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Abstract

Objectives

The purpose of this study was to Identify whether changes in heart rate variability (HRV)

could be detected as critical illness resolves by comparing HRV from the time of pediatric

intensive care unit (PICU) admission with HRV immediately prior to discharge. We also

sought to demonstrate that HRV derived from electrocardiogram (ECG) data from bedside

monitors can be calculated in critically-ill children using a real-time, streaming analytics

platform.

Methods

This was a retrospective, observational pilot study of 17 children aged 0 to 18 years admitted

to the PICU of a free-standing, academic children’s hospital. Three time-domain measures

of HRV were calculated in real-time from bedside monitor ECG data and stored for analysis.

Measures included: root mean square of successive differences between NN intervals

(RMSSD), percent of successive NN interval differences above 50 ms (pNN50), and the

standard deviation of NN intervals (SDNN).

Results

HRV values calculated from the first and last 24 hours of PICU stay were analyzed. Mixed

effects models demonstrated that all three measures of HRV were significantly lower during

the first 24 hours compared to the last 24 hours of PICU admission (p<0.001 for all three

measures). In models exploring the relationship between time from admission and log HRV

values, the predicted average HRV remained consistently higher in the last 24 hours of

PICU stay compared to the first 24 hours.
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Conclusion

HRV was significantly lower in the first 24 hours compared to the 24 hours preceding PICU

discharge, after resolution of critical illness. This demonstrates that it is feasible to detect

changes in HRV using an automated, streaming analytics platform. Continuous tracking of

HRV may serve as a marker of recovery in critically ill children.

Introduction

Balance between the sympathetic and parasympathetic branches of the autonomic nervous sys-

tem (ANS) is essential to maintaining systemic homeostasis and responding effectively to

external stressors. During critical illness, loss of normal autonomic function can occur as a

result of inflammation and/or injury. [1–3], The resultant disruption in systemic homeostasis

due to ANS dysregulation or dysfunction has been associated with organ dysfunction,

increased illness severity, and poor outcomes.[4–8] The most common method of objectively

assessing ANS dysregulation is through measurement of HRV, which reflects the normal,

physiologic alterations in the intervals in time between consecutive heart beats that occur

when there is balance of sympathetic and parasympathetic inputs on the electrical conduction

system of the heart. [9]. Numerous studies in both children and adults identified that decreases

in HRV precede clinical deterioration, reflect response to therapy, and are associated with

poor outcomes in a variety of conditions. [10–17] Therefore, heart rate variability (HRV) may

be useful as an indicator of clinical acuity in the pediatric intensive care unit (PICU). [5,9]

However, translating these findings into actionable information, available in real-time to clini-

cians in critical care units has yet to be achieved.

Despite the potential applicability of HRV to critical care, HRV analysis is not a standard

part of clinical practice. Currently, the main clinically-validated application of real-time track-

ing of HRV in pediatrics is confined to the neonatal intensive care unit (NICU) where an

HRV-based early warning system predicts deterioration from infection, respiratory compro-

mise, and neurologic injury in premature infants. [18–20] Widespread adoption of HRV anal-

ysis into other inpatient settings has been limited by difficulties in implementing automated,

continuous analyses in real-time, reliance on electrocardiographic (ECG) signals from bedside

monitors, management of artifact or non-sinus heart beats, and lack of specificity, as well as

standardization of measurements in the literature. [21,22]

Therefore, we sought to determine whether we could create a system where HRV is calcu-

lated continuously, in real-time in the PICU while overcoming the described issues and to

identify whether the HRV values generated from this real-time system are clinically meaning-

ful. As a first step in this process, we performed a pilot study where we tested the hypothesis

that HRV would increase with recovery from critical illness in pediatric patients admitted to

the PICU.

Methods

Study population

This pilot study was approved by the Ann & Robert H. Lurie Children’s Hospital of Chicago

Institutional Review Board with a waiver of informed consent. We performed a retrospective

chart review and evaluation of HRV measures derived from stored ECG waveforms acquired

from critically-ill children using a convenience sample of those admitted to the PICU from
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January 1 to April 30, 2015. Patients were included if they were less than 18 years of age and

had a PICU length of stay (LOS) of� 48 hours (as we required two non-overlapping time win-

dows for comparison). Patients were excluded if they died during their PICU stay (as we

wanted to capture changes in HRV as a patient’s physiologic state evolved from one of critical

illness, such as at PICU admission, to one of improved health, such as at the time of PICU dis-

charge), had an active “do not attempt resuscitation” (DNAR) order (for similar reasoning as

we presumed patients with DNAR orders may not have demonstrated improvements in their

health at PICU discharge), had a cardiac pacemaker (which eliminates ANS-determined

HRV), a condition of pre-existing autonomic dysregulation or known cardiac arrhythmias (as

we would be unlikely to be able to detect true HRV or improvements in HRV in these

patients). Patients were also excluded if they had incomplete HRV data for their first and last

24 hours of PICU stay.

Data collection and HRV calculation

Patient data extracted from the electronic health record (Epic; Epic Systems Corporation,

Verona, WI) included demographic data, admission diagnoses, pre-existing and newly

acquired medical conditions, exposure to medications known to affect the ANS including ste-

roids, vasoactive infusions, sedatives, narcotics, alpha-2 agonists, anti-epileptic medications,

and anti-hypertensive medications, as well as use of invasive mechanical ventilation and infor-

mation on the duration of ventilation.

HRV was calculated on all PICU patients in real-time from the ECG waveforms obtained

by BedMasterEx (ExcelMedical; Jupiter, FL) from the bedside monitors (Philips IntelliVue

MP70) and stored on a secure internal research server for future use. This study included anal-

ysis of three widely-used time-domain measures that capture both short- and long-term HRV,

using previously described methods and briefly described as follows (4): the root mean square

of successive differences of RR (or NN) intervals (RMSSD) in ms, the % of successive NN

interval differences over 50 ms (pNN50), and the standard deviation of NN intervals (SDNN)

in ms. These measures were calculated previously, in real-time from the bedside monitor, for

presumptive sinus beats over consecutive 5 minute intervals. At the time of acquisition from

the bedside monitor, an RR-interval time series was created, and this was converted into our

three time-domain measures of HRV using the software platform IBM InfoSphere Streams

(International Business Machines Corp; Armonk, NY) by an external consulting group,

CléMetric, Madison, WI. The calculated HRV values were stored and later analyzed. Artifact

was managed using an automated recursive procedure for detection of outliers.

In order to determine the accuracy of the real-time system, we compared patient-level aver-

age HRV values obtained from this system from the first and last 24 hours of PICU admission

to values obtained through analysis of raw R-R interval data using Kubios HRV Premium ver-

sion 3.1.0 (Kubios Oy, Kuopio, Finland) a commercially available, validated software program

for HRV analysis. [23]

HRV data were collected and calculated for the first and last 24 hours of PICU stay. These

time periods were selected in order to compare a time during which patients were most likely

to be critically ill (i.e., first 24 hours of PICU admission) to a time representing resolution of

critical illness (i.e., last 24 hours of PICU admission).

Statistical analysis

We assessed the strength of the association between the two sets of HRV values obtained from

our system and Kubios via Pearson’s correlation coefficient estimates for each of the three

time-domain measures in the first and the last 24 hours. HRV values were averaged in the first
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and last 24 hours to allow for comparison. Because two measures can be highly correlated, but

have little agreement, we also used Bland-Altman plots to visually assess agreement between

the two measures. [24]

Descriptive statistics summarized all patient demographics and clinical characteristics. To

visually assess HRV measurements in the first and last 24 hours of PICU admission, scatter

plots of the average log HRV measurement over time from admission as well as by time of day

were plotted with local polynomial regression (LOESS) curves (nonparametric method for fit-

ting a smooth curve to better visualize trends in data) overlaid on top.

Mixed effect models with a fixed effect for time period (first 24 hours of PICU admission vs

last 24 hours of PICU admission) and a random subject effect, to account for correlations of

measurements within patients, were considered for each of the three HRV measurements

using all available 5 minute HRV values. Model assumptions were assessed and log transfor-

mations of outcomes were applied, as necessary. We further explored the relationship between

time from admission and HRV measurements by including fixed effects for time from admis-

sion and the interaction between time and period. The interaction term allowed us to assess if

the relationship between time and HRV measurement was different in the first vs. last 24

hours. We explored associations between HRV measurements and each demographic and

clinical variables of interest, in turn, to determine potential confounders. Adjusted models

considered variables deemed significant (alpha = 0.2) or known to be associated with HRV

measurements.

We then explored the relationship between the average of patients’ 5 minute HRV measure-

ments over the entire 24 hour periods (first and last 24 hours) as well as first 24 hours and last

24 hours separately, and length of stay measures using spearman correlation coefficients. All

analyses assumed a two-sided type 1 error rate of 0.05, and no corrections were made for mul-

tiple hypothesis tests.

Results

During the study period, a total of 84 patients were screened and 17 patients were included for

analysis. (Fig 1) The majority of patients were male, were admitted with respiratory diagnoses,

and had a median PICU length of stay (LOS) of 4 days (range of 2–18 days). (Table 1) Patient

clinical and demographic data can be found in S1 Data.

To validate results from the real-time system, we compared our HRV values to those

obtained using Kubios. All HRV values can be found in S1 Data. We found that values for all

three measures of HRV were highly correlated. Pearson correlation coefficients for SDNN,

pNN50, and RMSSD calculated during the first 24 hours of PICU stay were 0.93, 0.92, and

Fig 1. Cohort inclusion and exclusion flow diagram.

https://doi.org/10.1371/journal.pone.0215930.g001

Heart rate variability as a marker of recovery from critical illness in children

PLOS ONE | https://doi.org/10.1371/journal.pone.0215930 May 17, 2019 4 / 12

https://doi.org/10.1371/journal.pone.0215930.g001
https://doi.org/10.1371/journal.pone.0215930


0.89 respectively, and 0.97, 0.97, and 0.99 respectively for the last 24 hours of PICU stay

(p< 0.0001 for all values). Bland-Altman plots were created for each HRV measure for the

first and last 24 hours. (S1 Fig) Averaged raw HRV values used to generate Bland-Altman plots

as well as means and differences can be found in S1 Table. SDNN in both the first and last 24

hours was higher when calculated from our system compared to Kubios with a mean differ-

ence of 9.5 ms in the first 24 hours and 10.4 ms in the last 24 hours with greater differences at

higher measurement values. There were smaller differences between values for pNN50 (mean

difference was 1.14 in the first 24 hours and 0.08 in the last 24 hours) and RMSSD (mean dif-

ference of 2.08 ms in the first 24 hours and 0.11 ms in the last 24 hours).

Visual representations of average HRV measurements are shown in Fig 2. These suggested

that there were different relationships in HRV in the first and last 24 hours of admission with

Table 1. Patient demographic and clinical characteristics.

Variable Median (Min-Max) /

N (%)

Age (years) 1.21 (0.28–14.81)

Hospital LOS (days) 7 (2–46)

PICU LOS (days) 4 (2–18)

Sex

Male 12 (70.6%)

Female 5 (29.4%)

PICU Diagnosis Code

Respiratory 12 (70.6%)

Cardiac 1 (5.9%)

Post-surgical 1 (5.9%)

Other 2 (11.8%)

Sepsis/suspicion of sepsis 1 (5.9%)

Ventilator use 7 (41.2%)

Total days of ventilator use 2.5 (1–16)

Anti-hypertensive use 1 (5.9%)

Anti-epileptic use 5 (29.4%)

Opiate use 8 (47.1%)

Benzodiazepine use 7 (41.5%)

Neuromuscular blockade use 5 (29.4%)

Steroid use 7 (41.2%)

Alpha-2 agonist use 2 (11.8%)

(N = 17)

https://doi.org/10.1371/journal.pone.0215930.t001

Fig 2. Log heart rate variability over time from PICU admission for first and last 24 hours of PICU stay. Mean HRV for

A) SDNN, B) RMSSD, and C) pNN50 displayed from time of PICU admission with HRV from the first 24 hours of PICU

stay in the left panel and the last 24 hours in the right panel of each graph. Loess Curves are superimposed.

https://doi.org/10.1371/journal.pone.0215930.g002
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HRV appearing higher in the last 24 hours. Mixed effects models for each log-transformed

HRV outcome with fixed effects for period of admission indicated statistically significant dif-

ferences in the first and last 24 hours of PICU stay (Table 2). HRV was higher across all three

metrics in the last 24 hours of PICU stay.

When evaluating the relationship between time (in hours) from admission and HRV, we

found statistically significant interaction terms in log RMSSD and log pNN50 models indicat-

ing this relationship was different in the first compared to last 24 hours. (Fig 3) In both models,

the slopes of log HRV measures tend to flatten or decrease in the last 24 hours. In the log

SDNN model, there was no significant interaction term indicating similar slopes in both the

first and last 24 hours. Regardless of significance of interaction terms, the log HRV measures

remained consistently higher in the last 24 hours of admission (Fig 3 and Table 2).

We found no significant relationship between demographic or clinical factors (such as diag-

nosis or medication) and any HRV measurement. However, due to the known association

between HRV and age, [25–27] we explored models including age. Adjustment for age did not

affect the association between time from admission and log HRV in different time periods

(p> 0.1 for all 3 measures).

We also analyzed whether HRV was associated with increasing PICU LOS. HRV in the first

24 hours was not significantly associated with PICU LOS. However, Spearman correlation

coefficients showed that mean SDNN (r = 0.52, p = 0.034) and pNN50 (r = 0.51, p = 0.037),

but not RMSSD (r = 0.43, p = 0.087), were significantly associated with increasing PICU LOS

in the last 24 hours (Fig 4).

Table 2. Mixed models evaluating log of the three heart rate variability metrics in the first compared to the last 24

hours of PICU stay.

Outcome Period Estimate (95% CI) P-value

Log SDNN First 24 Hours

Last 24 Hours

-0.21 (-0.23, -0.19)

Ref

<0.0001

Log RMSSD First 24 Hours

Last 24 Hours

-0.14 (-0.16, -0.11)

Ref

<0.0001

Log pNN50 First 24 Hours

Last 24 Hours

-0.41 (-0.48, -0.34)

Ref

<0.0001

https://doi.org/10.1371/journal.pone.0215930.t002

Fig 3. Mixed effects model demonstrating predicted average log heart rate variability in the first vs. last 24 hours of PICU stay. The

predicted log HRV is demonstrated for each patient (colored lines) as well as the average value (solid black line) in the first 24 hours of PICU

admission (left panel) vs. last 24 hours (right panel). Each colored line indicates an individual patient’s conditional predicted HRV accounting

for random effects with the solid black line representing the marginal predicted mean accounting only for fixed effects. Hour represents the

number of hours that have passed after admission (left panel) or number of hours that have passed in the 24 hours prior to discharge (right

panel). Hour 0 in the first period is the first measurement upon admission; hour 0 in last period is 24 hours before discharge. Mixed models

demonstrated that all three measures of HRV were significantly lower during the first 24 hours compared to the last 24 hours of PICU

admission (p<0.001).

https://doi.org/10.1371/journal.pone.0215930.g003

Heart rate variability as a marker of recovery from critical illness in children

PLOS ONE | https://doi.org/10.1371/journal.pone.0215930 May 17, 2019 6 / 12

https://doi.org/10.1371/journal.pone.0215930.t002
https://doi.org/10.1371/journal.pone.0215930.g003
https://doi.org/10.1371/journal.pone.0215930


Discussion

The principal finding of this pilot study is that all three measures of HRV were significantly

lower in the first 24 hours compared to the last 24 hours of PICU stay. This study also repre-

sents the first time, to our knowledge, that HRV in non-neonatal, critically ill pediatric patients

was calculated continuously in real-time using an automated streaming analytics platform. In

addition to establishing the feasibility of prospective real-time HRV assessment, our results

also indicate that greater mean SDNN and pNN50 in the last 24 hours were significantly asso-

ciated with greater PICU LOS. Taken together, these results suggest that HRV may be a useful

marker of clinical acuity in this population though validation in a larger cohort of patients is

needed.

Our data add to the body of evidence showing that relatively decreased HRV occurs in the

setting of critical illness (such as at the time of PICU admission) and highlight the potential

benefit of incorporating real-time HRV analysis into the PICU in the future. Much of the liter-

ature on HRV to date focuses on prediction of morbidity or mortality in patients with a spe-

cific disease or diagnosis, rather than evaluating its ability to serve as a real-time, overall

assessment of clinical acuity. [11,15,28–31] Few studies evaluate the critically ill population as

a whole, and even fewer focus on pediatric patients. One notable exception is a group that per-

formed real-time analysis of a type of HRV, called heart rate characteristic (HRC), in infants

admitted to two NICUs and assessed risk of sepsis, urinary tract infection, or death. [18] Their

results indicated that infants in the NICU with high-risk HRC measurements had a 5 to 6-fold

increase in risk of sepsis, UTI, or death in the subsequent week. Their follow-up randomized

controlled trial demonstrated a reduction in mortality in very low birthweight infants through

continuous HRC monitoring. [20] This led to the development of a commercially available

technology, but it is limited to the neonatal population. No equivalent real-time, physiologic

assessment tool exists for critically-ill pediatric patients.

The utility of HRV as a marker of clinical acuity is dependent on the ability to accurately

measure meaningful changes in real-time. While this study analyzed data retrospectively, all

HRV data were calculated prospectively in real-time and stored for analysis. These values also

correlated significantly with HRV values obtained from Kubios, a validated software program

that requires time to manually load raw RR-intervals for retrospective calculation. Addition-

ally, values from the real-time system demonstrated agreement with those from Kubios with

the exception of SDNN, which was consistently higher when calculated using the real-time sys-

tem with increasing discrepancy as HRV values increased. This could be secondary to more

Fig 4. Mean heart rate variability and PICU Length of stay. Mean HRV for a) SDNN; b) RMSSD, and c) pNN50 plotted against PICU length of stay the first

24 hours of PICU stay in the left panel and the last 24 hours in the right panel of each graph.

https://doi.org/10.1371/journal.pone.0215930.g004
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motion artifact or possibly from greater influence of respiratory sinus arrhythmia in healthier

children with higher HRV values along with differential management of these phenomena

between the two systems since artifact management techniques perform differently based on

the HRV metric of interest.[32] Additional evaluation in future studies is necessary. Even with

over-estimation of SDNN at higher values, these results indicate that, overall, our system is

able to produce comparable results to those produced by validated software.

The results of this pilot study indicate that HRV is lower during the first 24 hours of PICU

stay compared to the time period just prior to PICU discharge, supporting its ability to serve as

a marker of clinical acuity. This is not surprising considering that ANS dysregulation results

from multiple factors including inflammation and metabolic derangements, all of which con-

tribute to organ dysfunction, a hallmark of the critically ill population and often a major con-

tributing factor to PICU admission. [4,5,7,8] We also see evidence of this in the visual

representations of mean HRV trended over time from admission and in the day prior to dis-

charge. Here, HRV appears to increase over time in the first 24 hours of admission with overall

lowest HRV values appearing to occur within the first several hours of PICU stay. This is con-

sistent with the natural course of critical illness, as the most severe clinical manifestations of

critical illness tend to occur in the early part of PICU admission with most patients improving

over time with medical interventions.

Our findings that higher HRV in the last 24 hours of PICU stay was associated with

increased PICU LOS, but that lower HRV in the first 24 hours was not associated with PICU

LOS have not previously been reported. There are several possible explanations for this find-

ing. Children with longer PICU LOS have more time to recover from critical illness while

being monitored. It is possible that HRV does not return to baseline values by the time of

PICU discharge for all patients. The trajectory of recovery of HRV may depend on disease type

and severity. However, these findings suggest that additional evaluation of using HRV to assist

in clinical assessment of readiness for PICU discharge may be useful.

There are several limitations to this study. The small sample size and the retrospective

nature of the analysis limit conclusions that can be drawn. A significant proportion of patients

were excluded from analysis due to incomplete ECG data. This occurred in the setting of inad-

equate server storage that has since been addressed, but emphasizes the importance of an

inter-disciplinary collaboration to assure appropriate infrastructure and technical support.

None of the demographic and clinical variables we evaluated were associated with changes

in HRV, potentially due to our limited sample size. While age is known to be associated with

HRV in children, our patients were relatively similar in age, potentially reducing our ability to

detect this effect. Alternatively, the effects of these variables on HRV may be blunted with criti-

cal illness.

Additionally, our real-time system was not designed to adjust for heart rate when calculat-

ing HRV, which could significantly alter our findings. Multiple recent studies demonstrated

an inverse relationship between HRV and heart rate. [33–36] However, additional factors such

as the patient’s physiologic state, sex, and outcome of interest seem to affect whether adjust-

ment for heart rate affects the prognostic capabilities of HRV. Pradhapan et al. demonstrated

that accounting for the influence of HR on HRV worsened its prognostic ability when mea-

sured in subjects at rest compared to when subjects were recovering from exercise. [35] Fur-

ther, Sacha et al. found that adjusting for heart rate affected the predictive capability of HRV

for cardiac death more in males than females and that heart rate did not contribute to prognos-

tic ability of HRV when the outcome of interest was non-cardiac. [36,37]. They proposed that

modifying the dependence of HRV on HR can provide important information about risks for

different outcomes. This implies that heart rate may play more of a role in adverse
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cardiovascular outcomes and that adjusting HRV for heart rate may be appropriate in specific

circumstances. However, further evaluation is needed to provide definitive answers.

An additional concern is the presence of artifact which may alter HRV values. We used an

automated outlier detection process to eliminate presumptive non-sinus beats. In-person

review of electrocardiographic tracings was not done prior to analysis since HRV calculations

were performed in real-time. Despite these efforts at artifact management, there likely remain

non-sinus beats that were included in our HRV calculations that may alter the final values.

However, in order to create a truly functional platform for real-time calculation of HRV we

must be able to accommodate some artifact. While intermittent inaccuracies may occur, it is

important to determine the significance of the trend over time even with those errors.

In order to further elucidate these findings, future efforts will incorporate analysis of fre-

quency domain and non-linear measures with adjustment for heart rate for a more compre-

hensive assessment of HRV. In this pilot study, only the first and last 24 hours of HRV were

analyzed due to our desire to compare a defined time of critical illness with a defined time of

resolution of critical illness using clinician-determined identification of patient status. Our

next step is to validate our findings on a larger scale and will include all PICU patients as well

as longitudinal data as it is likely that HRV may change throughout ICU stay as patient illness

severity changes. Future efforts will also focus on evaluating whether HRV is able to predict

changes in clinical status including worsening organ dysfunction.

Conclusion

This study represents a first step in applying real-time HRV calculation in the PICU and dem-

onstrates that changes in HRV can be detected over time. These findings suggest that HRV

analysis may be able to augment the clinician’s understanding of their patient’s physiologic

state as it alters between one of critical illness and relative health, which support the hypothesis

that HRV would be a useful marker of clinical acuity in patients admitted to the PICU. How-

ever, further studies on a larger scale are needed to gain additional insight into the significance

of HRV changes in this population.

Supporting information

S1 Data. Patient data and heart rate variability values for all evaluated patients.

(XLSX)

S1 Fig. Bland-Altman plots for comparison of HRV from our real-time system and Kubios.
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S1 Table. Raw average HRV values used to in Bland-Altman Plots. The raw HRV values

averaged over the first and last 24 hours of PICU stay along with the differences and means are

included.

(XLSX)

Author Contributions

Conceptualization: Lauren E. Marsillio, Mark S. Wainwright.

Data curation: Tomas Manghi.

Heart rate variability as a marker of recovery from critical illness in children

PLOS ONE | https://doi.org/10.1371/journal.pone.0215930 May 17, 2019 9 / 12

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0215930.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0215930.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0215930.s003
https://doi.org/10.1371/journal.pone.0215930


Formal analysis: Michael S. Carroll, Lauren C. Balmert.

Funding acquisition: Mark S. Wainwright.

Investigation: Lauren E. Marsillio, Tomas Manghi, Mark S. Wainwright.

Methodology: Lauren E. Marsillio, Michael S. Carroll, Lauren C. Balmert, Mark S.

Wainwright.

Project administration: Lauren E. Marsillio.

Resources: Michael S. Carroll, Mark S. Wainwright.

Supervision: Mark S. Wainwright.

Validation: Michael S. Carroll, Lauren C. Balmert.

Writing – original draft: Lauren E. Marsillio, Tomas Manghi.

Writing – review & editing: Lauren E. Marsillio, Tomas Manghi, Michael S. Carroll, Lauren

C. Balmert, Mark S. Wainwright.

References
1. Czura CJ, Tracey KJ (2005) Autonomic neural regulation of immunity. J Intern Med 257: 156–166.

https://doi.org/10.1111/j.1365-2796.2004.01442.x PMID: 15656874

2. Huston JM, Tracey KJ (2011) The pulse of inflammation: heart rate variability, the cholinergic anti-

inflammatory pathway and implications for therapy. J Intern Med 269: 45–53. https://doi.org/10.1111/j.

1365-2796.2010.02321.x PMID: 21158977

3. Toner A, Whittle J, Ackland GL (2013) Autonomic Dysfunction Is the Motor of Chronic Critical Illness. In:

Vincent J-L, editor. Annual Update in Intensive Care and Emergency Medicine 2013. Berlin, Heidel-

berg: Springer Berlin Heidelberg. pp. 199–209.

4. Bento L, Fonseca-Pinto R, Povoa P (2017) Autonomic nervous system monitoring in intensive care as a

prognostic tool. Systematic review. Rev Bras Ter Intensiva 29: 481–489. https://doi.org/10.5935/0103-

507X.20170072 PMID: 29340538

5. Schmidt H, Hoyer D, Wilhelm J, Soffker G, Heinroth K, et al. (2008) The alteration of autonomic function

in multiple organ dysfunction syndrome. Crit Care Clin 24: 149–163, ix. https://doi.org/10.1016/j.ccc.

2007.10.003 PMID: 18241783

6. Hilz MJ, Liu M, Roy S, Wang R (2018) Autonomic dysfunction in the neurological intensive care unit.

Clin Auton Res.

7. Kenney MJ, Ganta CK (2014) Autonomic nervous system and immune system interactions. Compr

Physiol 4: 1177–1200. https://doi.org/10.1002/cphy.c130051 PMID: 24944034

8. Schmidt HB, Werdan K, Muller-Werdan U (2001) Autonomic dysfunction in the ICU patient. Curr Opin

Crit Care 7: 314–322. PMID: 11805528

9. (1996) Heart rate variability: standards of measurement, physiological interpretation and clinical use.

Task Force of the European Society of Cardiology and the North American Society of Pacing and

Electrophysiology. Circulation 93: 1043–1065. PMID: 8598068

10. Agelink MW, Boz C, Ullrich H, Andrich J (2002) Relationship between major depression and heart rate

variability. Clinical consequences and implications for antidepressive treatment. Psychiatry Res 113:

139–149. PMID: 12467953

11. Chen WL, Kuo CD (2007) Characteristics of heart rate variability can predict impending septic shock in

emergency department patients with sepsis. Acad Emerg Med 14: 392–397. https://doi.org/10.1197/j.

aem.2006.12.015 PMID: 17389245

12. Ellenby MS, McNames J, Lai S, McDonald BA, Krieger D, et al. (2001) Uncoupling and recoupling of

autonomic regulation of the heart beat in pediatric septic shock. Shock 16: 274–277. PMID: 11580109

13. Morris JA Jr., Norris PR, Ozdas, Waitman LR, Harrell FE Jr., et al. (2006) Reduced heart rate variability:

an indicator of cardiac uncoupling and diminished physiologic reserve in 1,425 trauma patients. J

Trauma 60: 1165–1173; discussion 1173–1164. https://doi.org/10.1097/01.ta.0000220384.04978.3b

PMID: 16766957

Heart rate variability as a marker of recovery from critical illness in children

PLOS ONE | https://doi.org/10.1371/journal.pone.0215930 May 17, 2019 10 / 12

https://doi.org/10.1111/j.1365-2796.2004.01442.x
http://www.ncbi.nlm.nih.gov/pubmed/15656874
https://doi.org/10.1111/j.1365-2796.2010.02321.x
https://doi.org/10.1111/j.1365-2796.2010.02321.x
http://www.ncbi.nlm.nih.gov/pubmed/21158977
https://doi.org/10.5935/0103-507X.20170072
https://doi.org/10.5935/0103-507X.20170072
http://www.ncbi.nlm.nih.gov/pubmed/29340538
https://doi.org/10.1016/j.ccc.2007.10.003
https://doi.org/10.1016/j.ccc.2007.10.003
http://www.ncbi.nlm.nih.gov/pubmed/18241783
https://doi.org/10.1002/cphy.c130051
http://www.ncbi.nlm.nih.gov/pubmed/24944034
http://www.ncbi.nlm.nih.gov/pubmed/11805528
http://www.ncbi.nlm.nih.gov/pubmed/8598068
http://www.ncbi.nlm.nih.gov/pubmed/12467953
https://doi.org/10.1197/j.aem.2006.12.015
https://doi.org/10.1197/j.aem.2006.12.015
http://www.ncbi.nlm.nih.gov/pubmed/17389245
http://www.ncbi.nlm.nih.gov/pubmed/11580109
https://doi.org/10.1097/01.ta.0000220384.04978.3b
http://www.ncbi.nlm.nih.gov/pubmed/16766957
https://doi.org/10.1371/journal.pone.0215930


14. Norris PR, Morris JA Jr., Ozdas A, Grogan EL, Williams AE (2005) Heart rate variability predicts trauma

patient outcome as early as 12 h: implications for military and civilian triage. J Surg Res 129: 122–128.

https://doi.org/10.1016/j.jss.2005.04.024 PMID: 15978622

15. Norris PR, Ozdas A, Cao H, Williams AE, Harrell FE, et al. (2006) Cardiac uncoupling and heart rate

variability stratify ICU patients by mortality: a study of 2088 trauma patients. Ann Surg 243: 804–812;

discussion 812–804. https://doi.org/10.1097/01.sla.0000219642.92637.fd PMID: 16772784

16. Pontet J, Contreras P, Curbelo A, Medina J, Noveri S, et al. (2003) Heart rate variability as early marker

of multiple organ dysfunction syndrome in septic patients. Journal of Critical Care 18: 156–163. PMID:

14595568

17. Song T, Qu XF, Zhang YT, Cao W, Han BH, et al. (2014) Usefulness of the heart-rate variability com-

plex for predicting cardiac mortality after acute myocardial infarction. BMC Cardiovasc Disord 14: 59.

https://doi.org/10.1186/1471-2261-14-59 PMID: 24886422

18. Griffin MP, Lake DE, Bissonette EA, Harrell FE Jr., O’Shea TM, et al. (2005) Heart rate characteristics:

novel physiomarkers to predict neonatal infection and death. Pediatrics 116: 1070–1074. https://doi.

org/10.1542/peds.2004-2461 PMID: 16263991

19. Griffin MP, O’Shea TM, Bissonette EA, Harrell FE Jr., Lake DE, et al. (2003) Abnormal heart rate char-

acteristics preceding neonatal sepsis and sepsis-like illness. Pediatr Res 53: 920–926. https://doi.org/

10.1203/01.PDR.0000064904.05313.D2 PMID: 12646726

20. Moorman JR, Carlo WA, Kattwinkel J, Schelonka RL, Porcelli PJ, et al. (2011) Mortality reduction by

heart rate characteristic monitoring in very low birth weight neonates: a randomized trial. J Pediatr 159:

900–906 e901. https://doi.org/10.1016/j.jpeds.2011.06.044 PMID: 21864846

21. Karmali SN, Sciusco A, May SM, Ackland GL (2017) Heart rate variability in critical care medicine: a

systematic review. Intensive Care Med Exp 5: 33. https://doi.org/10.1186/s40635-017-0146-1 PMID:

28702940

22. Stein PK (2013) Challenges of heart rate variability research in the ICU. Crit Care Med 41: 666–667.

https://doi.org/10.1097/CCM.0b013e318270e6f0 PMID: 23353948

23. Tarvainen MP, Niskanen JP, Lipponen JA, Ranta-Aho PO, Karjalainen PA (2014) Kubios HRV—heart

rate variability analysis software. Comput Methods Programs Biomed 113: 210–220. https://doi.org/10.

1016/j.cmpb.2013.07.024 PMID: 24054542

24. Bland JM, Altman DG (1986) Statistical methods for assessing agreement between two methods of clin-

ical measurement. Lancet 1: 307–310. PMID: 2868172

25. Finley JP, Nugent ST (1995) Heart rate variability in infants, children and young adults. J Auton Nerv

Syst 51: 103–108. PMID: 7738283

26. Mehta SK, Super DM, Connuck D, Salvator A, Singer L, et al. (2002) Heart rate variability in healthy

newborn infants. Am J Cardiol 89: 50–53. PMID: 11779522

27. Michels N, Clays E, De Buyzere M, Huybrechts I, Marild S, et al. (2013) Determinants and reference val-

ues of short-term heart rate variability in children. Eur J Appl Physiol 113: 1477–1488. https://doi.org/

10.1007/s00421-012-2572-9 PMID: 23269492

28. Mowery NT, Norris PR, Riordan W, Jenkins JM, Williams AE, et al. (2008) Cardiac uncoupling and

heart rate variability are associated with intracranial hypertension and mortality: a study of 145 trauma

patients with continuous monitoring. J Trauma 65: 621–627. https://doi.org/10.1097/TA.

0b013e3181837980 PMID: 18784576

29. Nemati S, Holder A, Razmi F, Stanley MD, Clifford GD, et al. (2018) An Interpretable Machine Learning

Model for Accurate Prediction of Sepsis in the ICU. Crit Care Med 46: 547–553. https://doi.org/10.

1097/CCM.0000000000002936 PMID: 29286945

30. Schmidt H, Muller-Werdan U, Hoffmann T, Francis DP, Piepoli MF, et al. (2005) Autonomic dysfunction

predicts mortality in patients with multiple organ dysfunction syndrome of different age groups. Crit Care

Med 33: 1994–2002. PMID: 16148471

31. Yokota Y, Kawamura Y, Matsumaru N, Shirai K (2012) Septic Shock Prediction by Real Time Monitor-
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