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Abstract

Aims Clinical scores that consider physical and social factors to predict long-term observations in patients after acute heart
failure are limited. This study aimed to develop and validate a prediction model for patients with acute heart failure at the
time of discharge.
Methods and results This study was retrospective analysis of the Kitakawachi Clinical Background and Outcome of Heart
Failure Registry database. The registry is a prospective, multicentre cohort of patients with acute heart failure between April
2015 and August 2017. The primary outcome to be predicted was the incidence of all-cause mortality during the 3 years of
follow-up period. The development cohort derived from April 2015 to July 2016 was used to build the prediction model,
and the test cohort from August 2016 to August 2017 was used to evaluate the prediction model. The following potential pre-
dictors were selected by the least absolute shrinkage and selection operator method: age, sex, body mass index, activities of
daily living at discharge, social background, comorbidities, biomarkers, and echocardiographic findings; a risk scoring system
was developed using a logistic model to predict the outcome using a simple integer based on each variable’s β coefficient.
Out of 1253 patients registered, 1117 were included in the analysis and divided into the development (n = 679) and test
(n = 438) cohorts. The outcomes were 246 (36.2%) in the development cohort and 143 (32.6%) in the test cohort. Eleven var-
iables including physical and social factors were set into the logistic regression model, and the risk scoring system was created.
The patients were divided into three groups: low risk (score 0–5), moderate risk (score 6–11), and high risk (score ≥12). The
observed and predicted mortality rates were described by the Kaplan–Meier curve divided by risk group and independently
increased (P < 0.001). In the test cohort, the C statistic of the prediction model was 0.778 (95% confidence interval: 0.732–
0.824), and the mean predicted probabilities in the groups were low, 6.9% (95% confidence interval: 3.8–10%); moderate,
30.1% (95% confidence interval: 25.4%–34.8%); and high, 79.2% (95% confidence interval: 72.6%–85.8%). The predicted prob-
ability was well calibrated to the observed outcomes in both cohorts.
Conclusions The Kitakawachi Clinical Background and Outcome of Heart Failure score was helpful in predicting adverse
events in patients with acute heart failure over a long-term period. We should evaluate the physical and social functions of
such patients before discharge to prevent adverse outcomes.
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Introduction

Heart failure (HF) is one of the most common diseases in car-
diology due to its higher prevalence in the elderly and the in-
creasing aging population.1,2 Improvements in the treatment

of HF are shown in many guidelines, and patients with HF
have better outcomes than previous clinical setting3; how-
ever, the mortality of these patients remains high.4,5 More-
over, many patients with acute HF (AHF) are old and have
many comorbidities, physical disorders, and social problems.6
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A decline in physical performance is a valuable predictor of
worse outcomes in patients with HF,7,8 and social problems
are associated with worse outcomes in patients with AHF.9

Some studies have reported risk scores in patients with
chronic HF (CHF),10,11 and some have reported them in pa-
tients with AHF during hospitalization or short-term observa-
tion after discharge.12,13 These scores were valuable and valid
in Japanese patients with HF14,15; however, physical activity
and social problems were not considered in these scores,
and they were evaluated in patients with CHF or short-term
observations. Therefore, clinical scores containing physical
and social factors to predict long-term observations in pa-
tients with AHF are limited. Understanding the physical and
social background of these patients is important when deter-
mining their management.

The Kitakawachi Clinical Background and Outcome of Heart
Failure (KICKOFF) Registry was designed as a prospective,
multicentre cohort of Japanese patients with AHF.6 A total
of 13 hospitals in the north of Kitakawachi and Yawata, which
are typical satellite communities in Osaka, Japan, participated
in the study. Using this database, this study aimed to develop
and validate a prediction model for patients with AHF at the
time of discharge.

Methods

Study design

This study was a retrospective analysis of the database of the
KICKOFF Registry, which included patients diagnosed with
AHF during hospitalization between April 2015 and August
2017. The institutions participating in the study were 13 hos-
pitals in the north of Kitakawachi (Hirakata City, Neyagawa
City, and Katano City) and Yawata. Kitakawachi and Yawata
are typical satellite communities in Japan, and they are lo-
cated at the eastern end of the Osaka Prefecture and at the
southern end of the Kyoto Prefecture, respectively. Based
on the Framingham criteria,15 HF was diagnosed when there
were at least two major criteria or one major and two minor
criteria. There were no exclusion criteria. The detailed study
design of the KICKOFF Registry is described in the University
hospital Medical Information Network (UMIN) Clinical Trials
Registry (UMIN000016850). The clinical data of all patients
were collected via the Internet Database System. The data
were automatically verified for missing or contradictory en-
tries and values that were not in the normal range. The data
were also checked by the general office of the registry. Data
from medical record reviews and interviews with patients
or other family members were also recorded.

The study protocol complied with the ethical guidelines of
the 1975 Declaration of Helsinki and was approved by the
ethics committee of the Hirakata Kohsai Hospital (Osaka,

Japan). This study has been reported according to the Trans-
parent Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis reporting guidelines.16

Informed consent was obtained from all participants prior
to their enrolment in the study. Direct patient identifiers
were not registered to preserve patient confidentiality. The
study did not alter any treatment specified in the protocol
or any other method of outpatient care.

Patient data and outcomes

All patients diagnosed with AHF during hospitalization be-
tween April 2015 and August 2017 and discharged alive were
included in this analysis. Of the 1253 patients registered in
the KICKOFF database, 1117 patients were included for
analysis and divided into the development cohort [N = 679,
median [interquartile range, IQR] age: 79 [71–86] years;
men: 347 (51.1%)] and the test cohort [N = 438, median
[IQR] age: 79 [70–85] years; men: 224 (51.1%)] (Supporting
Information, Figure S1). Other patient characteristics and
in-hospital data are described in Table 1 and Supporting
Information, Table S1. The outcomes were 246 (36.2%) in
the development cohort and 143 (32.6%) in the test cohort.

We excluded patients who were lost at follow-up 6 months
after hospital discharge. The comorbidities have been defined
in detail in our previous paper.7 In brief, hypertension was di-
agnosed if peripheral blood pressure was >140/90 mmHg or
if the patient was taking medication for hypertension. Diabe-
tes was diagnosed when glycated haemoglobin (HbA1c) was
>6.5% (standard value, Japanese Diabetes Society) or if the
patient was taking medication for diabetes. Dyslipidaemia
was diagnosed if total cholesterol level was >220 mg/dL,
low-density lipoprotein cholesterol level was >140 mg/dL,
triglyceride levels were >150 mg/dL, high-density lipoprotein
cholesterol level was <40 mg/dL, or if the patient was on
statin medication. In this study, we divided the patients into
two activities of daily living (ADL) groups at discharge: inde-
pendent walking outside or at home and non-independent
walking. The main drug therapy manager was defined as
the person who most frequently managed the patients’ drug
therapy on a daily basis, that is, the patients themselves or
their partners, a son or daughter, a caretaker, or a nursing
home or hospital. In this study, we divided the patients into
two categories as a social background based on the main
drug therapy manager: patients themselves or other
managers.

The primary outcome to be predicted was the incidence of
all-cause mortality during the follow-up period. We per-
formed follow-ups at 6 months, 1 year, 2 years, and 3 years
after discharge. Follow-up data were collected primarily by
a review of hospital records, and additional follow-up infor-
mation was obtained via telephone or mail contact with the
patients or their relatives.
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There is no generally accepted approach for estimating the
sample size for the derivation of risk prediction models. Al-
though we understand that it is controversial, it has been
suggested to have at least 10 events per candidate variable
for the derivation of a model, and this approach has been
widely adopted.16

To deal with missing variables, we performed multiple im-
putations to impute the missing values using the ‘missForest’
package. This imputation technique is a non-parametric algo-
rithm that can accommodate non-linearities and interactions,
and single-point estimates can be generated accurately by a
random forest.17,18 The advantages of using the random
forest model are that it can handle continuous as well as cat-
egorical responses, requires very little tuning, and provides
an internally cross-validated error estimate.

Predictors

Based on previous studies8–10 and the opinions of the experts
in our research group, the following potential predictors were
selected: age, sex, body mass index, ADL at discharge, lifestyle
(living alone, current smoker, drinking status, and manage-
ment of prescribed medications), comorbidities (ischaemic
heart disease, arterial fibrillation, valve disease, hypertension,
chronic obstructive pulmonary disease, stroke, and active
cancer), biomarkers (serum albumin, estimated glomerular
filtration rate, haemoglobin, brain natriuretic peptide, and

HbA1c), and echocardiographic findings (ejection fraction
and left atrial dimension). The details and definitions of the
variables are provided in Supporting Information, Table S2,
and all variables were defined at discharge. To ensure that
the model is user-friendly at the bedside, continuous
variables in these predictor candidates were categorized as di-
chotomized at the point of their rounded value or commonly
used ranges. Before this categorization, the association be-
tween continuous variables and outcome was investigated vi-
sually by a histogram describing the quantile of continuous
predictors and frequency of outcome to confirm whether
monotonic increase or decrease in mortality changed the pre-
dictor or the ‘U’ shape of the histogram (the middle range was
low, and both sides were high mortality).

Statistical analysis

Patient characteristics and predictor candidates were
described for each cohort. Continuous variables are de-
scribed as medians and IQRs, while categorical variables are
described as numbers and percentages.

The included patients were divided into two cohorts (de-
velopment and test) based on calendar time to ensure that
the cohorts were approximately 70% and 30%, respectively,
of the total sample size. The development cohort derived
from April 2015 to July 2016 was used to build the prediction
model, and the test cohort from August 2016 to August 2017

Table 1 Baseline clinical characteristics

Development cohort Test cohort
N 679 438

Sex; men (%) 347 (51) 224 (51)
Age, median (IQR), years 79.0 (71.0, 86.0) 79.0 (70.0, 85.0)
Coronary artery disease (%) 197 (29) 122 (28)
Valve disease (%) 220 (32) 120 (27)
Cardiomyopathy (%) 100 (15) 67 (15)
Hypertension (%) 463 (68) 284 (65)
Atrial fibrillation (%) 295 (43) 179 (41)
Chronic obstructive pulmonary disease (%) 102 (15) 57 (13)
Stroke (%) 81 (12) 53 (12)
Previous hospitalization for HF (%) 287 (42) 119 (27)
Current smoker (%) 81 (12) 66 (15)
Daily drinking (%) 107 (16) 87 (20)
Living alone (%) 204 (30) 122 (28)
Main drug management (not patients themselves) (%) 203 (30) 106 (24)
ADL at discharge (unable to walk independently) (%) 149 (22) 77 (18)
Active cancer (%) 21 (3.1) 25 (5.7)
BMI, median (IQR), kg/m2 21.5 (19.1, 24.2) 21.4 (19.2, 23.9)
Serum albumin, median (IQR), mg/dL 3.5 (3.1, 3.8) 3.3 (3.0, 3.7)
Haemoglobin, median (IQR), g/dL 11.6 (10.3, 13.2) 11.6 (10.3, 13.2)
eGFR, median (IQR), mL/min/1.73 m2 46 (32, 61) 48 (31, 62)
BNP, median (IQR), pg/dL 244 (116, 494) 187 (78, 460)
Left atrial dimension, median (IQR), mm 41 (36, 46) 40 (35, 45)
LVEF, median (IQR), % 53 (38, 67) 54 (39, 65)
HbA1c, median (IQR), % 6.1 (5.8, 6.6) 6.1 (5.8, 6.7)
Mortality (%) 246 (36) 143 (33)

ADL, activities of daily living; BMI, body mass index; BNP, brain natriuretic peptide; eGFR, estimated glomerular filtration rate; HbA1c,
glycated haemoglobin; HF, heart failure; IQR, interquartile range; LVEF, left ventricular ejection fraction.
Numbers with percentage are indicated in categorical variables and median with interquartile range in continuous ones.
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was used to evaluate the prediction model. Generally, the
external validation of prediction models requires different
patient profiles. Therefore, this test cohort was considered
appropriate for external validation because sample splitting
was based on the time period, and each cohort was expected
to be heterogeneous and consisted of slightly different pa-
tient profiles.19

For selection of predictors in the development cohort, we
applied the least absolute shrinkage and selection operator
(LASSO) regularization with 10-fold cross-validation and set
the optimal value of the penalty parameter (lambda.1se)
using the ‘glmnet’ package. The LASSO regularization has
some advantages such as choosing a few relevant variables
and ignoring others to reduce the model complexity, prevent
overfitting, and offer effective handling of multicollinearity.20

Subsequently, the selected predictors were set into a
multivariable logistic regression model to generate the β co-
efficient with a standard error for each predictor. The perfor-
mance of the model was evaluated based on the C index,
Nagelkerke’s R2 value, calibration intercept and slope, and
Brier’s score using the ‘rms’ package. Calibration plots were
created to graphically indicate the association between the
predicted and observed outcomes using locally weighted
scatterplot smoothing.21 We used a bootstrapping procedure
(200 samples drawn with replacement from the original sam-
ple) to assess the internal validation of the model.

Subsequently, in order to perform calculations easily in
clinical settings without any calculator, we developed a risk
scoring system to predict the outcome using a simple integer
based on each variable’s β coefficient, similar to previous
studies.22,23 Further, based on the sum of scores, three risk
groups (low, moderate, and high) were set for a rule-in and
rule-out approach to help in decision-making.

For external validation, the developed model was applied
to the test cohort, and the discrimination and calibration
performances were calculated. The relationships between
prediction and observation in each group were indicated for
the calibration. In order to evaluate the additional predictive
performance of these social and physical variables, we
performed sensitivity analysis to develop the extra model in
which these parameters were excluded and compare the pre-
dictive performance between the original and extra models
using the C statistics and net-reclassification improvement
(NRI). Statistical analyses were performed between March
2021 and April 2021 using the R Version 1.1.456 (R Project
for Statistical Computing) with the rms packages. Estimated
values were calculated using a 95% confidence interval (CI).

Results

In the development cohort, 12 predictors were selected
based on the results of the LASSO regularization (Supporting

Information, Figure S2). Among these predictors, the calcu-
lated variable importance of the variable ‘age < 65 years’
was much smaller than that of the other variables
(Supporting Information, Figure S3); thus, we omitted it for
a more parsimonious model. Finally, 11 variables were set
into the logistic regression model, and the β coefficient and
standard error were calculated (Supporting Information,
Table S3). The C statistic of the model was 0.834 (95% CI:
0.803–0.865). The bias-corrected C statistic by bootstrapping
was 0.823 (95% CI: 0.792–0.861) (Supporting Information,
Table S4). The equation of the prediction model to calculate
the probability of the outcome, other performances, and
the calibration plot are shown in Supporting Information,
Figure S4. We developed the extra model in which the social
and physical variables (ADL and medication management)
were excluded from the original model. NRI also indicated
the superiority of the original model consisted by social and
physical variables (Supporting Information, Table S5). The
calibration plot with bootstrap optimism correction showed
that the prediction was well calibrated to the observation.
The histograms of predicted probability and scores in the
development and test cohorts were described in Supporting
Information, Figures S5 and S6, respectively.

We created a simple scoring system based on the β coeffi-
cient (Table 2). Further, we divided the patients into three
groups, as follows: low-risk (score 0–5), moderate-risk (score
6–11), and high-risk (score 12–19) groups. The observed and
predicted mortality rates were described by the Kaplan–
Meier curve divided by risk group in the development and
test cohorts in Figure 1.

In the test cohort, the C statistic of the prediction model
was 0.778 (95% CI: 0.732–0.824). The mean predicted proba-
bilities in the groups stratified by the score were as follows:
low (score 0–5), 6.9% (95% CI: 3.8–10%); moderate (score
6–11), 30.1% (95% CI: 25.4–34.8%); and high (score ≥12),

Table 2 Risk score

Predictor Score
ADL (unable to walk independently) 2
Main drug management (not patients themselves) 2
Previous hospitalization for HF 2
Age
75 and over 75 years 2
85 and over 85 years 3

BMI
<25 kg/m2 2

eGFR
<30 mL/min/1.73 m2 2

Serum albumin
<4.0 mg/dL 2
<3.0 mg/dL 4

BNP
400 and over 400 pg/dL 1
600 and over 600 pg/dL 2

ADL, activities of daily living; BMI, body mass index; BNP, brain na-
triuretic peptide; eGFR, estimated glomerular filtration rate; HF,
heart failure.
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79.2% (95% CI: 72.6–85.8%) (Figure 2 and Table 3). The
predicted probability was well calibrated to the observed out-
come in both cohorts.

Discussion

In this prospective registry study in Japan, we demonstrated
that the KICKOFF risk score is a potential predictor of the
prognosis of the incidence of all-cause mortality after dis-
charge among patients with AHF. Based on the score, it
would be possible to predict adverse events in the high-risk,
moderate-risk, and low-risk groups.

This study had several strengths. First, the score included
not only basic variables but also physical and social factors
to predict adverse events in patients with AHF. Previous
studies have shown that accurate risk scores included age,
comorbidities, laboratory data, echocardiography data, and
medications.9–12 However, these scores did not contain
points for physical activity or social problems. It is important
to assess the physical activity and social background of pa-
tients to prevent rehospitalization for AHF. Previous studies
have shown that a decline in physical performance is a valu-
able predictor of worse outcomes in patients with HF,7,8 and
social problems are associated with worse outcomes in pa-
tients with AHF.24 In this study, we developed a model that
included physical activity and social background, and after

Figure 1 The Kaplan–Meier curve divided by risk group in the development and test cohorts.

Figure 2 Observation and mean predicted probability by each risk group.
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the analysis, the factors of ADL at discharge (not independent
walking) and social background (prescribed medications not
managed by patients themselves) still remained independent
predictive factors in patients with AHF. Currently, there is a
higher prevalence of HF in the elderly, and the population is
increasingly aging.1,2 Some elderly patients still have good
physical or cognitive function; in contrast, some non-elderly
patients have poor physical or cognitive function. To our
knowledge, this is the first report examining the risk scores
by including physical and social information that is a helpful
cardiac rehabilitation and social resource for preventative ap-
proaches in patients following AHF.

Second, the score predicted the long-term prognosis of
patients with AHF. Some studies have reported risk scores
in patients with CHF.9,10 Other studies on AHF have demon-
strated that the risk scores showed the prognosis only in hos-
pitalization or short-term observation after discharge.11,12

Therefore, models of risk scores to predict the long-term
prognosis in patients with AHF have been few. Presently, pa-
tients with AHF have better outcomes than they had before
because of improvements in medication, cardiac rehabilita-
tion, or social management of HF. The time that we can
spend with patients, their family members, and co-medical
staff is longer than that spent in previous clinical settings.
We believe that our score will be well fitted in the present
clinical setting.

Third, the score may help clinicians in easily predicting the
probability of adverse outcomes and assist them in
decision-making for advance care planning (ACP) and pallia-
tive care management of patients with AHF. Based on our re-
sults, one-third of the patients with moderate-risk scores
might have adverse events, and they and their family
members should be ready to consider ACP before or after dis-
charge. Three-quarters of the patients with high-risk scores
might have adverse events, and they and their family mem-
bers should begin to consider ACP and palliative care during
their rehospitalization. In Japan, the tools for ACP and pallia-
tive care management have been recently established25,26;
however, there are not enough data to make them popular
in patients with HF. We should be aware of the prognosis

of AHF and introduce proper perspective on ACP and pallia-
tive care to patients with AHF.

Meanwhile, this study had several limitations. First, AHF di-
agnosis was defined by physicians using the Framingham
criteria; therefore, selection or referral bias may be possible.
Second, we did not have detailed information to evaluate pa-
tients’ ADL using quantitative indicators, such as the Barthel
index or the Functional Independence Measure score,27,28

and cognitive functions using scales, such as the
Mini-Mental State Examination or Clinical Dementia
Rating.29,30 Third, the model may increase the risk of
overfitting, which is a modelling error that fits the statistical
model with too many degrees of freedom in the modelling
process. Fourth, social status and physical status are subjects
to change by time. Unfortunately, we did not have the status
data after discharge in this registry. Importantly, this risk
score could be calculated again in patients with HF at rehos-
pitalization of HF and revised. Finally, the utility of this predic-
tion model in other regions or countries is unclear. Japanese
patients with HF with preserved efection fraction were lower
BMI and had less coronary artery disease, but had a substan-
tially higher prevalence of atrial fibrillation and lower inci-
dence of subsequent events compared with previous
Western reports.31 Some treatments commonly used in
Japan are not approved outside Japan.32 In this study, we per-
formed a temporal validation model.33 Therefore, we expect
an evaluation for score fitting in patients with AHF in other
regions or countries in the future. Further prospective re-
search is needed to evaluate the utility and validity of our
scoring system in other clinical settings.

Conclusions

In this population, the KICKOFF score may be helpful in
predicting adverse events in patients with AHF over a
long-term period. Further studies are needed to prospec-
tively validate the score in other clinical settings and to
elucidate its clinical usefulness.

Table 3 Observation and mean predicted probability by each risk group

Group N Observed (%) Predicted (%, 95% CI)
Development cohort

Low risk 9/171 5.3 6.5 (4.0–9.0)
Moderate risk 126/371 34.0 33.8 (29.8–37.8)
High risk 111/137 81.0 79.9 (74.5–85.0)

Test cohort
Low risk 9/115 7.8 6.9 (3.8–10.0)
Moderate risk 78/246 31.7 30.1 (25.4–34.8)
High risk 56/77 72.7 79.2 (72.6–85.8)

CI, confidence interval.
Low risk: score 0–6; moderate risk: score 7–11; and high risk: score 12–19. Observed: N, number of the patients with mortality/number of
all the patients in each group; Observed: probability of the patients with mortality; Predicted: predicted probability for mortality.
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