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Abstract
Background: Disrupted circadian temperature is commonly observed in patients in the intensive care unit
(ICU). The aim of this study is to examine the association between body temperature (BT) circadian
rhythm and mortality critically in patients receiving ICU admission for at least 24h.

Method: Adult patients with a complete record of temperature during the �rst 24 hours of ICU stay in the
Multi-parameter Intelligent Monitoring in Intensive Care III (MIMIC-III) database were included in this
retrospective cohort study. Body temperature circadian rhythm ratio (BTCRR) was calculated according to
the value of mean nighttime divided by daytime mean temperature. All patients were divided into the
nocturnal BT rising (NBTR) group (BTCRR >1) and the non-NBTR group (BTCRR≤1). Five subgroups were
also built according to different quantile of BTCRR (5%, 10%, 30%, 50%). The associations of NBTR,
subgroup, and BTCRR with 28-day mortality were assessed separately using Cox proportional hazards
model.

Findings: The overall cohort comprised 32419 patients. The non-NBTR group (n=20148) had higher 28-
day mortality than the NBTR group (n=12271). After adjusting for covariates, the analysis showed that
NBTR was signi�cantly associated with mortality at 28 days (hazard ratio: 0.923; 95% CI, 0.888–0.960,
P<0.05). All results of subgroup analysis showed obvious statistical signi�cance, and similar results
persisted in the patients with different groups. The % BTCRR had a signi�cant non-linear (p < 0.05)
association with 28d-mortality after adjusting for other variables (p < 0.05). Increasing the percentage up
to 101% resulted in a hazard ratio (HR) to reduced mortality (HR: 0.96; 95%, 0.941–0.972, P<0.001), while
increases above 101 % didn’t make a signi�cant suggestion in mortality.

Conclusions: The �ndings of this study suggest that both low and high BTCRR indicates a poor outcome,
such that having a BTCRR of 101% had a survival advantage. BTCRR may aid in the early identi�cation
of critically ill patients at high risk of 28-day mortality. These �ndings may provide a basis for future
randomized controlled trials comparing temperature control of ICU patients.

Introduction
The condition of intensive care unit (ICU) patients is exposed to their own pathophysiological state as
well as psychological, environmental, iatrogenic and other factors [1, 2]. Early physiological monitoring
and systematic assessment can aid clinicians in making effective interventions to improve patient
outcome [3]. However, existing severity scoring systems and prediction tools give rise to challenges in
integrating a comprehensive panel of physiologic variables and presenting to clinicians interpretable
models early in a hospital admission. In particular, most approaches to early prediction of the severity of
patients in ICU rely on the �rst 24h, 48h or 72 h of a patient’s ICU stay [4–6].

It is clear that the exposure factors of ICU patients induce disorders by affecting physiological
homeostasis, including body temperature (BT), circadian rhythm, blood pressure, etc. [7]. To the best of
our knowledge, this series of homeostasis imbalances is a major contributor to poor outcomes in ICU
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patients, leading to emotional depression, delirium, immune disorders, and cognitive impairment [8]. It is
generally recognized that homeostasis balances of BT typically re�ected as approximately 0.5°C around
a mean of 37.0°C in healthy individuals [9]. On the contrary, it's worth noting that abnormal circadian
body temperature (CBT) is associated with worse Acute Physiology and Chronic Health Evaluation III
scores (APCHE III), suggesting that CBT monitoring can be a good predictor of potential ICU patients or
that adjusting their CBT may improve outcomes [7]. From this perspective, CBT in the intensive care unit
may be a useful predictor of illness. However, there is still a lack of convincing evidence and forecasting
strategies.

In this study, we extracted the BT records of the �rst 24 hours of ICU admission from the Multi-parameter
Intelligent Monitoring in Intensive Care III (MIMIC-III) database [10]. We aimed to explore the associations
of CBT characteristics with mortality to facilitate early risk strati�cation in the ICU.

Methods

Study Design
We conducted a retrospective cohort study of adult ICU admissions from the MIMIC-III database
maintained by Beth Israel Deaconess Medical Center (BIDMC, Boston, MA) and the Massachusetts
Institute of Technology (Cambridge, MA). MIMIC-III contains data from 61532 ICU admissions and
includes demographic characteristics, vital signs, laboratory, physiologic information, medications,
comorbidities, nursing notes, and survival outcomes in the adult ICUs of BIDMC from 2002 to 2011. Any
researcher who agrees to the terms of the database must complete "Protection of Human Subjects"
training before they can access the data.

Patient Population
The inclusion criteria were (1) age ≥ 16years at ICU admission and (2) day and night body temperature
(BT) records during the �rst 24 hours in the ICU. The exclusion criteria were (1) multiple ICU admissions,
(2) length of ICU stay < 1 day, (3) BT measured < 6 times on the day 1 of admission. All diseases in our
study were classi�ed using the International Classi�cation of Diseases, Ninth Revision (ICD-9).

Given that all ICU admission records in the MIMIC-III database were anonymized, the requirement for
individual ICU admission consent was waived by the institutional review board of Beth Israel Deaconess
Medical Center.

Data Extraction
The following ICU admission data were extracted from the MIMIC-III database: age, gender, ethnicity, BT,
Sequential Organ Failure Assessment (SOFA), Acute Physiology Score III (APSIII), Renal Replacement
Therapy (RRT), ventilation treatment, sepsis, cardiovascular disease, acute respiratory distress syndrome
(ARDS), renal disease, type II diabetes, white blood cell (WBC), glucose, hematocrit, platelet, and survival
outcomes (ICU, hospital, 28 days). Data were extracted using PostgreSQL v9.6.
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Circadian Rhythm of BT
In this study, we focused on differences between average nighttime and daytime BT (℃). Consequently,
the circadian rhythm of BT was described by body temperature circadian rhythm ratio (BTCRR)
calculated as mean nighttime BT divided by mean daytime BT. Mean nighttime BT was calculated as all
BT values during the night divided by the number of BT examinations, and the mean daytime BT was
calculated as all BT values during the day divided by the number of BT examinations. Patients were
divided into 2 groups according to the circadian rhythm of BT: the nocturnal BT rising (NBTR) group (> 1)
and the non-NBTR group (≤ 1). 5 subgroups were also bult according to different quantile of BTCRR (5%,
10%, 30%, 50%): group A (≥ 50th percentile), group B (< 50th and ≥ 30th percentile), group C (< 30th and
≥ 10th percentile), group D (< 10th and ≥ 5th percentile), group E (< 5th percentile). The mean daytime BT
value was computed as the average of all BT values from 6 AM to 10 PM, and mean nighttime MAP was
from 10 PM to 6 AM the next day.

Outcomes
We reviewed the MIMIC-III database for information on therapy durations (admission time, discharge
time, and death time). We obtained data on ICU stay, hospital stay and 28-d mortality by calculating
relevant time points. The primary outcome measure in our study was 28-d mortality.

Statistical Analysis
Statistical analyses were performed using R software, version 3.6.2 (R Foundation for Statistical
Computing). Continuous variables in the data were presented as mean value ± SD or median with
interquartile range and categorical variables were presented as absolute numbers and percentage.
Kolmogorov-Smirnov test was used to test the normality. The student t test or Mann-Whitney U test and
Chi square or Fisher’s exact tests were used to investigate the differences in quantitative and categorical
variables, respectively between these groups. To assess the association of NBTR with 28-day mortality,
we used univariate and multivariate Cox proportional hazards models for 28-day mortality and calculated
Kaplan-Meier curves. In multivariate regression analyses, 5 models were built to show the modeling
process, which could prove the stability of the association of NBTR with mortality. Model 1 was adjusted
for age, gender, ethnicity. Model 2 was adjusted for model 1 plus an average of body temperature. Model
3 was adjusted for model 2 plus SOFA and APSIII. Model 4 was adjusted for model 3 plus primary
diagnoses such as sepsis, cardiovascular disease, ARDS, renal disease, and type II diabetes. Model 5 was
adjusted for model 4 plus laboratory analytical values such as WBC, glucose, hematocrit, and platelet.

To assess the association of BTCRR with 28-day mortality, we divided the population into �ve groups (A,
B, C, D and E), and used univariate and multivariate Cox proportional hazards models for 28-day
mortality. In multivariate regression analyses, 3 models were built. Model 1 was adjusted for age, gender,
ethnicity, an average of body temperature. Model 2 was adjusted for model 1 plus WBC, glucose,
hematocrit, and platelet. Model 3 was adjusted for model 2 plus SOFA, APSIII, sepsis, cardiovascular
disease, ARDS, renal disease and type II diabetes. To show the relationships between BTCRR and 28-d
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mortality, Kaplan-Meier curves were calculated, and cause-speci�c Cox proportional hazard models were
implemented using restricted cubic splines, to predict the relative hazard of death in ICU with 95%
con�dence intervals.

Results
Data from a total of 61532 ICU admissions were accessed from the MIMIC-III database. We excluded
12821 admissions with ICU length of stay less than 24 hours, 3887 admissions with age less than 16
years and 3119 patients with multiple ICU admissions. Among the remaining patients, there were 39530
admissions with both day and night body temperature records during the �rst 24 hours in ICU. After 7111
patients with < 6 times BT measured on the day 1 of admission were excluded, 32419 patients were
included in the analysis (Fig. 1).

Characteristics and Outcomes
Patients in the non-NBTR group had lower age (P < 0.001), higher SOFA (P < 0.001), and higher APSIII (P < 
0.001). The proportion of patients with sepsis, cardiovascular disease, or renal disease in the non-NBTR
group was higher (P < 0.001). On the �rst day of admission, there were more patients receiving ventilation
therapy in the NBTR group (P < 0.001). Patients with ARDS or type II diabetes in the NBTR was more than
the others (P < 0.001). Table 1 presents the characteristics across the classi�cation of the circadian
rhythm of BT. The patients in the non-NBTR group had higher ICU, hospital, and 28-day mortality than
those in the NBTR group (8.0% versus 5.7%, 12.2% versus 8.9%, 11.6% versus 8.8%, respectively).

Association of NBTR with the 28-d mortality
The associations between NBTR and the 28-d mortality were further con�rmed by COX regression
(Table 2). After adjusted for age, gender, ethnicity, average of body temperature, SOFA, APSIII, sepsis,
cardiovascular disease, ARDS, renal disease, type II diabetes, WBC, glucose, hematocrit, and platelet, the
NBTR was independently associated with the 28-dmortality with a hazard ratio (HR) of 0.923 [95%
con�dence interval (CI) 0.888–0.960]. Kaplan-Meier survival curves revealed that the 28-d probability of
survival was higher in the NBTR group than that in the NBTR group (Fig. 2).

Association of BTCRR with the 28-d mortality
In analyses in which the 28-d survival was the outcome, we classi�ed BTCRR into 5 categories (Group A:
≥median, Group B: <50th and ≥ 30th percentile, Group C: <30th and ≥ 10th percentile, Group D: <10th
and ≥ 5th percentile, Group E: <5th percentile). We conducted COX regression (Group A as Reference) for
5 categories as a predictor of the 28-d mortality and calculated Kaplan-Meier curves. Models were
adjusted for age, gender, ethnicity, average of body temperature, SOFA, APSIII, sepsis, cardiovascular
disease, ARDS, renal disease, type II diabetes, WBC, glucose, hematocrit, and platelet. In the group with
low BTCRR (Group B and C), 28-d mortality had HRs of 1.053 (95% Cl, 1.003–1.105) and 1.095 (95% Cl,
1.043–1.149). In the group with very low BTCRR (Group D and E), 28-d mortality had HRs of 1.138 (95%
Cl, 1.048–1.234) and 1.115 (95% Cl, 1.0126–1.213) (Table 3).
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As observed in the Kaplan-Meier curves, Group E had the worst survival, whereas Group A survived the
longest (log-rank P < 0.05) (Fig. 3). Figure 4 shows the Cox regression hazard ratios for BTCRR (HR value
at 50% population with BTCRR as reference). The relationship between HR and BTCRR was U-shaped. It
can be seen from the U-shaped �gure that the population with a ratio of 1.01 has the highest survival
advantage. Increasing the percentage up to 101% resulted in a hazard ratio (HR) to reduced mortality (HR:
0.96; 95%, 0.941–0.972, P < 0.001), while increases above 101 % didn’t make a signi�cant suggestion in
mortality (P = 0.44).

Discussion
Circadian rhythm is a universal, built-in timing system that lasts nearly 24 hours and can be assessed
through chronobiologic analysis of the time series of melatonin, cortisol and temperature [11]. This
system was developed by the changes the human body respond to the external environment, speci�cally,
the periodic changes in light and darkness caused by the Earth's revolution around the sun. Prior research
generally con�rms that circadian rhythms are controlled by a master clock in the suprachiasmatic
nucleus (SCN) of the hypothalamus and regulated by the nerve hormone including the hypothalamo-
pituitary-adrenal (HPA) axis and melatonin in the pineal gland [1, 12]. Patients hospitalized in the ICU are
subject to changes in various zeitgebers due to light/dark cycles, social interactions, dietary patterns,
medication, etc., which may cause changes in circadian rhythms such as core body temperature, leading
to further adverse consequences [13, 14]. Our study explores the role of diurnal temperature trend in ICU
patients in predicting illness and prognosis, and for the �rst time uses temperature models to distinguish
the clinical trends of different groups.

Traditionally, temperature has been considered a dichotomous variable and patients are classi�ed as
febrile or nonfebrile based on absolute value. However, evidence suggests that temperature pattern
analysis can convey meaningful clinical information whether or not patients meet the criteria for fever
[15–17]. Varela et al. investigated the role of temperature change analysis in predicting survival in
critically ill patients and found that temperature analysis was similar in its ability to predict mortality as
the sequential organ failure assessment score [18]. Some scholars have reported that typical changes in
temperature patterns include changes in amplitude, increases in frequency, or increases or decreases in
baseline variability [19]. Therefore, it provides support for patients in intensive care units to explore
effective diurnal temperature trend prediction models.

Published studies have reported the relationship between BT and biological rhythm or progression of
disease or all-cause mortality in hospitalized, and ICU patients. Benjamin et al performed a cohort of
severe trauma patients in France and reported that early exacerbation of the temperature rhythmicity is
associated with the development of sepsis [20]. In another cohort of 6759 neurologic ICU patients from a
20-bed neurology ICU in the USA, elevated body temperature was found to predict higher mortality rate
and worse outcome [21]. BT is one of the vital signs that can be used to evaluate APCHE III and mortality
in critically ill patients [18]. However, no studies have reported circadian BT variation and its prognostic
value in the ICU. In our study, we extracted complete BT records of patients’ �rst 24 hours in the ICU from
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a public database and investigated the circadian characteristics of BT to determine how to identify
patients with a higher risk of mortality early in the hospital. We found that NBTR served as an important
protective factor for higher survival in the 28-d mortality (HR: 0.923; 95% CI, 0.888–0.960) after adjusting
for a series of covariates. To the best of our knowledge, this study is the �rst in which the relationship
between the circadian rhythm of BT and ICU mortality has been evaluated.

Wu's study showed that the prognosis for sepsis patients in ICU became worse with decreased
temperature minimum (T min), as well as increased T max and T max–min [22]. Further analysis
indicated that A36.5–37°C (A: the area under the temperature curve) was associated with a positive
prognosis. Meanwhile, A38–38.5°C, A38.5–39°C, and A39–39.5°C could result in a poor prognosis. From
that perspective, strati�ed comparison can better distinguish the survival conditions of different risk
ratios. Therefore, it is necessary to scienti�cally distinguish the risk levels of different groups for accurate
prediction of clinical outcomes of diseases. To exclude the effect of clinical indicators included in the
analysis on the relationship between BTCRR and survival outcomes, we divided the participants into 5
groups according to various BTCRR proportion and then conducted interaction and subgroup analysis.
Findings suggested that the higher the proportion, the higher the survival. The association between
BTCRR and mortality remained signi�cant in various subgroups. We have demonstrated a non-linear,
signi�cant association between the percent BTCRR and mortality by 28-d. The results suggest that
increasing the BTCRR to approximately 100 % was associated with decreased mortality, while increases
above that point were associated with increasing mortality. From the perspective of biorhythm, moderate
elevation of body temperature at night in ICU patients may be a positive embodiment of immune
protection. This is consistent with the normal body temperature regulation, indicating that the patient has
better immune regulation function [23–27]. Therefore, BTCRR could be used as a reliable risk factor for
ICU mortality.

An abnormal circadian status of BT is mainly caused by dysfunction of the thermoregulation center and
day/night differences in physical activities [28]. Patients in the ICU usually experience tremendous acute
stressors like infections, trauma, multiple organ dysfunctions, arti�cial light, noise, mechanical
ventilation, enteral nutrition, and medications. These factors further lead to abnormal thermoregulation
[29–31]. Previous studies showed that abnormal body temperature is determined by the outcome of
energy metabolism [32]. In addition, abnormal BT variation observed in patients is associated with
autonomic nervous system dysfunction and poor sleep quality, which is also common in ICU patients,
unless they are sedated or unconscious [33, 34]. Nevertheless, there is still no de�nitive study of the
mechanism behind the circadian changes in body temperature, which provides a train of thought for
further exploration.

However, there are some limitations to our analysis. Firstly, MIMIC-III is a single-center database, and thus
obvious selection bias cannot be ignored. On the positive side, the recruited patients were enrolled from
various ICUs, in other words, their data may re�ect real-world situations encountered by clinicians.
Secondly, given the retrospective design, the data were previously collected. Therefore, some of the
information is incomplete such as the frequency of BT monitoring, noise level, patient/nurse ratio.
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Although we have adjusted for as many covariates as possible and conducted a series of sensitivity
analysis, a multicenter prospective study with adequate covariates is needed to further con�rm the
association between BTCRR and prognostic outcomes in critically ill patients. Thirdly, our study is only an
association between BTCRR and mortality, not a cause-and-effect relationship. Subsequently, a high-
quality prospective research is urgently needed to evaluate causality between BTCRR and mortality.

Conclusions
The �ndings of this study suggest that both low and high BTCRR indicates a poor outcome, such that
having a BTCRR of 101% had a survival advantage. BTCRR may aid in the early identi�cation of critically
ill patients at high risk of 28-day mortality. These �ndings may provide a basis for future randomized
controlled trials comparing temperature control of ICU patients.
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Tables
Due to technical limitations, table 1 to 3 is only available as a download in the Supplemental Files
section.

Figures

Figure 1

Flowchart of participants selection. A total of 32419 patients were included in the analysis. ICU: intensive
care unit; BT: Body temperature; MIMIC-III: Multiparameter Intelligent Monitoring in Intensive Care III.
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Figure 2

Kaplan–Meier survival analysis plot for 28-day mortality with NBTR. The curves show that patients with
non-NBTR in the ICU had lower rates of 28-day survival. NBTR: nocturnal body temperature rising.
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Figure 3

Kaplan–Meier survival analysis plot for 28-day mortality with subgroups. The curves show that patients
with lower subgroup level in the ICU had lower rates of 28-day survival. Group A (≥50th percentile), Group
B (<50th and ≥30th percentile), Group C (<30th and ≥10th percentile), Group D (<10th and ≥5th
percentile), Group E (< 5th percentile).
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Figure 4

Association of body temperature circadian rhythm ratio percent with 28-day mortality.
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