure 4 shows a plot of the top 35
variables selected by SVM weighting, providing the best visual discrimination of variables
separating arrest cases from control subjects.

Discussion

The mortality rate of inpatient pediatric cardiac arrest is generally reported to be in excess of
60%, with high disability rates in survivors (21-27). Antecedents to cardiac arrest identified
in the literature have been described primarily in the context of patients in acute care units
who deteriorate to the point of requiring transfer to an ICU or arresting (28-30). These
studies suggest that deteriorations often are detectable hours before an arrest occurs and that
patients often are evaluated beforehand but fail to receive treatment that could possibly
prevent the event. Scoring tools have been developed and deployed to help Medical
Emergency Teams (METS) objectively assess patients for risk of having life-threatening
deteriorations (9,31). However, their target population is one of relatively healthy patients,
and their purpose is to differentiate a patient who is sick from one who is healthy. ICUs
contain a population of patients already determined to be sick, so scoring tools that have
proven useful in an acute care setting are unable to identify the patients who are most likely
to suffer cardiac arrest in an intensive care setting. Clinicians use data from earlier points in
time to interpret new data and determine their implications. Tools that can perform these
interpretations automatically are needed.

Physiologic monitors connected to patients are not good tools for identifying patients at risk
of having cardiac arrest. They are plagued by such high rates of false alarms that nurses
frequently ignore them(32). Several techniques relevant to this study have been employed to
help reduce false alarms (33-36). Our approach combines the usefulness of multiple
channels and multiple measurements, but also explicitly characterizes the outcome of
interest (cardiac arrest) in terms of measureable risk factors based on a physiologic model
(progressive shock).(37)

Deteriorations are frequent events in PICUs, and the vast majority do not result in cardiac
arrest. Determining which deteriorations are associated with higher risk than others of
progressing to arrest becomes one of clinical intuition. Objective scoring tools that
accurately and continuously screen patients for arrest risk can help provide a decision
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support based safety net that can present caregivers with automated assessments, help them
perceive and interpret changes they may not otherwise be aware of, and help them to decide
which deteriorations have the highest risk. In the same spirit that early warning scores have
helped prevent death and disability in acute care units of the hospital, intensive care based
warning scores could prevent death and disability in a population that is at much higher
baseline risk.

We were surprised that the trend analysis model (without the raw time series data)
outperformed models that included raw time series data, and that it even outperformed
models whose variables were selected by automated feature selection tools. This is likely
attributable to an overfitting effect in the raw time series data, since downsampling into
trend data substantially reduces the variable:case ratio. We were also surprised that the
external validation performance exceeded that of the internal 10-fold cross-validation. We
believe this is most likely due to a “doubly restricted” set of targets available to the
algorithms during internal validation: models trained for external validation used all training
data, whereas internal cross-validation required additional cases to be held out during each
train/test cycle.

This being the first case of use, there are many limitations to the study. First and foremost,
although we have demonstrated a significant improvement in baseline performance by
adding time series analysis results as model inputs, the incidence of cardiac arrest is so low
that employing the current model would still result in an unacceptably high false alarm rate.
A tool that continuously monitors risk for cardiac arrest requires a specificity of roughly
99.99% in order to alarm once for every 7 patient-days. Even at that level, the false alarm :
true alarm ratio would be close to 10:1. This is an important consideration for future work in
continuous risk prediction models.

A second limitation to this study is the superficial nature of comparisons. We only included
variables that relate to physiologic and laboratory findings, and were unable to include a
number of desirable variables because they were not available electronically: comorbid
conditions, prior ICU admissions, medications (including vasoactive infusions),
transfusions, etc. Also, we only included trend analysis from the time series data. Numerous
other analyses could be performed on the time series data and included as additional classes
of data. Specifically, heart rate variability measures from the frequency domain of time
series analysis could be used in this way. We only included four modeling algorithms of
dozens that are available, and we limited our scope to using default model parameters
because the number of permutations would otherwise be too large. It is unlikely that the
optimum modeling algorithm is the SVM with its default parameters.

We focused this study on permutations of data classes used to train models, modeling
algorithms, and feature selection. We were not able to include a sensitivity analysis of
optimum resolutions in the prearrest timeframe. We selected a 60 minute high resolution +
12 hour low resolution prearrest window based on intuition, and it is possible that different
sized windows could improve predictive accuracy. Similarly, our data set contained data up
to one minute prior to the arrest. We therefore do not know precisely how fast performance
will deteriorate as data is serially restricted to prearrest windows that exclude the two to ten
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minutes (or more) of data immediately adjacent to the arrest. Our control selection focused
on culling data from different phases of care (peri-admission, maximum point of illness, and
random point in time). Due to project constraints relating to much of the data predating
implementation of our electronic medical record, we could not control for age, gender,
diagnosis, or other similar factors. An important consequence of this limitation is that the
absolute performance characteristics are not applicable in a real-world setting. However, our
study was focused on comparing relative differences between time series based and
multivariate based models, and to that end we feel this limitation was acceptable.

Finally, derangements in physiology leading to a cardiac arrest have different time scales:
some patients may deteriorate from progressive shock slowly over hours from a slow bleed
while others may deteriorate over seconds from something like an unplanned extubation. We
expect that the work presented here is more likely to predict the first case rather than the
second — for which bedside monitors already do an adequate job in most cases.

We believe the most meaningful finding in this study is that the trend analysis from the time
series data were more important in discriminating cases from controls than were the raw
time series data. This finding supports extending the scope of time series analysis to
generate other data classes for modeling cardiac arrest in a PICU.

Conclusions

A traditional model using multivariate data with a linear regression algorithm misclassified
cases 3.7 times more frequently than one that used time series trend analysis with a support
vector machine algorithm. Features based on clinical calculations did not improve model
performance. Most vital signs changes occur within five minutes of an arrest, although more
subtle drops may be noted as many as 20 minutes before an arrest. We have demonstrated
how time series trend analysis can be used to improve the predictive accuracy of a clinical
prediction model for cardiac arrest in a PICU. Although these findings have significant
potential to improve identification of patients at risk for cardiac arrest, and to prevent death
and disability by avoiding their occurrence, further refinements are needed to improve
model specificity prior to application in a real-world setting.
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Mean 5/ 15 min

Mean 5 / 60 min

Mean 10 / 15 min

Mean 10 / 60 min

Mean 15/ 60 min

Slope 5 / Mean 5/60 min
Slope 10 / Mean 10/60 min

Combine Data Classes

d
____.'Into 5 Feature Sets To Use
In 4 Modeling Algorithms

(_FEATURE SETS )

(MODELING ALGORITHMS)

(Multivariate+Time Series+Clinical Calculationsj

- - (Cllnlcal Calculatlons)

D B TEm )

(Multivariate+1‘rend Analysisj
D B IEe 0

All Combined (support Vector Machine]

- - (cllnlcal Calculatlons] (Trend Analysisj

B B 2E 0

Figurel.

Four classes of data were combined into five feature sets. Each feature set was used to train

and test cardiac arrest prediction models using four modeling algorithms. Of the 1025

variables, 20 were multivariate, 497 were raw time series, 288 were clinical calculations,
and 220 were time series trend analysis. Differential performance between the Multivariate

feature set with the Linear Regression algorithm and other models measured: 1) effects
attributable to data class (for a given algorithm); or 2) effects attributable to modeling

algorithm (for a given data class).
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Multivariable Profile for Cardiac Arrest v. Control Cohorts
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Figure2.
Mean values for heart rate (position on y-axis with shaded 95% SEM), oxygen saturation

(dot color), and systolic blood pressure (dot size) are shown for arrest (red line) and control
(blue line) subjects over the span of 12 hours. Left to right, the first 12 values represent
hourly averages, and the last 60 values represent minute-by-minute measurements. Heart
rate indicators occurred very close to the arrest event (acute drop 1-2 minutes beforehand).
Pulse oximetry and blood pressure indicators started noticeable trends downward at 15-20
minutes beforehand.
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AUROC: Reference MV+LR v. TRD+SVM
¥ [

l__I B

0.9

True Positive Rate

MV+LR = 0.865
TRD+SVM = 0.975

b -]
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

False Positive Rate

Figure 3.
Area under the receiver operating characteristic curve (AUROC) for reference model (MV

+LR: 0.865) (red) and for best model (TRD+SVM: 0.975) (blue). The performance increase
is attributable to the combined effects of adding trend analysis and using the SVM
algorithm. Performance suffered if either change was made in isolation.
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Visualization: SVM Features Weighted > 0.5
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Figure4.
Top 35 variables determined by support vector machine weighting. The columns are

arranged in descending order of mean variable intensity of the arrest cases. However, the
order does not reflect the weight of the variable in predicting arrest. Visually, the first four
variables are highly correlated, and represent SPO2 values preceding the arrest: at t minus
1,2,7, and 10. These raw SPO2 values did not rank in the top 5 weights, but two of the top
five weights were trend calculations involving SPO2: 5 minute intercept, and 60 minute
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slope. Visually, arrest cases tend to transition from dark to light, whereas control cases tend
to transition from light to dark.
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Table 1

Measures of model performance in validation data set. Mean performance of modeling algorithm (rows) or
feature set (columns) is listed outside the table, with the best measure in boldface. Inside the table, reference
performance for MV feature + LR algorithm is shown in the top left, underlined. Models using trend
calculations without raw time series features (the TRD data class) along with the SVM algorithm
demonstrated the best overall performance. Removing single measurement variables not subject to trend
calculations did not significantly impact model performance.

Matrix of Model Performancein Validation Data
All Available Relevant Variables

Accuracy MV TS CC TRD ALL

LR 78% 69% 58% 77% 69% 70%

DT 72% 88% 80% 81% 86% 81%

NN 67% 63% 67% 72% 66% 67%

SVM  T77% 8% 88% 94% 88% 8%
3% 7% 73% 81% 77%
AUROC MV TS CC TRD ALL

LR 87% 72% 60% 72% 80% 74%

DT 74% 90% 79% 83% 88% 83%

NN 82% 83% 80% 92% 79% 83%

SVM  82% 95% 96% 98% 97% 94%
81% 85% 79% 86% 86%

Variables Constrained to Trend Calculation Compatible
Accuracy MV TS CC TRD ALL

LR 8% 78% --- 87% 84% 83%
DT 81% 81% --- 81% 86% 82%
NN 64% 56% - 72% 64% 64%
SVM  73% 84% - 94% 91% 86%
7% 75% -  84% 81%
AUROC MV TS CC TRD ALL
LR 8% 79% --- 87% 83% 85%
DT 81% 81% --- 80% 86% 82%
NN  79% 74% - 92% 82% 82%
SVM  83% 91% - 98% 97% 92%
83% 81% ---—- 8% 87%

Abbreviations:

AUROC = area under the receiver operating characteristic curve.
Data Classes:

MV = multivariate

TS = multivariate + time series

CC = multivariate + time series + clinical calculations

TRD = multivariate + trend analysis

ALL = all 1025 variables - 17
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Model classes:

LR = linear regression
DT = decision tree
NN = neural network

SVM = support vector machine
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