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ABSTRACT

Methods: Continuous high-resolution physiologic recordings were obtained from
25 children with parallel systemic and pulmonary circulation who were admitted
to the cardiovascular intensive care unit of Texas Children’s Hospital between
their early neonatal palliation and stage 2 surgical palliation. Instances of cardiorespiratory deterioration (defined as the need for cardiopulmonary resuscitation or
endotracheal intubation) were found via a chart review. A classification algorithm
was applied to both primary and derived parameters that were significantly associated with deterioration. The algorithm was optimized to discriminate predeterioration physiology from stable physiology.
Results: Twenty cardiorespiratory deterioration events were identified in 13 of the
25 infants. The resulting algorithm was both sensitive and specific for detecting
impending events, 1 to 2 hours in advance of overt extremis (receiver operating
characteristic area ¼ 0.91, 95% confidence interval ¼ 0.88-0.94).
Conclusions: Automated, intelligent analysis of standard physiologic data in realtime can detect signs of clinical deterioration too subtle for the clinician to
observe without the aid of a computer. This metric may serve as an early warning
indicator of critical deterioration in patients with parallel systemic and pulmonary
circulation. (J Thorac Cardiovasc Surg 2016;152:171-7)

The management of newborns after surgical palliation for
congenital heart disease is challenging. Hypoplastic left
heart syndrome (HLHS), although accounting for 2% to
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Vital signs and risk index as a function of time until
deterioration.
Central Message
Critical deterioration events in children with
parallel circulation can be predicted 1 to 2 hours
before overt decompensation.
Perspective
Acute clinical deterioration is common in patients with a hypoplastic ventricle and parallel
circulation. Real-time mathematical transformations of standard physiological data can provide physicians with an early warning of such
events allowing the opportunity for early interventions to be performed before the deterioration becomes life-threatening.

See Editorial page 3.

3% of all congenital heart disease,1 is responsible for up
to 25% to 40% of all neonatal cardiac deaths.2-4 The
Single Ventricle Reconstruction trial demonstrated that
87% of deaths of subjects undergoing palliation for
HLHS occurred before the stage 2 palliative surgery,
when the parallel circulation is replaced with a cavopulmonary shunt.5 As a result, these infants are monitored
intensely and continuously. The reason for this is simple:
the sooner the care team can detect that a patient is deteriorating, the quicker they can intervene to prevent
Scanning this QR code will take
you to the article title page.
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Objectives: Sudden death is common in patients with hypoplastic left heart syndrome and comparable lesions with parallel systemic and pulmonary circulation
from a common ventricular chamber. It is hypothesized that unforeseen acute deterioration is preceded by subtle changes in physiologic dynamics before overt clinical
extremis. Our objective was to develop a computer algorithm to automatically recognize precursors to deterioration in real-time, providing an early warning to care staff.
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Abbreviations and Acronyms
BCM ¼ Baylor College of Medicine
CPR
¼ cardiopulmonary resuscitation
CVICU ¼ cardiovascular intensive care unit
ECG ¼ electrocardiogram
ECMO ¼ extracorporeal membrane oxygenation
HLHS ¼ hypoplastic left heart syndrome
ICU
¼ intensive care unit
IRB
¼ institutional review board
ROC ¼ receiver operating characteristic
SpO2 ¼ peripheral capillary oxygen saturation
TCH ¼ Texas Children’s Hospital
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catastrophic events from occurring. Recent evidence suggests that vigilant monitoring improves survival of patients
with a single ventricle after stage 1 palliation.6,7
One of the most significant problems encountered while
caring for these infants is that detecting impending deterioration can be difficult, even for experienced physicians,
because current monitoring technologies are not optimized
for this population. For example, in the cardiac intensive
care unit (ICU), existing patient monitoring technologies
may be confounded by baseline abnormalities of standard
vital signs, such as pulse-oximetry, arterial blood pressure,
and electrocardiogram. Thus, even when flow to the parallel
pulmonary and systemic circulations is optimally balanced,
patients are cyanotic. Pulmonary runoff from a systemic to
pulmonary shunt can cause low diastolic arterial blood pressure. Cardiac conduction abnormalities can cause the ST
segments to be elevated or depressed, so routine electrocardiogram (ECG) monitoring may not be useful to discriminate the status of myocardial perfusion. What is needed is
a patient-monitoring system that is specificity optimized
to detect problems in the unique physiology of patients
with parallel systemic and pulmonary circulation, rather
than for the general patient population.
The purpose of this study was to develop a new metric (a
risk index) that is derived from continuous physiologic measurements, and predictive of imminent deterioration for subjects with parallel systemic and pulmonary circulations,
before stage 2 palliation. Although the present study design
is similar to that used in a traditional observational, multivariate regression analysis of factors related to deterioration,
the process of predictive model development is fundamentally different. Rather than test for physiologic differences
between subjects who experience a deterioration and those
who do not, we assert that physiology immediately before
deterioration is abnormal, and that physiology not in close
proximity to deterioration events is stable. From this assertion, a classification model is constructed to maximize the
recognition of predeterioration physiology from stable
physiology based on recorded data. Our risk index is,
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therefore, a measure of how similar a patient’s current physiology is to physiology that occurs just before critical deterioration. Real-time utilization of this index may provide the
opportunity for clinicians to perform early interventions
before deterioration becomes life-threatening, potentially
affecting patient morbidity and mortality.
METHODS
Patient Cohort and Data Collection
A 1-year prospective observational study was conducted of infants who
underwent surgical palliation at Texas Children’s Hospital (TCH) in 2013.
Approval was obtained from the institutional review board (IRB) at the Baylor College of Medicine (BCM) with a waiver of consent before the start of
the study. Eligible subjects had any anatomic diagnosis of either a morphologic left or right ventricle, provided their early neonatal palliative surgery
resulted in a mixing lesion with ventricular outflow to both pulmonary and
systemic circulations. Subjects were enrolled on admission to the cardiovascular ICU (CVICU) immediately following early neonatal palliation, and
enrollment continued until stage 2 palliation was performed (ie, the interstage
period). All eligible subjects were enrolled and included in the analysis. Instances of critical deterioration were defined as the need for cardiopulmonary
resuscitation (CPR) or endotracheal intubation, and were found via a chart
review. Events were verified using physiologic recordings from patients.
Physiologic data were captured continuously from every monitored bed
in the CVICU and the cardiology inpatient units using the Sickbay Platform
(Medical Informatics Corp, Houston, Tex) for the duration of the study. Recorded data included high-resolution waveforms (eg, 4 ECG leads
[240 Hz], chest impedance [120 Hz], vascular pressures [60 Hz]), and
low-resolution vital signs measured intermittently or calculated by the
bedside monitor at 0.5 Hz (eg, heart rate, respiration rate, arterial oxygen
saturation [SpO2], ST segments, arterial pressures). The data were stored
on site for analysis, and automatically de-identified and coded by the Sickbay system to prevent the release of protected health information. Data
analysis and model development were conducted using the Matlab (The
MathWorks, Natick, Mass) programming environment. Data captured
while a patient was on extracorporeal membrane oxygenation (ECMO)
were excluded from the analysis.

Selecting Input Variables to the Algorithm
Candidate input variables to the algorithm were selected by a team of
clinical experts based on physiologic rationale. This was done by delineating the etiologies of deterioration in these patients and then identifying
measurable physiologic parameters that may be perturbed by these etiologies. Etiologies theorized to cause the observed events included cardiac
ischemia, acute heart failure, shunt thrombosis, and changes in the systemic
to pulmonary flow ratio due to changes in resistance of the respective
vascular circuits. For each of these etiologies, a list of measurable candidate physiologic variables was generated. The initial candidate physiologic
variables included heart rate, heart rate variability, arterial blood pressure
(systolic, diastolic, and mean), common atrial pressure (systolic, diastolic,
and mean), ST segment elevation, ST segment variability, respiratory rate,
respiratory rate variability, SpO2, central venous pressure, core temperature, toe temperature, and core-toe temperature difference. This comprehensive list was then reduced by excluding measurements that were
unlikely to be consistently present during a deterioration event, given the
time frame of when most of the events were observed. For each remaining
variable, a correlation coefficient was calculated between the values
observed in the predeterioration and control data. The total number of input
variables was limited to 6 so as to minimize model overfitting. The 6 variables with the largest magnitude correlation coefficients were included in
the model. The final list of inputs included variables directly sampled
from the monitor and those that are derived from the primary monitored
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data: heart rate, SpO2, respiration rate variability, beat-to-beat heart rate
variability, ST segment from lead V1, and variability of the
3-dimensional ST segment vector.
Cardiac ischemia may be a prominent feature of the decompensation of
infants with parallel circulation, but it is difficult to quantify with ECG
monitoring because of conduction abnormalities that confound the predictive value of individual ST segment measurements. To overcome this limitation, we quantified the variability of the ST segment vector, which was
constructed in 3 dimensions from the quasi-orthogonal leads V5, II, and
aVL. The x, y, and z coordinates of the instantaneous ST vector can be
geometrically derived from the Einthoven triangle:
STx ¼ V5 sinð30 Þ
STy ¼ aVL 3 cosð30 Þþ II 3 cosð60 ÞþV5 3 sinð30 Þ
STz ¼ aVL 3 sinð30 ÞII 3 sinð60 Þ

(1)

where V5, II, and aVL are the values of the ST segments of the associated
ECG leads. The movement of the ST vector was measured as the distance
traveled by the tip of the vector over 30-second intervals. This interval was
chosen to remove the rapid, nonphysiologic changes in ST displacement
generated by the GE monitors (General Electric, Fairfield, Conn) and
because providers in the expert clinical panel reported the anecdotal occurrence of low-frequency changes in the ST segment, which are clinically
viewed in 30 minute moving windows on the GE screen.

Classification Algorithm Construction
The physiologic data obtained from study subjects were separated into
study (predeterioration) and control (nondeterioration) data sets. The study
data set included all physiologic data recorded in the time interval starting
2 hours before each deterioration event and ending 1 hour before the event.
The control data set included all physiologic data recorded more than
12 hours before or 24 hours after a deterioration event. If a subject did
not experience a deterioration event, then all of the patient’s physiologic
measurements were included in the control data set.
Data recorded between 1 hour before deterioration and 24 hours after a
deterioration event were not included in the classification model. Although
this may be counterintuitive (physiology immediately preceding deterioration is most likely to be distinct from healthy physiology), there are 2 reasons to exclude these data. First, the acute decompensation state is not
likely to be subtle, and is therefore likely to be recognized by the care providers, making event detection during this time window of limited clinical
value. Second, the recognition of the predeterioration state by the care providers increases the likelihood of medical interventions that would distort
the underlying physiology. Such interventions may potentially corrupt the
model optimization process, creating an algorithm that recognizes the
application of specific clinical interventions rather than physiologic precursors to critical deterioration. Similarly, deterioration events that occurred
while the infant was mechanically ventilated also were not included in
the model development process, as the ventilator could potentially introduce nonphysiologic characteristics into the study data set.
A multivariate logistic regression model of the form


J
X
xj mj
p
¼ b0 þ
ln
bj
(2)
1p
sj
j¼1
was selected as the basis of the classification algorithm, where p is the probability that the input metrics (x1,x2,.,xJ) belong to the study data set, mj is
the mean value of xj over the data set, and sj is the standard deviation of xj .
The input metrics to the model were computed from the raw physiologic
observations, yj(t), averaged over a 10-minute window. The baseline values
were removed from the raw physiologic metrics before model optimization
ðtÞ
xj ðtÞ ¼ yj ðtÞybase
j

(3)

where ybase
ðtÞ is the baseline value of metric j computed as the average of
j
yj(t) over a window of time from 6 hours before time t. The regression
coefficients, bj , were found using least squares optimization, so as to maximize the ability of the algorithm to separate the study data set from the control data set. This produced an algorithm that was tuned to recognize only
those physiologic patterns that occur 1 to 2 hours before the onset of cardiorespiratory deterioration.
A risk index was derived from the logistic regression model by normalizing it to the average risk of deterioration for this population. A value of 1
represents that the infant is at average risk of having a critical deterioration
event in the next few hours, whereas a value of 2 represents that the infant is
at twice the average risk of deteriorating. The index can be continuously
determined from the physiologic data of the patients and can be used to provide a calibrated measure of the risk of deterioration in the near future.

Characterization of Algorithm Performance
The area under the receiver operating characteristic (ROC) curve was
used as the measure of the performance of the predictive model.8 Tenfold
cross-validation was used to validate the predictive model, whereas numerical bootstrap aggregation was used to determine the statistical precision of
the performance of the predictive algorithm.9-11 Bootstrapping was
implemented using the perfcurve function provided by Matlab, with 1000
bootstrap replicas. This function returns the confidence bounds for the
area under the ROC curve.

RESULTS
Patient Characteristics
Twenty-five infants were included in this cohort. Their
anatomical characteristics and surgical procedures are presented in Table 1. Of the 25 subjects, 13 had 1 or more
cardiorespiratory deterioration events at some point during
their interstage period (average 140  53 days), with a total
of 20 observed events, occurring at a mean of 48  40 days
after the initial surgery. Sixteen (73%) events were considered to be primarily respiratory in nature, whereas 6 (27%)
were considered cardiac events. There were 4 hospital
deaths in the cohort. Most of the patients who were identified for the study remained hospitalized until their second
stage of surgical palliation (bidirectional Glenn). As a
result, we were able to capture complete high-resolution
physiologic recordings for almost all of the patients in
this cohort, resulting in more than 72,000 hours of physiologic data.
Predictive Performance of Algorithm
The coefficients of the algorithm were optimized to
maximize the recognition of physiologic features most
associated with the time period just before the critical deterioration event (Table 2). Elevated heart rate was found to
have the largest coefficient, indicating that it has the largest
contribution to recognizing precursors of cardiorespiratory
deterioration. In order of descending significance:
decreased respiration rate variability, decreased SpO2,
increased ST segment variability, ST segment depression,
and decreased heart rate variability. The performance
curves for the optimized model are shown in Figure 1.
The ROC area for the model was calculated to be 0.91
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TABLE 1. Breakdown of the study cohort by anatomical characteristics and type of early neonatal palliation
Anatomic characteristics

CONG

Morphologic left ventricular hypoplasia
Hypoplastic left heart syndrome
Heterotaxy with pulmonary atresia
Unbalanced atrioventricular canal
Double outlet right ventricle
Morphologic right ventricular hypoplasia
Tricuspid atresia
Pulmonary atresia
Double inlet left ventricle
Stage 1 (neonatal) palliation
Norwood with Blalock-Taussig shunt
Norwood with Sano shunt
Hybrid Norwood
Pulmonary artery band
Blalock-Taussig shunt
Overall

Patients

Events

Duration, d

Survival

16
13
1
1
1
9
5
3
1

16
13
0
1
2
4
3
1
0

110 (52)
108 (36)
148
97
—
176 (34)
168 (59)
189 (57)
179

12 (75%)
10 (77%)
1 (100%)
1 (100%)
0 (0%)
9 (100%)
5 (100%)
3 (100%)
1 (100%)

9
5
1
5
5
25

11
2
0
3
1
20

92 (4.5)
111 (43)
167
167 (15)
194 (56)
140 (53)

6 (67%)
5 (100%)
1 (100%)
4 (80%)
5 (100%)
21 (84%)

The event column indicates the number of deterioration events observed by patient class. Some subjects experienced more than 1 deterioration event. Subjects were enrolled over
the course of 1 year.

with a 95% confidence interval of 0.88 to 0.94, indicating
good performance in separating characteristics associated
with the predeterioration data from control measurements.
The sensitivity, specificity, and the positive likelihood ratio
were calculated as a function of the choice of alerting
threshold (Figure 1, C and D) to determine the optimum
operating threshold for using the index. For a threshold of
3, the positive likelihood ratio is 10, whereas the sensitivity
is 0.81 and the specificity is 0.84. For a threshold of 10, the
positive likelihood ratio is 16, and the sensitivity is 0.40 and
the specificity is 0.97.
The risk index was calculated over time to verify its
behavior in a subject who experiences a critical deterioration (Figure 2). In the hours preceding the event, the index
vacillates between normal values (less than 1) and 3, which
indicates a threefold likelihood of critical deterioration
within the subsequent 2 hours. In the 90 minutes preceding
the event, the index increases progressively to a value of
18.7, seen 30 minutes before the observed event. Thus,
the continuous reporting of the risk index showed a pattern
of progressive decompensation from which 2 things can be
clearly concluded: first, the physiology analyzed in this
TABLE 2. Parameters, associated coefficients, and statistical
significance of the optimized logistic regression model
Input parameter

Coefficient

P value

Heart rate
Respiratory rate variability
ST segment (V1)
SpO2
N-N heart rate variability
ST segment variability

1.06
0.46
0.12
0.32
0.10
0.16

<.001
<.001
.045
<.001
.052
.017

SpO2, Peripheral capillary oxygen saturation.
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patient showed a pattern that was distinct from a cohort
with similar physiology, and second, that this pattern is
significantly associated with predeterioration physiology
in the same cohort.
To estimate how far in advance the algorithm could be used
to detect an impending event, its performance was evaluated
as a function of time from deterioration (Figure 3). Each data
point in the figure represents the ROC area of the predictive
algorithm calculated using a 1-hour block of time, taken at
different time points relative to the event. Thus, the point
t ¼ 0 hours represents the performance of the algorithm
with data obtained between 0 and 1 hour before deterioration.
By design, the algorithm has the highest performance approximately 1 to 2 hours before deterioration (ROC Area ¼ 0.91).
As the forecasting time was increased, the performance of the
algorithm was observed to decrease. Approximately 4 to
5 hours before a deterioration event, the ROC area was found
to be close to 0.5, indicating that the algorithm could no
longer discriminate between predeterioration data and nondeterioration measurements.
The distribution of all measurements of the risk index is
not Gaussian, as it is constructed as an odds ratio that is
bounded at 0 with a median at 1 (Figure 4). The most common observed value was 0.6. Risk index values greater than
or equal to 3.3 are observed only 10% of the time, whereas
values of risk index greater than or equal to 10 are observed
only 2% of the time in this population.
DISCUSSION
The main result of this study is demonstration of a classification model that can discriminate a state of predeterioration from a state of stability on subjects with parallel
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FIGURE 1. Performance of the optimized logistic regression model. A, Histogram of the optimized classification algorithm for the control and predeterioration data sets projected on the axis of optimal separation (a). B, The receiver operating characteristic curve for the optimized classification algorithm
(ROC Area ¼ 0.91). C, The sensitivity and specificity for the optimized classification model as a function of the choice of risk index threshold. D, The
positive likelihood ratio as a function of the choice of risk index threshold.

circulatory anatomy and mixing physiology. Standard
monitoring for these patients has a limited ability to
discriminate between these states due to abnormalities of
baseline vital signs when compared with patients who
have normal serial circulation. The intent of real-time classification of patient physiology is to provide a rapid detection of impending clinical deterioration giving providers

increased time to assess and intervene. The Risk Index presented here demonstrated sensitivity and specificity for
identification of the predeterioration state in subjects with
parallel circulation in the 1- to 2-hour window before the
deterioration event. Detailed analysis of the performance
of the algorithm indicates that distinctive pathological features seem to appear approximately 5 hours before

FIGURE 2. Vital signs (top) and the risk index (bottom) as a function of
time until a critical deterioration event (t ¼ 0). BPM, Beats per minute;
BrPM, breaths per minute.

FIGURE 3. Performance of the predictive model as a function of time
from the start of a cardiorespiratory deterioration event. Maximum forecasting time of the model is between 4 and 5 hours. ROC, Receiver operating characteristic.
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FIGURE 4. (Left) The observed distribution of the risk index metric for all subjects. The most common value of risk index was found to be 0.6. (Right) The
cumulative distribution function of the risk index metric for all subjects. The prevalence of the metric was observed to be 50% for values>1, 10% for values
<3.3, and 1% for values >20.
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deterioration; however, such features are difficult to accurately and consistently recognize at this time scale with
this data set.
If this risk exposure were evenly distributed in the cohort,
then every subject would spend approximately 30 minutes a
day with a risk index greater than 10 (Figure 4). However, it
is reasonable to hypothesize that subjects with greater
severity of illness have more exposure to predeterioration
physiology, whether or not an actual event occurs. Further,
it is a logical hypothesis that subjects who deteriorated also
experienced a higher burden of predeterioration physiology
exposure.
Several studies have been published describing different
predictive risk scores for different clinical events and populations.12,13 Churpek et al14 shows that cardiac arrest
events could be anticipated in adult population in the setting
of a cardiac ward using vital sign data. Parshuram et al15 and
Duncan et al16 developed and measured the performance of
the bedside pediatric early warning score for determining
the need for up-transfer to an ICU for hospitalized pediatric
patients. McLellan et al17 described the performance of an
algorithm to estimate the likelihood of arrest in children
with heart disease using data from a physical examination
for daily care management. There are also several published
categorical risk metrics for children that can be evaluated at
the time of ICU admission: the Pediatric Risk of Mortality
(PRISM) and Pediatric Index of Mortality (PIM) scoring
systems.18,19 PRISM and PIM focus on providing risk
stratification models for benchmarking outcomes. These
studies have several common features. Each study used a
logistic regression model with a combination of vital
signs and physical examination results to estimate risk.
Data were manually collected by staff at intervals that
were typically several hours long. Each study focused on
estimating the risk of deterioration in the next 24 to
48 hours to assess the need for changes in daily
176

management of care. However, none of these studies have
addressed the need to improve the real-time detection of
precursors to deterioration to improve the clinical
response when events do occur. To our knowledge, no
study to date has focused on detecting precursors to
deterioration in children with congenital heart disease and
parallel circulations for both ICU and non-ICU admissions.
The risk index has several advantages over traditional risk
scores. Because the risk index is derived from continuous
physiologic data, it can be updated automatically, continuously, and in real-time without affecting existing clinical
workflow. Because the index was derived using all of the
physiologic data generated by the infant during hospitalization, the metric is applicable in both ICU and non-ICU environments. Furthermore, the inputs to the model are
calibrated to an individual subject, relative to a baseline
value for each individual (Equation 3). This is important
because the baseline physiologic parameters can vary
widely between subjects, and for this complex population
there is little consensus as to what constitutes ‘‘normal’’ or
even ‘‘acceptable’’ for a given physiologic parameter.
The risk index has the potential to provide a highly sophisticated decision support tool to clinicians. The physiologic inputs into the index were selected to be sensitive to different
mechanisms of patient decomposition. Therefore, although
an increase in the risk index will not indicate a priori what
type of clinical intervention may be required, the index will
signal the need for additional medical surveillance and
possibly additional diagnostic investigations, such as an echocardiogram or arterial blood sampling. The preclinical detection of impending deterioration allows time for a thorough
assessment to be performed, so that any necessary interventions could be applied proactively. For example, if it is shown
to be robust in larger groups of patients, an increase in the index may be an indication for priming an ECMO circuit or
mobilizing the ECMO team, so that valuable time can be
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CONCLUSIONS
This study demonstrates that there exist recognizable
physiologic precursors of acute cardiorespiratory deterioration in patients with parallel circulations. Although it can be
difficult to recognize these precursors with current bedside
monitoring technologies, real-time mathematical transformations of standard physiologic data can greatly enhance
the ability to identify the onset of deterioration.
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saved, in the event of serious deterioration. Furthermore,
restoration of the index to baseline levels is likely to be an indication of successful therapeutic and resuscitative measures.
There were several limitations of this study. The study
cohort is small (n ¼ 25) and all cohort members were
from a single center. Additionally, there were only a small
number of deterioration events that were observed
(n ¼ 20). Although data collection for this study was
done prospectively, the data analysis and model development was done retrospectively. This approach was taken
to ensure that the data recorded from the cohort reflected
current standard of care practices for this population.
Although unlikely, it is also possible that clinicians could
have potentially anticipated these deterioration events and
started interventions during the 1- to 2-hour time period
before the event. Because of these limitations, future studies
are required on independent cohorts to establish the true
clinical performance of the algorithm at forecasting imminent deterioration events in this population. Studies on the
performance of the algorithm to anticipate ‘‘near codes’’
are also required to demonstrate to what extent the risk index changes before such events.
Although these limitations are real, the performance of
the optimized model is still significant. Through the use
of bootstrap aggregation, we were able to efficiently use
the limited data we have to both develop and validate the
model. All physiologic input parameters provide a statistically significant contribution to the risk index. The classification performance of the optimized model (ROC
Area ¼ 0.91) is above the generally accepted threshold of
0.9 considered the minimum for clinical viability.

