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Heart rate fluctuation predicts mortality in critically ill patients in
the intensive care unit: a retrospective cohort study
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Background: To evaluate the association between heart rate (HR) fluctuation and mortality in critically ill
patients in the intensive care unit (ICU).
Methods: A total of 27,814 patients were enrolled from the Medical Information Mart for Intensive
Care database and were divided into 3 groups: low HR fluctuation [<25 beats per minute (bpm)], control
(25–34 bpm), and high HR fluctuation (≥35 bpm), based on the initial 24-hour HR fluctuation (calculated
as the maximum HR minus minimum HR). Multivariate Cox regression and restricted cubic spline models
were used.
Results: Compared to the control group, higher risk of 28-day and 1-year mortality remained significant
in an adjusted model, with hazard ratios of 1.210 [95% confidence interval (CI), 1.103–1.327] and 1.150 (95%
CI, 1.078–1.227), respectively, in the high HR fluctuation group, as well as hazard ratios of 1.130 (95% CI,
1.035–1.232) and 1.087 (95% CI, 1.022–1.157), respectively, in the low HR fluctuation group. Restricted
cubic splines showed a U-type curve, with the lowest risk of mortality at an HR fluctuation of 30 bpm.
Conclusions: This retrospective cohort study revealed that both high and low HR fluctuation correlated
with increased mortality in critically ill ICU patients, providing new insights for optimizing HR control
strategies.
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Introduction
Elevated resting heart rate (HR) has been widely associated
with mortality across a broad spectrum of diseases (1-3).
Circadian rhythms, which drive the sleep-wake cycle, are
involved in the physiological process of HR variation to adapt
to the external environment (4). Except sleep-wake cycle,

demographic factors, such as age and sex, and lifestyles, such
as physical activity, alcohol and smoking, were also showed to
be involved in the physiological process of HR variation (5).
Recently, HR variability has been the focus of increased
attention. In particular, decreased HR variability, which is
associated with impaired automatic nervous function, has
been shown to predict the risk of cardiovascular and all-
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cause mortality in community-based populations (6,7). In the
intensive care unit (ICU), the circadian rhythms of critically
ill patients are more easily disrupted by altered lightdark cycles and a different external environment (8). HR
fluctuation between the maximum and minimum HR in a
24-hour period is an accessible marker representing circadian
changes in HR. In the ICU, it was reported that several heart
rate dynamics, including mean HR and its fluctuation, could
be used to predict transfusion requirement (9). While the
association between HR fluctuation and mortality in the ICU
remains unknown. Several circadian variation factors, such as
blood pressure and blood glucose level, were demonstrated to
be associated with mortality (10,11). Thus, we hypothesized
that disrupted HR fluctuation, as one of the accessible
circadian variation factors, may also have predictive value for
prognosis in ICU patients.
A U-shaped relationship between higher mortality and
both high HR and low HR was reported in a hypertensive
cohort, indicating that HR above or below a suitable level
may suggest poor prognosis (12). Adequate HR control
has been shown to be a beneficial treatment for fast HR
disorders (13). However, unlike mean HR control, evidence
for recommendations to control HR fluctuation to a target
range remains limited.
In this study, we aimed to elucidate the association between
HR fluctuation and risk of mortality, as well as the appropriate
HR fluctuation target with lowest risk of death in the ICU.
We designed and conducted this retrospective cohort study
by using multivariate Cox proportional hazards regression
modeling and restricted cubic spline modeling based on the
Medical Information Mart for Intensive Care (MIMICIII) database. Briefly, MIMIC-III is a large, public, and free
database comprising deidentified health-related records
associated with more than 30,000 patients who stayed in ICU
of the Beth Israel Deaconess Medical Center between 2001
and 2012 (14). Based on the MIMIC-III database, a diverse
range of analytic studies spanning epidemiology, clinical
decision improvement, and electronic tool development were
carried out. Our study may be helpful for providing novel
evidence to optimize HR control strategies.
We present the following article in accordance with the
STROBE reporting checklist (available at http://dx.doi.
org/10.21037/atm-20-7897).
Methods
Data source
The data for this retrospective cohort study were extracted
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from the MIMIC-III database. The MIMIC-III database
consists of comprehensive and de-identified clinical data
from 53,423 distinct ICU stays for 38,597 adult patients
during the period of 2001 to 2012. A relational database
was established with demographic data, laboratory tests,
discharge summaries, electrocardiography, imaging
examinations, diagnostic information such as the
International Classification of Diseases, Ninth Revision
(ICD-9) codes, and in-hospital and out-of-hospital
mortality. The use of the MIMIC-III database was approved
by the review boards of the Massachusetts Institute of
Technology and Beth Israel Deaconess Medical Center (14).
The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013).
Study cohort
Structure Query Language was applied for data
extraction (15). Study inclusion criteria were as follows:
(I) age ≥18 years; (II) length of ICU stay >1 day; and (III)
only the first ICU admission was included for patients with
multiple ICU admissions. A total of 27,814 ICU stay records
were extracted after exclusion of patients with censored
age, no HR records, or no weight records (Figure 1).
All characteristics were collected in the initial 24-hour
documentation following admission. The following
variables for further statistical analysis were included: (I)
basic demographics, including age, sex, and weight; (II)
HR, use of sedatives, ventilation, vasopressors, simplified
acute physiology score (SAPS), sequential organ failure
assessment (SOFA) score; and (III) comorbidities, including
arrhythmia, congestive heart failure (CHF), diabetes, renal
failure, liver disease, and metastatic cancer. Missing values
were fulfilled with predictive values by random forest using
miss Forest package in R (16).
HR fluctuation and outcomes
HR was measured at least once per hour for each subject.
HR fluctuation was calculated as the maximum HR minus
the minimum HR in the initial 24 hours. According to the
level of HR fluctuation, participants were divided into 3
groups: low HR fluctuation [<25 beats per minute (bpm)],
control group (25–34 bpm), and high HR fluctuation
(≥35 bpm). In the baseline characteristics analysis and
Cox regression analysis, these cut-off values of HR were
designed to guarantee that each group shared a relatively
equal sample size. And in nonlinear association analysis,
Ann Transl Med 2021;9(4):334 | http://dx.doi.org/10.21037/atm-20-7897

Annals of Translational Medicine, Vol 9, No 4 February 2021

Page 3 of 10

ICU stay records
n=61,532
Age ≥18 years
Length of ICU stay >1 day
Only included the first ICU admission for each patient
ICU stay records
n=32,548
Excluded patients with censored age
Excluded patients with no HR records
Excluded patients with no weight records
ICU stay records
n=27,814

Control Group
(25–34 bpm)
n=8,368

Low HR fluctuation group
(<25 bpm)
n=9,189

High HR fluctuation group
(≥35 bpm)
n=10,257

Figure 1 Flow chart of patient selection from the MIMIC-Ⅲ database. ICU, intensive care unit; HR, heart rate; bpm, beats per minute;
MIMIC, Medical Information Mart for Intensive Care.

the target value of HR with lowest risk of mortality was
evaluated by restricted cubic spline model. In this study,
28-day mortality and 1-year mortality were defined as the
outcome events, which were also available in the MIMICIII database.
Statistical analysis
Normally distributed continuous variables are presented
as the mean ± standard deviation, while non-normally
distributed data are presented as the median [interquartile
range (IQR)]. Differences among continuous variables
were tested using analysis of variance or the rank-sum
test, as appropriate. Categorical variables are presented as
a number (percentage) and were tested by the chi-square
test. Cox regression models with backward process were
used to investigate the association between HR fluctuation
and outcomes. Adjusted variables included age, male sex,
weight, SAPS score, SOFA score, mean HR, ventilation,
vasopressors, sedatives, arrhythmias, CHF, hypertension,
diabetes, renal failure, and liver disease. Hazard ratios and
95% confidence intervals (CI) for the high and low HR
fluctuation groups were calculated and compared with the
control group. An adjusted model using restricted cubic
spline with 5 knots was constructed to flexibly represent the
association between the risk of mortality and HR fluctuation
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as a continuous variable (17). Further sensitivity analyses
were conducted to evaluate the influence of different mean
HR or comorbidities on our results.
A two-tailed P value <0.05 was considered statistically
significant in our study. SPSS software (version 23.0, IBM,
NY, USA) and R (version 3.6.3, R Foundation for Statistical
Computing, Vienna, Austria) were utilized for statistical
analysis.
Results
Baseline characteristics of enrolled patients
The control group, low HR fluctuation group, and high HR
fluctuation group comprised 8,368, 9,189, and 10,257 ICU
patients, respectively. Patients in the high HR fluctuation
group had the lowest age, ratio of males, and weight, as well
as the highest SAPS score, HR fluctuation, and mean HR
among the 3 groups. Meanwhile, the high HR fluctuation
group showed a significantly higher exposure rate for
ventilation, vasopressors, and sedatives compared to the low
HR fluctuation and control groups. Additionally, the high
HR fluctuation group was most likely to suffer arrhythmias
and CHF among the 3 groups, while the low HR fluctuation
group had a higher prevalence of hypertension, diabetes,
renal failure, and liver disease. No significant difference was
found in the prevalence of metastatic cancer among the 3

Ann Transl Med 2021;9(4):334 | http://dx.doi.org/10.21037/atm-20-7897

Guo et al. Heart rate fluctuation and mortality in the ICU

Page 4 of 10
Table 1 Baseline characteristics among different HR fluctuation groups
Variables

Control group (25–34 bpm)

Low HR fluctuation group (<25 bpm)

High HR fluctuation group (≥35 bpm)

8,368

9,189

10,257

62.5±16.3

64.6±14.8

62.1±17.7

<0.001

4,960 (59.3)

5,392 (58.7)

5,851 (57.0)

0.005

82.3±23.5

83.6±25.6

80.4±22.8

<0.001

SAPS score

18.0 (14.0–21.0)

17.0 (14.0–20.0)

19.0 (16.0–23.0)

<0.001

SOFA score

4.0 (2.0–6.0)

4.0 (2.0–6.0)

4.0 (2.0–6.0)

<0.001

29.0 (27.0–32.0)

19.0 (16.0–22.0)

45.0 (39.0–55.0)

<0.001

85.3±14.4

81.8±15.0

90.1±15.5

<0.001

Ventilation

4,586 (54.8)

4,182 (45.5)

6,287 (61.3)

<0.001

Vasopressor

2,809 (33.6)

2,855 (31.1)

3,928 (38.3)

<0.001

Sedative

4,345 (51.9)

3,896 (42.4)

5,846 (57.0)

<0.001

Arrhythmias

998 (11.9)

1,219 (13.3)

1,940 (18.9)

<0.001

CHF

924 (11.0)

1,167 (12.7)

1,346 (13.1)

<0.001

Hypertension

651 (7.8)

1,025 (11.2)

876 (8.5)

<0.001

2,075 (24.8)

2,722 (29.6)

2,323 (22.6)

<0.001

Renal failure

767 (9.2)

1,240 (13.5)

1,047 (10.2)

<0.001

Liver disease

463 (5.5)

595 (6.5)

593 (5.8)

0.022

Metastatic cancer

343 (4.1)

384 (4.2)

478 (4.7)

0.118

28-day mortality

825 (9.9)

1,023 (11.1)

1,569 (15.3)

<0.001

1-year mortality

1,701 (20.3)

2,101 (22.9)

2,791 (27.2)

<0.001

n
Age, years
Male
Weight, kg

HR fluctuation, bpm
Mean HR, bpm

Diabetes

P

Normally distributed continuous variables are presented as the mean ± standard deviation, while non-normally distributed data are
presented as the median (IQR). Differences among continuous variables were tested using analysis of variance or the rank-sum test, as
appropriate. Categorical variables are presented as the number (percentage), and differences among them were tested by the chi-square
test. HR, heart rate; bpm, beats per minute; SAPS, simplified acute physiology score; SOFA, sequential organ failure assessment; CHF,
congestive heart failure; IQR, interquartile range.

groups. Importantly, patients in the control group suffered
the lowest 28-day and 1-year mortality among the 3 groups
(both P<0.001) (Table 1).
Association between HR fluctuation and mortality
Compared to the control group, both the high and low HR
fluctuation groups were associated with a higher risk of
28-day mortality and 1-year mortality in the crude
model (each P<0.05). Even after adjusting for age, sex,
weight, SAPS score, SOFA score, mean HR, ventilation,
vasopressors, sedatives, arrhythmias, CHF, hypertension,
diabetes, renal failure, and liver disease, the higher risk of
28-day mortality and 1-year mortality remained significant
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in the high HR fluctuation group, with hazard ratios of 1.210
(95% CI, 1.103–1.327) and 1.150 (95% CI, 1.078–1.227),
respectively, as well as in the low HR fluctuation group,
with hazard ratios of 1.130 (95% CI, 1.035–1.232) and 1.087
(95% CI, 1.022–1.157), respectively (Table 2).
The survival curves consistently showed that the high
HR fluctuation group was significantly associated with the
highest risk of 28-day and 1-year mortality, followed by
the low HR fluctuation group and control group (log rank
P<0.001) (Figure 2).
Moreover, a typical U-type curve was also observed in
restricted cubic splines, representing a nonlinear association
between HR fluctuation and 28-day and 1-year mortality,
with an HR fluctuation of 30 bpm conveying the lowest risk
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Table 2 The association between HR fluctuation and mortality by Cox regression hazard models
28-day mortality

Models

1-year mortality

Hazard ratio (95% CI)

P

Hazard ratio (95% CI)

P

Crude model
Control group

1 (reference)

1 (reference)

Low HR fluctuation group

1.134 (1.035–1.243)

0.007

1.140 (1.069–1.215)

<0.001

High HR fluctuation group

1.606 (1.476–1.747)

<0.001

1.414 (1.331–1.502)

<0.001

Adjusted model
Control group

1 (reference)

1 (reference)

Low HR fluctuation group

1.210 (1.103–1.327)

<0.001

1.150 (1.078–1.227)

<0.001

High HR fluctuation group

1.130 (1.035–1.232)

0.006

1.087 (1.022–1.157)

0.008

Adjusted variables included age, male sex, weight, SAPS score, SOFA score, mean HR, ventilation, vasopressors, sedatives, arrhythmias,
CHF, hypertension, diabetes, renal failure, and liver disease. HR, heart rate; CI, confidence interval; SAPS, simplified acute physiology
score; SOFA, sequential organ failure assessment; CHF, congestive heart failure.

A

B

Control group

1.0

1.0

Low HR fluctuation group

Survival probability

Survival probability

High HR fluctuation group

0.9

0.8

0.7

Log rank P<0.001
0

0.9

0.8

Log rank P<0.001

0.7

10

20

30

0

Time, day

120
240
Time, day

360

HR fluctuation

Number at risk

25–34 bpm

8368

7871

7646

7533

8368

7096

6839

6676

<25 bpm

9189

8595

8306

8151

9189

7630

7280

7099

≥35 bpm

10257

9269

8876

8682

10257

8063

7703

7477

10

20

0

Number at risk

Time, day

30

0

120
240
Time, day

360

Figure 2 Survival curves for (A) 28-day mortality and (B) 1-year mortality among different HR fluctuation groups. Participants were divided
into 3 groups based on initial 24-hour HR fluctuation: low HR fluctuation (<25 bpm), control (25–34 bpm), and high HR fluctuation
(≥35 bpm). HR, heart rate; bpm, beats per minute.

(Figure 3).
Sensitivity analyses
To evaluate the influence of different mean HR or
comorbidities on mortality, all patients were divided into
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subgroups for further sensitivity analysis. For 28-day
mortality, the association between HR fluctuation and
mortality remained significant in a subgroup with mean
HR ≥85 bpm, acute kidney injury, or sedative use (each
P<0.05) but not in a subgroup with hypertension or
arrhythmias (Figure 4). For 1-year mortality, the influence
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B

3

3

Hazard ratio for 1-year mortality

Hazard ratio for 28-day mortality

A

2

1

0

50
100
HR fluctuation, bpm

150

2

1

0

50
100
HR fluctuation, bpm

150

Figure 3 Association between HR fluctuation and adjusted hazard ratios for (A) 28-day mortality and (B) 1-year mortality. These analyses
used a model with restricted cubic splines and were adjusted for age, male sex, weight, SAPS score, SOFA score, mean HR, ventilation,
vasopressors, sedatives, arrhythmias, CHF, hypertension, diabetes, renal failure, and liver disease. The reference (hazard ratio =1, horizontal
dotted line) is an HR of 30 bpm (vertical dotted line). HR, heart rate; CI, confidence interval; bpm, beats per minute; SAPS, simplified acute
physiology score; SOFA, sequential organ failure assessment; CHF, congestive heart failure.

of HR fluctuation on mortality was weakened but remained
significant in a subgroup with sedative use (P<0.05) (Figure 5).
Discussion
This retrospective cohort study included 27,814 ICU
patient records, which were divided into a control group,
low HR fluctuation group, and high HR fluctuation group
based on different HR fluctuation levels during the first
24 hours following admission. In brief, we found that both
28-day mortality and 1-year mortality were significantly
increased in the high HR fluctuation group and low HR
fluctuation group when compared with the control group.
These results were also reflected by the survival curves.
Importantly, there was a typical U-type curve in the
restricted cubic splines, depicting a nonlinear association
between HR fluctuation and 28-day and 1-year mortality,
with the lowest risk at an HR fluctuation of 30 bpm. To
the best of our knowledge, this is the first retrospective
cohort study to clearly reveal that daily HR fluctuation
could predict prognosis in ICU patients, highlighting the
importance of daily HR fluctuation control.
Daily HR variation, similar to blood pressure variation,
is determined by neural regulation for systemic adaption to
the external and internal environment (18). Patients admitted
to the ICU are commonly exposed to disordered rhythmic
light-dark cycles, sedative use, and other conditions that

© Annals of Translational Medicine. All rights reserved.

largely differ from the normal environment, resulting in
impaired physiological homeostasis and circadian rhythm
disorders (8,19). Our results showed more common usage
of ventilation, vasopressors, and sedatives in the high HR
fluctuation group compared to the low HR fluctuation and
control groups, indicating severe illness in the high HR
fluctuation group. Patients with high HR fluctuation were
more likely to suffer arrhythmias and CHF, while the highest
prevalence of diabetes, hypertension, renal failure, and liver
disease occurred in the low HR fluctuation group. In a
community population, it was reported that HR in 24 hours
was 75.8±9.4 bpm, with a fluctuation of nearly 18.8 bpm (20).
And in a CHF patients’ population, average HR fluctuation
was 47 bpm (IQR, 36–59) (21). These results support the
notion that HR fluctuation might be associated with different
diseases or severity of illness, and marked heterogeneity
existed among the different HR fluctuation groups.
Previous cohort studies have concluded that increased
mean HR upon admission was independently associated
with elevated all-cause mortality and in-hospital mortality
in the general population and among patients with acute
coronary syndrome (3,22). Furthermore, beat-to-beat HR
variability can also predict sudden cardiac death and allcause mortality (23-25). The risk of cardiac mortality for a
low standard deviation of normal-to-normal RR intervals
was significantly elevated in both young adults and the
elderly (24). Usual leisure activities and walking helped
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Figure 4 The association between HR fluctuation and 28-day mortality in subgroups. These analyses used multivariate Cox regression
modeling and were adjusted for age, male sex, weight, SAPS score, SOFA score, mean HR, ventilation, vasopressors, sedatives, arrhythmias,
CHF, hypertension, diabetes, renal failure, and liver disease. The reference group was the control group. HR, heart rate; CI, confidence
interval; bpm, beats per minute; SAPS, simplified acute physiology score; SOFA, sequential organ failure assessment; CHF, congestive heart
failure; AKI, acute kidney injury.

Figure 5 The association between HR fluctuation and 1-year mortality in subgroups. These analyses used multivariate Cox regression
modeling and were adjusted for age, male sex, weight, SAPS score, SOFA score, mean HR, ventilation, vasopressors, sedatives, arrhythmias,
CHF, hypertension, diabetes, renal failure, and liver disease. The reference group was the control group. HR, heart rate; CI, confidence
interval; bpm, beats per minute; SAPS, simplified acute physiology score; SOFA, sequential organ failure assessment; CHF, congestive heart
failure; AKI, acute kidney injury.
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improve specific HR variability indices, indicating enhanced
autonomic function in older adults, including normalized
circadian fluctuations (26). Combined with our results, these
findings stress that appropriate HR fluctuation should be
fully considered in HR control strategies for ICU patients
for better prognosis. Due to the high risk of mortality for
patients with high HR fluctuation, active treatment of
primary disease was well warranted. Besides, close vital sign
monitoring and strategies for choosing different times of
the day at which to perform some medical procedures or
drugs might also be beneficial to these patients (27).
Increased resting HR has been widely validated to
be linearly associated with a higher risk of all-cause
mortality in the general population and among patients
with hypertension (28-30). Interestingly, a U-type curve
was fitted by restricted cubic splines in our study, which
revealed a nonlinear association between HR fluctuation
and the risk of 28-day or 1-year mortality, with the lowest
risk at an HR fluctuation of 30 bpm. Current HR control
is effective in the treatment of fast HR disorders, including
atrial fibrillation and CHF, with an appropriate HR
target of approximately 80 bpm for minimizing the risk
of cardiovascular events (13,31,32). Our results provide
a critical point for optimizing HR control by targeting
30 bpm for proper HR fluctuation control, which could be
helpful to maintain stable HR circadian rhythms and reduce
the risk of all-cause mortality in critically ill patients.
There were some limitations to this study. First, since
this was a real-world data-based retrospective study in which
different intervals between HR monitoring measurements
for each patient might have existed, we calculated the HR
fluctuation between the maximum and minimum HR across
the initial 24 hours, with further adjustment for multiple
covariates in the regression models to reduce their potential
impact on the risk of mortality. Second, there was inevitable
selection bias from the retrospective study design. Thus,
future external validation will help enhance the credibility
of our results. Third, sensitivity analyses showed that the
association between HR fluctuation and mortality was
impaired in the subgroup with hypertension or arrhythmia.
These results might be due to the small sample sizes of
these subgroups, as well as the HR-limiting therapy in these
patients, which could influence the level of HR fluctuation.
Conclusions
In conclusion, this retrospective cohort study revealed an
independent association between HR fluctuation and 28-day
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and 1-year mortality in ICU patients, with the lowest
risk associated with an HR fluctuation of 30 bpm. HR
fluctuation might be an accessible and reliable predictor for
the risk of mortality in critically ill patients, which should
be considered and further validated in future studies on HR
control strategies.
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