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ABSTRACT

Objective: The aim of this study was to develop a predictive model for the time of cardiac arrest in the palliative care 
setting in the intensive care unit.

Design: We retrospectively collected patients’ data in intensive care unit between 2010 and 2016. Vital signs were 
collected until cardiac arrest occurred and Systolic Blood Pressure (SBP) was continuously recorded when it was less 
than 80 mmHg. We hypothesized that a breakdown of the autonomic nervous system was associated with the time 
of cardiac arrest. We aimed develop predictive model for determine a time at 120 minutes before cardiac arrest. We 
used the Shock Index (SI) defined as heart rate divided by SBP as the ratio variable to identify an end-of-life phase.

Results: A total of 4,330 patients were admitted to the ICU and 19 patients out of them were included to this study. 
We developed a prediction model by using SI and SBP: predicted SI=0.995+(6.931-0.995) e-0.035 x SBP with AUC 
0.650 (0.512 to 0.788). The disparity between the actual and predicted heart rate was -10 bpm (49.9%, sensitivity; 
75.8%, specificity; and likelihood ratio, 2.06). In the validation set, sensitivity was 52.7%, specificity was 79.8%, 
positive predictive value was 35.7%, negative predictive value was 88.8%, and likelihood ratio was 2.61.

Conclusion: Our new prediction model estimates the time to death 120 minutes before cardiac arrest occurs based 
on the information of fluctuation of shock index. 
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INTRODUCTION

The super-aging of the population has become one of the most 
significant social issues in Japan. In this society, palliative care plays 
a key role in helping patients reach the end of their lives happily. 
In the End Of Life (EOL) care setting, the physician’s ability to 
predict the time of death as more accurately as possible is an 
important research topic since it may allow family members to 
spend the last moments of patient’s life with the patient, which 
leads to improving family satisfaction. A systematic review study 
to determine a particular healthcare professional who is able to 
better-prognosticate the length of survival in all disciplines finds 
the difficulty for any clinicians to accurately predict the prognosis 
in palliative care [1]. Another systematic review study defines the 
independent factors that most consistently contribute to time to 
death after withdrawal of life-sustaining care [2]. A prospective 
cohort study identifies predictors of death in patients who 
are suspected to be infected under the emergency department 
environment [3]. 

However, a previous study to develop a predictive model by using 
the University of Wisconsin Donation After Cardiac Death 
Evaluation tool has shown relatively poor sensitivity and specificity 
to identify the exact time of death, and thus, further research is 
required to develop a reliable one [4,5]. In the EOL care setting, 
unexpected sudden or prolonged death can affect the terminal 
care process involving the family and patient, and cause difficulties 
in the process of organ donation after circulatory death. This is 
another important reason to develop a more accurate predictive 
model for the time to death in palliative and EOL care settings. 
Although many studies have developed predictive models by using 
patient physiological and physical variables, those tools are not 
enough sensitive to predicting the time to death [2]. Our hypothesis 
was that the lower sensitivity and specificity could be attributed to 
the patient dataset utilized for model development. The majority 
of previous studies used a single dataset from a single patient at 
any given time in their predictive models. Using a single dataset 
per patient may be insufficient as individual patients have various 
cardiac function, autonomic nervous system and backgrounds. 
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Several studies indicate the association of Heart Rate Variability 
(HRV) between all cause of mortality, cardiovascular events, and 
death prediction so that in this study, HRV was measured every 
30 minutes [6-8]. They focused on the correlation between cardiac 
autonomic dysfunction and the prediction for the time to death. 

Although a previous study examined the variation of vital signs as 
a predictive factor for the last day of terminally ill patients, they 
used patient’s vitals twice per day to predict the time to death, since 
Bruera, et al. concluded routinely monitoring vitals in patients at 
the EOL care was not supportive to predicting death [8,9]. Any 
previous studies did not use continuously measured vitals to 
predict the time to death, and hence, we focused on physiological 
parameters collected every one minute in the palliative care context 
we defined. We hypothesized the discrete variations of heart rate 
and blood pressure are caused that autonomic nervous system 
dysfunction occurs prior to cardiac arrest. Therefore, identifying 
these discrete variations is considered a key point to predict the 
time to death in the palliative care setting. The aim of this study 
was to develop a new predictive model with included individual 
fluctuation patterns in the continuously measured vitals during 
deterioration in the palliative care context. The new model will 
allow patients who are imminently dying and their family members 
to share the last moments together before cardiac arrest occurs, 
as well as healthcare professionals to use intensive care beds more 
efficiently in cases of in-ICU cardiac arrest.

MATERIAL AND METHODS

Study design

We retrospectively collected data from patients who were admitted 
to the Intensive Care Unit (ICU) between 2010 and 2016. The 
definition of subjects in this study was those who were unresponsive 
to treatment for the primary disease and had hemodynamic 
instability but were not transferred to the palliative care hospital 
ward and finally diagnosed with cardiac arrest in the ICU. 
Patients’ vitals were continuously measured until cardiac arrest 
by inserting an arterial line. Patients’ physiological information 
was extracted from the physiological monitor (Nihon Kohden 
central monitoring system, CNS-6210R) every one minute. The 
physiological parameters included Systolic Blood Pressure (SBP), 
Diastolic Blood Pressure (DBP), Mean Blood Pressure (MBP), 
heart rate, respiratory rate, temperature, and oxygen saturation. 
They were collected until the patient’s heart rate was recorded as 
0 beats per minute from hospital admission to ICU admission. 
During this study, we defined a palliative care situation as when 
patients were unresponsive to treatment for primary disease and 
had hemodynamic instability and identified vitals at the point of 
deterioration under the defined clinical condition. A SBP of less 
than 80 (<80) mmHg for 10 minutes was defined as a worsening of 
the patient’s condition, and it was assumed that the EOL process 
had begun. Vital signs recorded from the physiological monitoring 
system typically contain artifacts due to a number of factors, 
such as blood test sampling from arterial lines, nursing care, 
restless behaviors at the annulation attachment site, and so forth. 
Therefore, we manually checked them to evaluate whether they 
represented the patients’ conditions accurately. We then excluded 
data which was considered inaccurate due to artifacts. We assigned 
to each vital data a remaining time to death which gradually 
decreased until patients died, in order words, patient’s heart rate 
became 0 bpm. Also, we collected as baseline demographics age, 
height, body weight, diagnosis, and length of ICU stay.

We involved a two-step approach to predict time to death. In the 
first step, we predicted a time at 120 minutes before cardiac arrest 
by using our predictive model and then applied physiological data. 
Chiang, et al.’s study has found that cardiovascular autonomic 
functions are associated with time to death by using heart rate 
variability on admission [7]. Moridani, et al. have reported that 
cardiac autonomic dysfunction is associated with remaining time 
to death [8]. Therefore, we focused on this system failure, which 
causes an imbalance between heart rate and blood pressure, and 
used this information, namely heart rate and blood pressure, to 
develop a predictive model for the time at 120 minutes before 
cardiac arrest. Our predictive model is developed by using a non-
linear regression method. We considered the dispersion from the 
non-linear regression model as the deterioration to cardiac arrest. 

Statistical methods

This retrospective observational study was approved by 
Yokohama City University Hospital's institutional review board 
(Ref: B170200037) and registered with the University Medical 
Information Network (UMIN ID: 000028958). Therefore, patient 
informed consent was waived. Descriptive patient data is expressed 
as median values and interquartile range. Vital signs were collected 
from a physiological central monitoring system and divided into 
two groups: 1) a Volatile Set (VS), dataset extracted during the 
period over 120 minutes prior to cardiac arrest; 2) a Terminal Set 
(TS), dataset collected within 120 minutes before cardiac arrest. 
According to a scaling law for the training set to validation set ratio, 
we randomly selected 80% of patient vital data for training set and 
20% for the validation set both in the VS and TS [10]. By using 
the training set, we developed a new predictive model for death 
within 120 minutes before cardiac arrest. We conducted non-linear 
regression analysis for the predictive model with an exponential 
decay model. In this analysis, we used Systolic Blood Pressure (SBP) 
and the Shock Index (SI), which is obtained from the formula of 
heart rate divided by SBP, as the ratio variable. The predicted heart 
rates calculated from the non-linear regression model were compared 
with the actual heart rates. During the model development phase, 
we determined the threshold for disparity between the predicted 
heart rate and the actual heart rate.

We determined the threshold by using the nonparametric t test, 
the log rank test, and Receiver Operating Characteristic (ROC) 
curve for the area under the curve. For two-tailed tests, p-value less 
than 0.05 were considered statistically significant. We performed 
statistical analyses with Prism 6 for Mac OS X6.9b (GraphPad 
Software, San Diego, California) and R 2.13.0 statistical software 
(R Foundation for Statistical Computing, Vienna, Austria).

RESULTS

Participants

A total of 4,330 patients were admitted to the ICU between 2010 
and 2017 and 32 patients were diagnosed with in-ICU cardiac 
arrest. 13 out of them were excluded due to data insufficiency 
and age criterion (less than 18 years old). Finally, 19 patients were 
included in this study and 12,050 datasets consisted of several 
vitals were recorded. 12,038 datasets were registered with this study 
but 12 were manually excluded where the presence of artifacts or 
errors during measurement was apparent at the discretion of the 
clinician. We assigned 9,915 out of 12,038 datasets (82.3%) to VS 
and 2,111 to TS. 80% of each dataset is used as the training set, and 
we selected randomly 7,932 datasets in VS and 1,689 datasets in 
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and interquartile range: Age (64 years; 53 to 75 years old); sex (men 
15/19; 79%), length of ICU stay (3 days; 1 to 8 days), length of 
hospital stay (7 days; 3 to 23 days) (Table 1). The diagnoses were 
categorized as follows: 5 cardiac surgical (26%), 4 surgical (21%), 5 
medical (26%), and 5 cancer (26%) [11]. 

TS, respectively. Furthermore, in the training set, 6,243 randomly 
selected VS datasets were used for non-linear regression analysis, 
and 1,689 datasets from each of VS and TS were used to determine 
threshold. We then allocated the rest of each data set (20%), 
1,983 from VS and 422 from TS, to the validation set (Figure 1). 
Demographic characteristics of subjects were expressed in median 

Figure 1: Process of enrollment and allocation to the development set or validation set.

Table 1: Demographic characteristics of patients who included in this study. 

Factor n=19

Age  (yr) 63 (53 to 75)

Sex (male, %) 15/19, 79%

Duration of ICU stay (days) 3 (1 to 8)

Duration of Hospital stay (days) 7 (3 to 23)

Diagnosis (n, %)

Cardiac 5/19, 26.3%

Surgical 4/19, 21.1%

Medical 5/19, 26.3%

Cancer 5/19, 26.3%

Note: Values are expressed with median and interquartile range and number of patients and ratio.
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Outcome data

Median and interquartile range of remaining time to death from 
the moment when blood pressure was recorded <80 mmHg was 279 
minutes (126 to 864 minutes). A curve-fitting for the association 
between shock index and SBP was shown by non-linear regression 
with an exponential decay model, which is commonly used in the 
natural science studies [12]. From 6,243 training set, an exponential 
decay was derived by using the following equation:

( )0 KXY Plateau Y Plateau e−= + −   

The parameters of this equation were the followings: Y0=6.931 
(6.638 to 7.224), plateau=0.995 (0.926 to 1.063), K=0.035 (0.327 
to 0.037). Then, the following equation was derived.

( ) 0.035Pr 0.995 6.931 0.995 systolic blood pressureedicted shock index e− ×= + −   

R square is 0.699 (Figure 2).

Median and interquartile range of the disparity in the two datasets 
are 1.90 (1.1 to 2.9) for VS and -9.8 (-10.9 to -8.5) for TS. Area 
under the ROC of the predictive model by using the training set 
was 0.650 (0.512 to 0.788), p-value<0.001, and the threshold of 
disparity between actual and predicted heart rate was 10 bpm with 
sensitivity of 49.9%, specificity of 75.8%, and likelihood ratio of 

2.06 (Figure 3).

In the validation set, the prognostic ability of the model for cardiac 
arrest developed by using the training set was assessed. The results 
were the followings: Sensitivity 52.7% (47.8 to 57.6), specificity 
79.8% (78.0 to 81.6), positive predictive value 35.7% (31.9 to 39.6), 
and negative predictive value 88.8% (87.2 to 90.3), and likelihood 
ratio 2.61.

DISCUSSION

Our predictive model could estimate the remaining time to death 
within 120 minutes before cardiac arrest under the palliative care 
situation with a valid prognostic ability (Table 2). In detail, our 
predictive model showed 52.7% sensitivity, 79.8% specificity, 
35.7% positive predictive value, and 88.8% negative predictive 
value. The model accuracy was superior to the predictive models in 
the previous studies: 42% sensitivity and 76% specificity by Lewis, 
et al., 39% sensitivity and 96% specificity by Coleman, et al., and 
79% sensitivity and 63% specificity by de Vita, et al [4,5,13]. The 
novelty in this study is that we used continuously measured vital 
signs which were record every one minute in order to develop 
our predictive model. Brieva, et al. reported that the evaluation 
by intensivists is the clinical standard to predict time to death 

Figure 2: Plot of the association between shock index and systolic 
blood pressure in the volatile set (upper figure) and the terminal set 
(lower figure) and nonlinear regression curve with exponential decay 
model was inserted.

Figure 3: Upper figure showed disparity between real heart rate and 
predicted heart rate. Lower figure showed ROC curve of disparity 
between heart rates (real heart rate-predicted heart rate) between 
volatile set vs. terminal set.
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healthcare professionals to plan for a better patient care and 
communicate earlier with family members.

As mentioned, the accurate prognostication of the remaining time 
to cardiac arrest would be valuable for healthcare professionals 
in that they can allow the patient’s family members to say their 
final goodbyes to the patient who is imminently dying. However, 
healthcare professionals should always discuss with the family 
carefully whether or not they want to know how much time 
remains before cardiac arrest. Individuals have different attitudes 
toward death and may be influenced by religious beliefs. Therefore, 
in clinical practice, it is important to recognize that formulas may 
interfere with the dying process.

CONCLUSION

Our new prediction model estimates the time to death 120 
minutes before cardiac arrest occurs based on the information of 
fluctuation of shock index. Our findings were derived by analyzing 
physiological data measured continuously in the ICU. Therefore, 
it may have limited generalizability in other clinical settings. The 
development of a new monitoring system will allow any hospital 
wards to collect a patient’s vitals continuously, which will then 
enable to apply our predictive model to anywhere without borders.

LIMITATIONS 

There are several limitations to this research. Firstly, the sample 
size was small with 19 subjects, even though a large number of 
vitals were recorded per patient. The reason for this sample size 
is that in our hospital patients diagnosed as terminal, which was 
defined as being unresponsive to treatment for primary disease and 
having hemodynamic instability, were transferred to a different 
hospital ward to allow them to spend the last time with their family 
members. Therefore, in general, very few patients go into cardiac 
arrest while staying in the ICU. 

Secondly, although we conducted statistical analyses by using 
repeatedly measured vitals from different patients as one cluster, 
they might include bias due that an individual dataset had many 
data collected from the same patient. To solve them, a future 
study should increase sample size of patients. Thirdly, although we 
defined 120 minutes as the threshold for allocating data to the two 
groups of VS and TS, the predictive model for 120 minutes before 
cardiac arrest may not be enough for a patient family to reach the 
hospital, especially in the rural setting. It might be, indeed, more 
appropriate to use a different timeframe to differentiate these two 
groups. Lastly, our predictive model required continuous invasive 
blood pressure and heart rate monitoring. Besides the ICU 
settings, non-invasive blood pressure monitoring is typically used 
to measure patient’s blood pressure so that future studies targeting 
non-ICU patients should select alternative variables, measurement 
interval, and monitoring devices. 

This new predictive model that estimates the remaining time to 
cardiac arrest had a reasonable prognostic ability. In the palliative 
and EOL care settings, this model can predictably identify the 
malfunction of the autonomic nervous system by continuously 
tracking the variations in heart rate and systolic blood pressure 
before cardiac arrest. Further research will be required to examine 
individual patterns of fluctuations in hemodynamic parameters 
in the palliative care situation prior to death. Furthermore, it is 
important to develop a predictive model that is implemented in 
noninvasive ways and can prognosticate the remaining time to 

after withdrawal of cardiorespiratory support, and the evaluation 
was done at an arbitrary timing [14]. In this study, we repeatedly 
predicted the time of cardiac arrest by taking advantage of data 
from physiological monitor, and this continuity is one of other 
advantages against previous studies. In the past researches, different 
parameters have been reported to predict cardiac arrest, which 
include not only physiological data but also a blood test, a past 
medical history, and a background [3,15,16]. Our predictive model 
is a computer-based, and therefore, automatically calculated by 
using SBP and heart rate, which makes our model easily adoptable 
in any existing clinical workflows. Furthermore, although we 
developed this model in the ICU setting, the necessary parameters 
are commonly used standard variables so that it can be applied not 
only to the critical care settings but also chronic care settings. 
Table 2: Residual time to cardiac arrest with linear regression model 
analyzed with vital data within 120 minutes from cardiac arrest in the 
development set. 

Factor Estimate Std. Error t-value p-value

(Intercept) 12.34 (2.25-22.43) 5.14 2.4 0.017

Heart Rate 0.34 (0.28-0.4) 0.03 11.57 < 0.001

Respiratory Rate -0.25 -(0.36-0.14) 0.06 -4.37 < 0.001

Systolic Blood 
Pressure

0.28 (0.18- 0.37) 0.05 5.81 < 0.001

Sex. Male.1, 
Female.0.

-0.60 (-4.56-3.37) 2.02 -0.3 0.77

Age 0.18 (0.06-0.29) 0.06 2.9 0.004

Note: Residual standard error: 28.87 on 1287 degrees of freedom Multiple 
R-squared: 0.3167, Adjusted R-squared: 0.314; F-Statistic: 119.3 on 5 and 
1287 degrees of freedom, p-value: <2.2e-16.

Another key finding is the association between the breakdown 
of the autonomic nervous system and the time to death. Several 
studies reported the analysis of HRV, which was determined by 
the interaction between the sympathetic and parasympathetic 
autonomic nervous system, is a useful predictor of death [6-8]. In 
our predictive model, systolic blood pressure and heart rate were 
used as predictive parameters which represented this interaction. 
However, HRV should be carefully interpreted, and the control of 
breathing is crucial for accurate interpretation [17]. Billman found 
that HRV was associated with mechanical events due to the change 
in thoracic pressure and cardiac filling pressure during respiration 
[17]. Furthermore, Chiang, et al. reported that cardiac arrhythmia 
and major cardiac surgery affect HRV [7]. In this study, indeed, 
we focused on the balance between blood pressure and heart rate, 
not on HRV though we collected the data. In a controlled cardiac 
nervous system, blood pressure and heart rate are linked by the 
sympathetic and parasympathetic nervous system [18]. In the future 
study, we will develop a predictive model by targeting individuals 
and determining an equation based on the pattern of autonomic 
nervous system per patient. Our unique continuous measurement 
of vital signs can repeatedly predict the imbalance between the 
sympathetic and parasympathetic nervous systems, making the 
model higher prognostic ability.

In the palliative care setting, it is of significant importance to 
take enough time for patients to stay with their family members 
before postmortem changes occur. Predicting the time to death 120 
minutes before cardiac arrest occurs allows most family members 
to reach the patient’s bed before the patient dying, especially in 
the urban setting. Also, prognostication of death may also help 
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cardiac arrest in different clinical settings.
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