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Abstract

Aims This study aims to develop and validate an optimal model for predicting worsening heart failure (WHF). Multiple
machine learning (ML) algorithms were compared, and the results were interpreted using SHapley Additive exPlanations
(SHAP). A clinical risk calculation tool was subsequently developed based on these findings.

Methods and results This nested case—control study included 200 patients with chronic heart failure (CHF) from the China-
Japan Friendship Hospital (September 2019 to December 2022). Sixty-five variables were collected, including basic informa-
tion, physical and chemical examinations, and quality of life assessments. WHF occurrence within a 3-month follow-up was
the outcome event. Variables were screened using LASSO regression, univariate analysis, and comparison of key variables
in multiple ML models. Eighty per cent of the data was used for training and 20% for testing. The best models were identified
by integrating nine ML algorithms and interpreted using SHAP, and to develop a final risk calculation tool. Among participants,
68 (34.0%) were female, with a mean age (standard deviation, SD) of 68.57 (12.80) years. During the follow-up, 60 participants
(30%) developed WHF. N-terminal pro-brain natriuretic peptide (NT-proBNP), creatinine (Cr), uric acid (UA), haemoglobin (Hb),
and emotional area score on the Minnesota Heart Failure Quality of Life Questionnaire were critical predictors of WHF occur-
rence. The random forest (RF) model was the best model to predict WHF with an area under the curve (AUC) (95% confidence
interval, Cl) of 0.842 (0.675—-1.000), accuracy of 0.775, sensitivity of 0.900, specificity of 0.833, negative predictive value of
0.800, and positive predictive value of 0.600 for the test set. SHAP analysis highlighted NT-proBNP, UA, and Cr as significant
predictors. An online risk predictor based on the RF model was developed for personalized WHF risk assessment.
Conclusions This study identifies NT-proBNP, Cr, UA, Hb, and emotional area scores as crucial predictors of WHF in CHF pa-
tients. Among the nine ML algorithms assessed, the RF model showed the highest predictive accuracy. SHAP analysis further
emphasized NT-proBNP, UA, and Cr as the most significant predictors. An online risk prediction tool based on the RF model
was subsequently developed to enhance early and personalized WHF risk assessment in clinical settings.
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Introduction disease.® Worsening HF (WHF) has been proposed as a spe-

cific stage during HF. WHF is defined as a patient with chronic
Heart failure (HF) is the end stage of a wide range of cardio- HF (CHF) whose signs and symptoms of HF continue to
vascular diseases and is characterized by variable lengths of  worsen despite stable background therapy, requiring urgent
time for symptoms to stabilize. Despite continuous treat- intensification of therapy, including inpatient, emergency, or
ment, the condition worsens repeatedly throughout the outpatient intravenous or oral diuretic therapy.® Studies have
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shown that patients with WHF are directly associated with
higher mortality rates.>® This suggests that early identifica-
tion and warning of WHF is necessary. Moreover, according
to recent epidemiological findings, there are approximately
300 million patients with stage B (pre-HF) and stage C (symp-
tomatic HF) in China, which further adds to the urgency of ad-
dressing this clinical problem.*

Machine learning (ML) algorithms are now widely used for
early warning prediction of diseases. ML can effectively
utilize large multidimensional data. ML algorithms are not
constrained by assumptions of distributional normality,
non-informative or random census, and linearity of hazard
risk and are more advantageous in dealing with clinical multi-
dimensional data and outperform traditional modelling
approaches compared to previous models.> Most current
predictive modelling studies of HF have focused on predicting
patients’ long-term mortality and readmission risk.%’” Re-
cently, Parikh et al.® developed a predictive model based on
the gradient boosted decision tree models for predicting
the occurrence of WHF in patients with different types of
HF with an area under the curve (AUC) of 0.76 and a mean
squared error of 0.13. It is clear that prediction for the
occurrence of WHF brings the risk forward compared with
prediction for the occurrence of cardiovascular endpoint
events. This is very beneficial in reducing the incidence of
short-term WHF and long-term cardiovascular mortality in
patients with HF. More importantly, most current HF predic-
tion models are based on Western populations. Considering
the increasing burden of HF and healthcare in China, develop-
ing risk prediction models tailored to the Chinese population
has become particularly important.

This study aims to develop an early warning model for
WHF occurrence based on ML algorithm. The model results
were interpreted with the help of the SHapley Additive
exPlained (SHAP) method, and ultimately a risk calculation
tool was built to suit the clinical application. This helps fur-
ther improve the stratified treatment strategy for HF patients
and provides more reference for clinicians.

Materials and methods
Study design

The study was a nested case—control study that followed the
TRIPOD reporting specifications.” From September 2019 to
December 2022, 263 inpatients with New York Heart
Association (NYHA) class Il or higher CHF were screened at
the Department of Integrated Chinese and Western
Medicine, China-Japan Friendship Hospital. Patients with
acute HF, patients with stage D HF (patients receiving left
ventricular assist devices or heart transplantation), patients
in the acute phase of acute coronary syndrome, patients with

cardiac disorders such as severe arrhythmias with haemody-
namic instability, patients with severe haematopoietic
dysfunction, patients with malignant neoplasms and patients
with multiorgan dysfunction, as well as patients with severe
psychological disorders, psychiatric disorders, or speech
disorders are excluded. Forty-five patients were excluded
from the study, and the patient screening process is shown
in Figure 1.

The study was conducted following the principles of
the Declaration of Helsinki, and all patients participated
voluntarily and provided informed consent. The study
protocol was approved by the Clinical Research Ethics Com-
mittee of China-Japan Friendship Hospital (2019-120-K82)
and registered with the China Clinical Trial Registry
(ChiCTR1900024482).

Diagnostic criteria

The diagnostic criteria for WHF are the Deterioration of HF
signs and symptoms in a patient with CHF despite previous
stable background therapy. Requires urgent escalation of
therapy, including hospitalization, emergency department

Figure 1 Flow chart of patient inclusion. PPS: per-protocol set.

2019-9 to 2022-12
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Patient is in the acute phase of acute heart failure or
myocardial infarction
IN=23
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with a life expectancy of less than 12 months
N=12

Patients who refused to participate or were unable to
co-operate with data collection due to severe
intellectual or language impairment
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\v4
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visit, or outpatient intravenous diuretic therapy, + outpatient
oral therapy.'° The criteria for diagnosing and classifying
CHF refer to the 2022 AHA/ACC/HFSA Guidelines for the
Management of HF.*

Measurement

Basic information

Basic information about the study population was collected,
including demographics (gender, age, height, weight, and ed-
ucation), vital signs (heart rate, non-invasive arterial systolic
and diastolic blood pressure), co-morbidities [coronary artery
disease, hypertension, type 2 diabetes mellitus, chronic kid-
ney disease (CKD), stroke, atrial fibrillation, and hyperlipidae-
mia], and personal habits (history of tobacco use, alcohol use,
and frequency of daily exercise). The frequency of the exer-
cise routine was left to the patient’s discretion. Exercise fre-
quency was defined as hardly exercise (aerobic exercise less
than four times per month for more than 30 min each time),
little exercise (aerobic exercise less than three times per
week for more than 30 min each time), and regular exercise
(aerobic exercise more than three times per week for more
than 30 min each time).'?

Testing and examination

Fasting venous blood was collected from all participants on
the morning of the second day after enrolment in the trial.
Routine blood tests [white blood cell count (WBC), red blood
cell count (RBC), haemoglobin (Hb), haematocrit (HCT), and
platelets (PLT)], liver and kidney function [alanine amino-
transferase (ALT), aspartate aminotransferase (AST), alkaline
phosphatase (ALP), total bilirubin (TBIL), blood urea nitrogen
(BUN), and uric acid (UA)], lipids [total cholesterol (CHO),
triglycerides (TG), low-density lipoprotein (LDL), and
high-density lipoprotein (HDL)], electrolytes (K*, Na*, Cl~,
Ca®*), high-sensitivity CRP (Hs-CRP), glycated haemoglobin
(HbA1c), and the N-terminal brain natriuretic peptide precur-
sor (NTpro-BNP) were performed in the clinical laboratory of
China-Japan Friendship Hospital. Echocardiography was
uniformly conducted for all participants in the Ultrasound De-
partment of the China-Japan Friendship Hospital by two ex-
perienced sonographers. The assessed indices included left
ventricular ejection (LVEF), left ventricular end-diastolic di-
ameter (LVDd), left ventricular end-systolic diameter (LVDs),
left ventricular fractional shortening (LVFS), and so on.

Medications

In this study, there was no intervention in the participants’
medication, and their supervising physician prescribed the
patients’ treatment. We recorded the use of angiotensin-
converting enzyme inhibitors (ACEls), angiotensin Il receptor
blockers (ARBs), angiotensin receptor enkephalinase inhibi-
tors (ARNIs), beta-blockers, loop diuretics, spironolactone, di-
goxin, aspirin/clopidogrel, statins, nitrates, and traditional

Chinese medicines (TCMs) or proprietary Chinese medicines
(PCMs) by the patients in the first 24 h after hospital admis-
sion. Similarly, we recorded each participant’s type of ACEI,
ARB, ARNI, beta-blocker, loop diuretic, and spironolactone.
We labelled one if the patient used one of these four classes
of drugs.

Quality of life assessment

The Minnesota Heart Failure Quality of Life Questionnaire
(MHFLQ) was used to assess participants’ quality of life. An
independent investigator collected patient information, and
physical, emotional, and other scores were calculated based
on published criteria.*®

Follow-up and outcome

Independent investigators conducted follow-up visits, and pa-
tients received outpatient or telephone follow-up visits every
month after admission to collect relevant information until
the end of the 3-month study period. During the follow-up pe-
riod, patients were considered to have developed WHF if they
met any of the following criteria: (1) re-hospitalization for
more than 24 h due to HF exacerbation and (2) patients pre-
senting to the emergency department with a precise diagnosis
of HF were further evaluated to ensure their visits were in-
deed related to WHF. During the confirmation process, re-
searchers inquired about specific CHF symptoms at WHF oc-
currence, such as lower extremity oedema, wheezing, and
difficulty lying flat. The primary diagnosis recorded in the
emergency department should include HF or acute exacerba-
tion of CHF. Additionally, records were reviewed for elevated
NT-proBNP levels and documentation of intravenous or in-
creased oral diuretic therapy. Patients meeting at least two
of these criteria were classified as experiencing WHF, (3) re-
ceiving intravenous diuretic treatment or an increase in di-
uretic use or dosage in an outpatient setting due to WHF signs
and symptoms.® Participants withdrew informed consent, and
patients who could not be contacted or could not cooperate
in completing follow-up were considered to be dislodged.

Sample size calculation

A total of 65 variables were included in this study, and we
predicted that five to eight variables might be associated with
the occurrence of WHF. According to previous literature, the
readmission rate of HF patients discharged for 60-90 days is
about 30%.'* Based on the calculation of Events per variable,
the minimum sample size is 167 cases.*® Considering a 20%
non-response rate, the final study cohort included 218 pa-
tients with CHF.

Statistical analysis

Missing value handling
Patients who were eventually able to complete follow-up
were selected for pre-protocol set analysis (PPS). To ensure
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data quality, standardized procedures were established be-
fore the study commenced. Before statistical analysis, efforts
were made to minimize missing data by thoroughly reviewing
the original medical records. After these adjustments, vari-
ables with more than 30% missing values were excluded.
For the remaining variables, missing data patterns were visu-
alized using the VIM package v6.2.2 in R (Figure S1). In addi-
tion, we constructed shading matrices to explore correlations
between indicator variables and between indicator variables
and observable variables (Figures S2 and S3). Based on the
above steps and in conjunction with clinical experience, we
assumed this study’s missing data pattern was at least miss-
ing at random (MAR). Therefore, multiple interpolation was
filled using mice package v 3.16.0 in R. Predictive mean
matching, logistic regression, and polynomial regression were
used for numeric, dichotomous, and multicategorical vari-
ables, respectively.

Variable selection and optimal modelling

All statistical analyses and visualizations were performed
using SPSS (27.0), R (3.6.3), and Python (3.7.0), respectively.
Normally distributed data were expressed as mean * stan-
dard deviation, non-normally distributed data as median
and quartiles, and count data as percentages. In comparing
the sample means of the two groups, the independent
samples t-test was used for normally distributed data, the
rank sum (Wilcoxon) test was used for non-normally distrib-
uted data, and the chi-square test was used for count data.
P < 0.05 was considered statistically significant for all
analyses.

Using Python (sklearn 0.22.1), the data was randomly
divided into a training set and a test set at a ratio of 8:2.
The training set is used to screen the variables and con-
struct the categorical multivariate model. The test set is
used only for the performance evaluation of the final
model. To avoid overfitting and eliminate multicollinearity
between variables, the least absolute shrinkage and selec-
tion operator (LASSO) regression analysis was performed
on all variables in the training set using the R package
(glmnet4.1.2). A 10-fold cross-validation of the model was
performed to compute the minimum A-value and to extract
variables with non-zero coefficients. The screened variables
were also statistically significant in univariate analysis
(P < 0.05) and will be used for further categorical
multimodel construction. Python (sklearn 0.22.1, XGBoost
1.2.1, LightGBM 3.2.1) was employed to construct a
multimodel classification framework comprising eXtreme
Gradient Boosting (XGBoost), Logistic Regression, Light Gra-
dient Boosting Machine (LightGBM), RandomForest (RF),
Adaptive Boosting (AdBoost), Multilayer Perceptron (MLP),
Support Vector Machine (SVM), K-Nearest Neighbours
(KNN), and Gaussian Naive Bayes (GNB). The model is vali-
dated by a 10-fold cross-validation method, and the receiver
operating characteristic curve (ROC) is plotted to compare

the modelling effectiveness of different algorithms and se-
lect the optimal model. The determination of the optimal
model requires a combination of several metrics. ROC
curves were constructed, and AUC was calculated using Py-
thon (sklearn 0.22.1) to assess the accuracy of the predic-
tive model.*® Plot decision curve analysis (DCA) using R soft-
ware (rmda 1.6) to assess the clinical applicability of the
model.’” Calibration curves were plotted using Python
(sklearn 0.22.1) to measure model calibration.*® Recall (PR)
curves and calculated areas under the PR (AP) were plotted
as a complement to the ROC curves using Python (sklearn
0.22.1).7°

Once the optimal algorithm has been determined, the con-
struction of the optimal model begins. The training set is
used for model training, 10% of the data in the training set
is randomly selected to form the validation set, and 10-fold
cross-validation is performed for model tuning and evalua-
tion. The test set data is only used to evaluate the final per-
formance of the model. Considering the clinical utility of
the model, more variables are challenging to understand
and apply, so we intend to streamline the variables in the
model further. Due to the sample size limitations, we used
a more sensitive ML algorithm to screen the key variables.
By comparing the variable importance rankings output by
the three algorithms RF, XGBoost, and AdaBoost, we note
that these algorithms have a high degree of consistency in
evaluating the importance of variables. Therefore, we
chose the variable that ranked high in importance among
the three algorithms as the critical variable for the study.
The key variables obtained were again subjected to categori-
cal multimodel synthesis analysis and optimal modelling to
compare the final performance of the complete and simpli-
fied versions of the model.

Subgroup analysis

A comprehensive subgroup analysis was conducted to
verify the stability of the optimal model’s predictive ability
across various patient subgroups. These subgroups included
age (whether >65 vyears), gender, NYHA classification
(whether reaching V), presence of hypertension, CKD,
initial admission due to HF, type of HF, and LVEF (whether
LVEF >35%).

Interpretation tools for the model

Since most ML models are black-box models, they are less in-
terpretable, limiting their use in clinical settings. To address
this, we interpreted the model using Python (SHAP 0.39.0),
plotting significance and SHAP plots of contributions to the
model. SHAP is a unified approach that accurately calculates
the contribution and impact of each feature to the final
prediction. The SHAP values show how each predictor
positively or negatively influences the target variable. Each
observation in the dataset can also be interpreted in terms
of a specific set of SHAP values.?° In addition, based on the
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best-performing models, we created an online risk calculator
that predicts the risk of developing WHF by inputting infor-
mation about CHF patients. Finally, the models’ correspond-
ing sensitivity, specificity, positive predictive value, negative
predictive value, and F1 score were also calculated.

Results
Study population

Through standardized data collection procedures and appro-
priate handling of missing data, no patients were excluded
due to excessive missing information. Ultimately, only five
duplicate cases and 13 patients with incomplete follow-up
were excluded. A total of 200 patients with complete data
were included in the statistical analysis (Figure 1). There are
160 cases in the training set and 40 cases in the test set.
During the 3-month follow-up period, 60 patients (30%) de-
veloped WHF, and the characteristics of the two groups in
the training set are shown in Table 1. The difference in base-
line information between the training and test sets was not
statistically significant (Table S1).

Filtering variables and multimodel classification
construction

The LASSO regression results show that the minimum value
of A is 0.075, which at this point corresponds to 10 variables
with non-zero coefficients. Variables included were whether
statins were applied, emotional area, Hb, Cr, UA, NT-proBNP,
NYHA cardiac function class, history of CKD, history of hyper-
tension, and whether traditional Chinese medicine was
applied (Figure 2). Table 1 shows that all 10 variables were
statistically different in the univariate analysis. Therefore,
we constructed categorical multivariate models for the
above 10 variables. The ROC curve results showed that the
RF algorithm had the highest model accuracy with an AUC
of 0.801 (95% Cl: 0.563-0.993) (Figure 3A,B). The RF also
showed good accuracy in the calibration curve (Figure 3C).
DCA showed that the RF also had good clinical applicability
(Figure 3D). Similarly, RF showed the best AP values (Figure
3E,F). The combined analysis concludes that RF is the best
model.

The best model building

These 10 variables were RF modelled in the training set with
10-fold cross-validation, and finally, the models were evalu-
ated in the test set. The results showed an average AUC of
1.000 for the training set, 0.800 (95% Cl: 0.544—0.997) for
the validation set, and 0.822 (95% Cl: 0.644-0.999) for the

test set (Figure 4A—C). The performance of the validation
set is lower than that of the test set under the AUC metric,
so the model fit can be considered successful. Figure 4D
shows the changes in AUC during the RF model’s training pro-
cess. It can be seen that the AUC of the training set and the
validation set is finally stabilized at around 0.8, and the model
has a better prediction effect. The performance metrics of
the model are shown in Table 2. These results show that
the RF model can be used for dataset classification modelling
tasks. To improve the efficiency of model application in clini-
cal settings and to compare the modelling effects of the full
model and the simplified model, we simplified the model var-
iables by comparing the results of the variable importance
ranking of the three ML algorithms. The results showed that
the five variables, NT-proBNP, Cr, UA, Hb, and Emotional area,
were significant in all three ML algorithms (Figure 5A—C). The
results of the categorical multiple modelling show that the RF
algorithm has the highest model accuracy, with a validation
set AUC of 0.785 (95% Cl: 0.533-0.981) (Figure 5D,E). A sim-
plified version of the RF model containing five variables was
again modelled, validated, and tested. The results showed
an average AUC of 1.000 for the training set, 0.797 (95% Cl:
0.549-0.993) for the validation set, and 0.842 (95% Cl:
0.675-1.000) for the test set (Figure 6A—C). Figure 6D shows
the changes of AUC during the training process of the RF
model, and it can be seen that the AUC of the training set
and the validation set is finally stabilized at around 0.8, and
the model has a good prediction effect. The performance
metrics of the model are shown in Table 2. Considering that
the performance of the streamlined version of the model is
not inferior to the full version and significantly improves the
efficiency of clinical use. Therefore, we considered the
streamlined version of the model as the final model and
implemented further model interpretation and predictor
development.

Subgroup analysis

The results of the subgroup analyses are shown in Table S2.
Due to sample size limitations, we cannot assess the perfor-
mance of the best model in the combined CKD subgroup.
Summarizing the model’s performance across subgroups,
we find that the final model fits well across populations (all
AUCs >0.6). Specifically, the model demonstrated higher pre-
dictive accuracy for patients without hypertension, with
NYHA classification II-lll, HFrEF and HFpEF. However, in the
subgroups without CKD, first hospitalization due to HF, and
HFmrEF, while the model exhibited high sensitivity, its speci-
ficity and positive predictive value were low. Additionally, for
the subgroup with LVEF <35%, both accuracy and sensitivity
were also low. This indicates that the results of this model
must be interpreted with caution when predicting the risk
of WHF in these populations.
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Table 1 Characteristics of participants in the training set grouped according to WHF occurrence
Total (N = 160), Non-WHF (N = 110), WHF (N = 50),
Characteristics N (%) N (%) N (%) P-value
Gender 0.436
Male, n (%) 103 (64.38) 73 (66.36) 30 (60.00)
Female, n (%) 57 (35.63) 37 (33.64) 20 (40.00)
Age, years, median (IQR) 72.00 [63.00, 78.00] 72.00 [63.00, 78.00] 70.000 [60.00, 80.00] 0.761
Vital signs
Heart rate, b.p.m., median (IQR) 76.00 [70.00, 83.00] 74.00 [70.00, 84.00] 77.00 [72.00, 83.00] 0.507
Systolic blood pressure, mmHg, 127.93 + 22.27 129.90 + 21.82 123.60 = 22.65 0.098
mean (SD)
Diastolic blood pressure, mmHg, 76.39 = 13.22 76.89 = 13.54 75.30 = 12.44 0.484
mean (SD)
BMI, kg/mz, median (IQR) 24.68 [22.03, 27.74] 24.78 [22.04, 27.89] 24.16 [21.50, 27.68] 0.850
Educational attainment 0.050
Primary and below, n (%) 12 (7.50) 6 (5.45) 6 (12.00)
Junior middle school, n (%) 44 (27.50) 37 (33.64) 7 (14.00)
Senior high school, n (%) 65 (40.63) 41 (37.27) 24 (48.00)
University degree or above, n (%) 39 (24.38) 26 (23.64) 13(26.00)
History of smoking, n (%) 63 (39.38) 49 (44.55) 14 (28.00) 0.047
History of drinking, n (%) 34 (21.25) 27 (24.55) 7 (14.00) 0.131
Exercise frequency 0.124
Hardly any exercise, n (%) 67 (41.88) 42 (38.18) 25 (50.00)
Get some exercise, n (%) 81 (50.63) 57 (51.82) 24 (48.00)
Regular exercise, n (%) 12 (7.50) 11 (10.00) 1 (2.00)
First admission for HF 0.101
Yes 77 (48.13) 60 (52.17) 17 (37.78)
No 83 (51.88) 55 (47.83) 28 (62.22)
Co-morbidities
Coronary artery disease, n (%) 68 (42.50) 47 (42.73) 21 (42.00) 0.931
Hypertension, n (%) 58 (36.25) 30 (27.27) 28 (56.00) <0.001
Diabetes, n (%) 96 (60.00) 61 (55.45) 35 (70.00) 0.082
Chronic kidney disease, n (%) 25 (15.63) 10 (9.09) 15 (30.00) <0.001
Stroke, n (%) 19 (11.88) 11 (10.00) 8 (16.00) 0.277
Atrial fibrillation, n (%) 42 (26.25) 28 (25.45) 14 (28.00) 0.734
Hyperlipidaemia, n (%) 52 (32.50) 31 (28.18) 21 (42.00) 0.084
Treatment
Angiotensin-converting enzyme 72 (45.00) 45 (40.91) 27 (54.00) 0.123
inhibitors/angiotensin-receptor
blockers/angiotensin receptor
enkephalinase inhibitors, n (%)
Beta-blocker, n (%) 92 (57.50) 59 (53.64) 33 (66.00) 0.143
Loop diuretics, n (%) 112 (70.00) 76 (69.09) 36 (72.00) 0.710
Spironolactone, n (%) 85 (53.13) 59 (53.64) 26 (52.00) 0.848
Digoxin, n (%) 13 (8.13) 6 (5.45) 7 (14.00) 0.067
Aspirin/clopidogrel, n (%) 43 (26.88) 28 (25.45) 15 (30.00) 0.548
Statin, n (%) 17 (10.63) 7 (6.36) 10 (20.00) 0.009
Nitrate drugs, n (%) 14 (8.75) 11 (10.00) 3 (6.00) 0.407
Traditional Chinese medicine, n (%) 83 (51.88) 65 (59.09) 18 (36.00) 0.007
Drug type 0.022
1, n (%) 33 (20.63) 23 (20.91) 10 (20.00)
2, n (%) 59 (36.88) 46 (41.82) 13 (26.00)
3, n (%) 58 (36.25) 38 (34.55) 20 (40.00)
4, n (%) 10 (6.25) 3(2.73) 7 (14.00)
Types of heart failure 0.690
HFrEF, n (%) 62 (38.75) 44 (40.00) 18 (36.00)
HFmrEF, n (%) 35(21.88) 22 (20.00) 13 (26.00)
HFpEF, n (%) 63 (39.38) 44 (40.00) 19 (38.00)
Functional status by New York 0.010
Heart Association level
I, n (%) 23 (14.37) 19 (17.27) 4 (8.00)
I, n (%) 94 (58.75) 69 (62.73) 25 (50.00)
IV, n (%) 43 (26.88) 22 (20.00) 21 (42.00)
Echocardiography
LVEF, %, median (IQR) 44.00 [36.00, 57.00] 44.00 [37.00, 58.00] 44.00 [29.00, 56.00] 0.471
LVDd, mm, mean (SD) 57.71 = 8.81 56.90 = 8.39 59.50 = 9.42 0.084
LVDs, mm, mean (SD) 43.31 + 10.33 43.12 = 10.21 43.74 + 10.56 0.726
LVFS, %, median (IQR) 24.00 [18.00, 32.00] 23.00 [18.00, 32.00] 27.00 [21.00, 32.00] 0.276
(Continues)
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Table 1 (continued)

Total (N = 160), Non-WHF (N = 110), WHF (N = 50),
Characteristics N (%) N (%) N (%) P-value

Laboratory test
NT-proBNP, pg/mL, median (IQR) 2009.00 [812.00, 4117.00] 1528.00 [639.00, 2780.00] 3612.00 [1876.00, 8121.00] <0.001

UA, umol/L, median (IQR) 448.00 [365.00, 557.00] 419.00 [354.00, 512.00] 538.00 [425.00, 615.00] 0.001
Cr, umol/L, median (IQR) 88.70 [73.70, 123.70] 83.80 [72.30, 113.50] 114.70 [74.50, 168.00] 0.007
BUN, mmol/L, median (IQR) 7.86 [6.16, 9.97] 7.55[5.92, 9.27] 9.48 [6.75, 11.26] 0.007
TBIL, pmol/L, median (IQR) 15.04 [9.41, 21.66] 13.37 [8.59, 21.26] 16.32 [12.63, 22.24] 0.043
Hb, g/L, mean (SD) 121.56 = 24.04 125.86 = 23.60 112.10 = 22.21 <0.001
HCT, %, median (IQR) 0.36 [0.32, 0.42] 0.37 [0.31, 0.43] 0.36 [0.32, 0.38] 0.046
RBC, ><109/L, median (IQR) 3.95 [3.53, 4.49] 3.95 [3.51, 4.61] 3.92 [3.56, 4.26] 0.310
Quality of life assessment
Physical area, score, median (IQR) 22.00 [16.00, 28.00] 20.00 [12.00, 28.00] 25.00 [19.00, 29.00] 0.014
Emotional area, score, median (IQR) 5.00 [1.00, 8.00] 4.00 [0.00, 7.00] 6.00 [4.00, 8.00] 0.005
Other areas, score, median (IQR) 22.00 [13.00, 27.00] 21.00 [13.00, 27.00] 22.00 [13.00, 30.00] 0.491
MLHFQ total score, score, mean (SD) 47.13 = 19.87 44.87 + 19.22 52.10 + 20.35 0.033
LVEF, %
HFrEF, median (IQR) 33.00 [27.00, 38.00], 33.00 [29.00, 38.00], 29.00 [23.00, 38.00], 0.239
(n =61) (n=47) (n =14)
HFmrEF, median (IQR) 44.00 [42.00, 46.00], 43.00 [42.00, 46.00], 44.00 [43.00, 48.00], 0.112
(n =32) (n=18) (n =14)
HFpEF, mean (SD) 59.35 + 9.74, 58.73 = 10.03, 61.00 = 8.45, 0.464
(n =67) (n =52) (n =15)

BMI, body mass index; BUN, blood urea nitrogen; Cr, creatinine; Hb, haemoglobin; HCT, haematocrit; HFmrEF, heart failure with mildly
reduced ejection fraction; HFpEF, heart failure with preserved ejection fraction; HFrEF, heart failure with reduced ejection fraction; LVDd,
left ventricular end-diastolic internal diameter; LVDs, left ventricular end-systolic internal diameter; LVEF, left ventricular ejection fraction;
LVFS, left ventricular fractional shortening; MLHFQ, Minnesota Heart Failure Quality of Life Questionnaire; NTproBNP, N-terminal brain
natriuretic peptide precursor; RBC, red blood cell count; TBIL, total bilirubin; UA, uric acid; WHF, worsening heart failure.

Figure 2 LASSO regression analysis was used for preliminary variable screening.
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Interpretation of models rence of WHF. Figure 7A shows the order of importance of
the five variables assessed in terms of mean absolute SHAP
To visually explain the selected variables, we use SHAP to il- values, with the SHAP values on the x-axis indicating the

lustrate how the variables in these models predict the occur-  significance of the predictive model, and it can be seen that
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Figure 3 Model accuracy for categorical multimodel evaluation. (A) ROC curves and AUC of the training group. (B) ROC curves and AUC of the vali-
dation group. (C) Calibration curves for the validation set, where the horizontal coordinate is the average predicted probability, the case coordinate
is the actual probability of the event, the diagonal dashed line is the reference line, and the other smooth solid lines are the different model fit lines.
The closer the fitted line is to the reference line, the smaller the values in parentheses are and the more accurate the model predictions are. (D) Val-
idation set DCA, where the black dashed line represents the hypothesis that all patients have WHF, and the red dashed line and the thin black line
represent the hypothesis that no patients have WHF. The remaining solid lines represent different models. (E) PR curves and AP for the training
set and (F) PR curves and AP for the validation set. The y-axis represents precision, and the x-axis represents recall. Suppose the precision curve of

another model completely covers the precision curve of one model. In that case, the latter can be considered better than the former, and the higher
the AP value, the better the model performance. Different colours in the graph represent the corresponding models.
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Figure 4 Full version RF model training, validation, and testing. (A) Training set of ROC curves and AUC. (B) Validation set of ROC curves and AUC. (C)
Testing set of ROC curves and AUC. (D) Learning curve. The red dashed line represents the training set, and the blue dashed line represents the val-

idation set.
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NT-proBNP, UA and Cr were the more important predictors of
WHF in patients. In the summary plot of SHAP values in
Figure 7B, each feature is represented along the y-axis, and
the corresponding SHAP values are represented along the
x-axis. These SHAP values indicate how much each feature
affects the average predicted value of the model, with blue
to red representing feature values from low to high. It can
be seen that Hb was negatively associated with the develop-
ment of WHF, whereas NT-proBNP, Cr, emotional area, and
UA were positively associated with the development of
WHF. We also visualized individual predictions, which are
shown in Figure 7C for non-WHF (NWHF) patients and in
Figure 7D for WHF patients. Bold numbers are probabilistic
predictions (f(x)) and baseline values are predictions not en-
tered into the model. f(x) is the log ratio for each observa-
tion. Red features indicate that they make the risk of WHF
increased and blue features indicate that the risk of occur-
rence is reduced. The length of the arrows helps to visualize

the extent to which predictions are affected, with longer
arrows having a greater impact on the eventual occurrence
of events.?*

Application of predictive models

Although SHAP values provide a reliable explanation for ML
models, it is still challenging to derive insights for practical
clinical applications directly from SHAP values. To enable
clinicians to translate our findings into practical applications,
we have developed a web-based version of an online
risk calculator based on a simplified version of the RF
model, with detailed instructions and precautions for use
(www.xsmartanalysis.com/model/list/predict/model/html?mid=
11456&symbol=7170qN6FAcA32640kr67) (Figure 8). When
applied to the clinic, the model predicts the risk of developing
WHF in patients with CHF by inputting five identified
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Table 2 Predictive performance of RF model in different datasets

Model Groups AUC (95% CI) Cut-off (95% Cl) Accuracy (95% Cl)
Full version of Training 1.000 (Na-Na) 0.609 (0.592-0.626) 0.992 (0.989-0.994)
the RF model set

Validation 0.800 (0.544-0.997) 0.609 (0.592-0.626) 0.738 (0.697-0.778)

set

Testing set 0.822 (0.644-0.999) 0.61 0.8
Streamlined Training 1.000 (Na-Na) 0.605 (0.590-0.620) 0.991 (0.988-0.994)
version of the set
RF model Validation 0.797 (0.549-0.993) 0.605 (0.590-0.620) 0.763 (0.722-0.803)

set

Testing set 0.842 (0.675-1.000) 0.59 0.775
AUC, area under the curve; RF, random forest.
Table 2 (continued)

Positive Negative
Sensitivity Specificity predictive value predictive value F1 score

Model (95% ClI) (95% ClI) (95% Cl) (95% Cl) (95% Cl)
Full version of ~ 1.000 (1.000-1.000)  1.000 (1.000-1.000)  1.000 (1.000-1.000)  0.988 (0.984-0.992) 1.000 (1.000-1.000)
the RF model 0.800 (0.683-0.917) 0.800 (0.705-0.895) Na (Na-Na) 0.742 (0.711-0.773) Na (Na-Na)

0.9 0.8 0.75 0.806 0.818
Streamlined 1.000 (1.000-1.000)  1.000 (1.000-1.000)  1.000 (1.000-1.000) 0.987 (0.983-0.991) 1.000 (1.000-1.000)
version of the  0.860 (0.758-0.962)  0.755 (0.619-0.890) Na (Na-Na) 0.768 (0.738-0.797) Na (Na-Na)
RF model 0.9 0.833 0.6 0.8 0.72

AUC, area under the curve; RF, random forest.

variables. For example, if a patient with CHF has an NTpro-
BNP of 21 937 pg/mL, a UA of 452 mmol/L, a Cr of
106.9 mmol/L, a Hb of 72 g/L, and a computed MHFLQ-Emo-
tional area score of 0 when first tested after admission, the
model would yield a probability of the patient developing
WHF in the next 3 months of 59.00%.

In addition to the web calculator described above, cut-off
values, sensitivity, specificity, positive predictive value, nega-
tive predictive value, and F1 score were calculated for both
models (Table 2). Combining the evaluation metrics of the
models, the simplified model has a slightly higher classifica-
tion ability and prediction strength while maintaining a high
sensitivity but is weakened in certain other aspects (accuracy
and positive predictive value). This suggests that a simplified
version of the model is a more efficient option, especially
when there is a need to balance model complexity with prac-
tical clinical application scenarios.

Discussion

WHF is considered a specific stage in the course of HF, and
WHF signals a poorer prognosis.z'3 Recent guidelines also em-
phasize the clinical importance of WHF.*?? The study by But-
ler et al.2® included 11 064 patients with HF with reduced
ejection fraction (HFrEF), 17% of whom developed WHF
1.5 years after diagnosis, and the 2-year mortality rate for pa-
tients who developed WHF was 22.5%. Of note, the study de-
fined WHF as stable HF for >90 days, with subsequent deteri-
oration requiring hospitalization. However, studies have

shown that non-admitted patients, who account for 50% of
total WHF events, have as poor a prognosis as hospitalized
patients.’® This suggests that the risk of WHF is seriously
underestimated. In a recent review, researchers noted the
need to recognize WHF as a marker of a new stage in the de-
velopment of HF.! Especially in the context of studies show-
ing that the use of invasive pulmonary artery pressure home
monitoring technology can identify changes in the condition
of CHF patients before clinical symptoms worsen, potentially
leading to a 48% reduction in hospitalization rates, this fur-
ther confirms the importance of timely detection and inter-
vention of preclinical exacerbations in reducing hospital
admissions.?* These findings reinforce the need to develop
predictive models of WHF for early identification of
high-risk CHF patients and effective risk stratification.

In our study, the prevalence of WHF in CHF patients within
3 months was 30%, which is consistent with the results of ep-
idemiologic surveys.® This study utilizes the most recent def-
inition of WHF, which makes our work significantly different
from existing studies. Previous studies have preferred to
use HF or all-cause readmissions as predictors of outcome
(Table 3). As mentioned earlier, the occurrence of WHF
events in non-hospitalized patients makes the targeted devel-
opment of WHF prediction models of practical relevance. In
addition, we note that existing studies prefer to select the
most accurate model by comparing multiple ML algorithms,
which often contain a large number of variables, making it
difficult to generalize their results widely to clinical applica-
tions. More critically, these studies need more interpretability
provided for ML models. Due to the black-box nature of ML,
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Figure 5 Filtering variables and multimodel classification construction. (A) Top 10 order of importance of variables in RF models. (B) Top 10 order of
importance of variables in XGBoost models. (C) Top 10 order of importance of variables in AdaBoost models. (D) ROC curves and AUC of the training
group. (E) ROC curves and AUC of the validation group. NTproBNP: N-terminal brain natriuretic peptide precursor. Cr: creatinine. TBIL: total bilirubin.

UA: uric acid. Hb: haemoglobin. Hb: haemoglobin. CKD: chronic kidney disease.
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this has been a significant barrier to translating its results into
clinical applications. In this case, we provide an interpretable
ML model that contains only five clinically common indexs.
The generated online risk calculator also provides a conve-
nient way for clinical applications, a significant improvement
over the past. Similarly to our study, Parikh et al.® developed
a predictive model based on the gradient boosted decision
tree model in 338 426 adult HF patients to predict the inci-
dence of WHF in patients with different HF types. They vali-
dated the excellent performance of the model. The results
showed that brain-type natriuretic peptide (BNP), the num-
ber of occurrences of previous lower extremity edema and
pulmonary rales, and diuretic use were the most vital predic-
tors associated with the development of WHF. However, the
study was based on a retrospective collection of electronic
health record data from a medical facility in the Northern
California region of the United States. The applicability of

the model results to the Chinese population needs to be
verified, and inevitably, some indicators, such as
patient-reported outcome metrics (PROMs), will be missed.
This study is the first predictive model of WHF in the Chinese
population. Prospective data collection ensured the accuracy
and validity of the data, and we comprehensively compared
the modelling effectiveness of multiple ML algorithms and
built a quantifiable risk calculator. This is an improvement
over previous studies.

Due to the limited size of the study and to minimize the
risk of overfitting, we screened the variables by LASSO regres-
sion, multistage ML algorithmic screening, and 10-fold cross-
validation. Through LASSO regression and univariate analysis,
we initially developed an RF model with 10 variables that per-
formed well. In order to improve the efficiency of the clinical
use of this model, we achieved the streamlining of the vari-
ables through the ML algorithm, which is because the ML
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Figure 6 Streamlined RF model training, validation, and testing. (A) Training set of ROC curves and AUC. (B) Validation set of ROC curves and AUC. (C)
Testing set of ROC curves and AUC. (D) Learning curve.
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algorithm does not have strict requirements on the sample
size, thus maximizing the correctness of the results. We final-
ized five key variables: NT-proBNP, Cr, UA, Hb, and emotional
area and used them to construct the RF model with the best
performance. Evaluating the model by metrics such as F1
scores, we find that the simplified version performs better
and that continuous variables play a more prominent role in
the model than other categorical variables. This may be be-
cause continuous variables are more conducive to the
model’s sensitive detection of changes in the condition. In
subgroup analyses, the final model demonstrated good gen-
eralizability across different populations. Specifically, the
model exhibited higher predictive accuracy for patients with-
out hypertension, within NYHA classes II-1ll, HFrEF and HFpEF.
However, although the model’s sensitivity was high in the
subgroup of patients without CKD, first hospitalization due
to HF and HFmrEF, its specificity and positive predictive value
were poorer. This indicates the model may generate more

false positive results when predicting WHF events in these
subgroups. This may be related to the physiological mecha-
nisms closely associated with CKD and heart conditions,
which are not as pronounced in patients without CKD, affect-
ing the model’s predictive performance. For patients hospi-
talized for the first time due to HF, the potential pathophysi-
ological mechanisms may not have fully manifested due to
the short duration of the disease. HFmrEF, as an intermediate
state, typically exhibits characteristics of both HFrEF and
HFpEF, and may transition into other categories as the dis-
ease progresses.>> This complexity and diversity in patho-
physiology increase the difficulty of model prediction and
may contribute to the poor predictive performance observed.
For patients with LVEF <35%, the presence of more severe
structural cardiac changes and haemodynamic abnormalities,
combined with the rapid and severe nature of their condi-
tion, may render conventional parameters insufficient to
timely reflect changes in their condition. In addition, we
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Figure 7 Interpretation of the model using SHAP. (A) Importance ranking of features displayed by SHAP. (B) Characterization attributes in SHAP. (C) A

patient with NWHF and (D) a patient with WHF.
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recognize that these results need to be considered and ad-
dressed in subsequent studies due to the lack of external val-
idation and the relatively small study size.

NT-proBNP, UA, and Cr in the model were the three most
significant variables in predicting the occurrence of WHF. This
is consistent with the findings of Parikh et al.® that BNP, Cr,
and Hb are all significant predictors of WHF occurrence in pa-
tients with HF, with BNP being the most important predictor.
Since NT-proBNP testing is more common in our medical
units, this still proves the value of NT-proBNP in predicting
the occurrence of WHF. Considering that the current defini-
tion of WHF needs to be supplemented with additional bio-
markers, it is reasonable to believe that NT-proBNP or BNP
levels are expected to be the basis for the diagnosis of
WHF.! Elevated UA is common in patients with HF due to
long-term diuretic use and co-morbid renal dysfunction. The
results of the meta-analysis showed that UA levels were pos-
itively associated with the occurrence of HF and the risk of a
composite endpoint event in patients with HF.?® A recent
study by Nishino et al.>” demonstrated that UA is an indepen-
dent risk factor for readmission in patients with ejection

fraction-preserved HF (HFpEF) and that UA-lowering therapy
is associated with a reduced risk of death. Many models have
shown that PROMs (MHFLQ, Kansas City Cardiomyopathy
Questionnaire) are important predictors of death and read-
mission in patients with HF.>®?° The non-invasive nature of
PROM:s indicators gives them a unique predictive advantage.
Our findings suggest that focusing on the domain of emotion
is more important in predicting the future occurrence of WHF
than other domains in quality of life indicators. It also means
that the long-term management of patients with HF requires
multidisciplinary interventions, including psychiatrists. Most
previous HF predictive modelling studies have addressed
the prediction of readmission and death. A systematic review
of 117 predictive models for HF showed that BUN, blood so-
dium level, and race had the highest predictive value for
readmission.?° This is different from our findings. Consider
that the definition of WHF used in this study includes worsen-
ing of symptoms, signs, and increased outpatient diuretics in
addition to readmission for HF. This may be partly responsi-
ble for the discrepancy. Study demonstrated that the predic-
tive value of echocardiographic parameters (LVEF, LVDd,
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Figure 8 Web-based WHF risk calculator.
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LVDs, and LVFS) is not significant, although similar studies
have reached comparable conclusions. Additionally, our study
indicated that the predictive value of echocardiographic pa-
rameters (LVEF, LVDd, LVDs, and LVFS) is not significant, con-
sistent with findings from similar studies.®**33 It should be
noted that during the initial phase of this study, there was
limited awareness of HFpEF in China. Consequently, parame-
ters of diastolic function were not routinely reported in our
medical unit early in the study. The high rate of missing data
led to the exclusion of these variables, which may have lim-
ited the evaluation of their predictive value for WHF. The in-
significance of systolic function indices such as LVEF and LVDd
could also be attributed to the inclusion of a substantial num-
ber of HFpEF patients in our study. This underscores the need
for future research to focus on the comprehensive collection
of echocardiographic parameters in patients with different

HF phenotypes and to investigate the relationship between
these parameters and the occurrence of WHF. Interestingly,
no significant differences in WHF were observed among the
three subtypes, which may be attributed to the limited sam-
ple size and short follow-up period. Additionally, due to dif-
ferences in treatment approaches and disease management,
HFrEF patients typically receive more aggressive and compre-
hensive care. This proactive management may reduce the in-
cidence of WHF in HFrEF patients. In contrast, the lack of
treatment options for HFmEF may explain why the incidence
of WHF in HFmEF patients is similar to that in HFrEF patients.
Finally, although HFmrEF is generally considered a relatively
stable phase of the disease, our study showed that HFmrEF
patients who were hospitalized still had a high short-term risk
of WHF, indicating the need for enhanced management of
HFmrEF patients.
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In summary, we conducted a study that culminated in
constructing an RF model to predict the occurrence of WHF
by screening variables and comparing multiple modelling
approaches. The model includes five important variables
commonly found in clinical practice: NT-proBNP, Cr, UA, Hb,
and MLHFQ-emotional area. Since machine learning models
are poorly interpretable, SHAP improves the interpretation
of the results. The results suggest that the predictive value
of the variables NT-proBNP, UA, and Cr may be higher. The
online computational tool developed allows clinicians to eas-
ily apply the results of this study to their clinical practice. It is
expected to improve the scalability and cost-effectiveness of
the healthcare system.

Limitation

This study still has some limitations. First, although the
study’s target population was Chinese WHF patients, the
source of the cases was a single centre, which may cause bias
and reduce the extrapolation of the findings. Additionally, the
cohort size of 200 patients is relatively small. The limited
sample size hindered an in-depth analysis of the rarer HF
phenotypes (such as hypertrophic and dilated cardiomyopa-
thy) during the model training process, which has conse-
quently restricted the model’s applicability. Future research
should aim to increase the sample size and incorporate a
broader spectrum of HF phenotypes to enhance the model’s
accuracy and clinical utility. Finally, in our study, no detailed
information was collected on patients’ signs of congestion,
such as previously presented lower extremity oedema and
lung rales. These factors were important in predicting the
occurrence of WHF in the study by Parikh et al.® and may fur-
ther improve the model’s predictions in this study. Therefore,
these important variables should be taken into account in
future studies. Based on this study, future research should
involve multicentre collaboration with different institutions
to ensure data diversity and model generalizability, thereby
further validating and optimizing our model. Additionally,
extending the follow-up period, optimizing the study design,
and employing advanced models such as long short-term
memory (LSTM) networks to better capture patients’
dynamic changes will enhance the accuracy and applicability
of predictions, representing a key direction for future
research.

Conclusions

In summary, by comparing the performance of various ML al-
gorithms in predicting the occurrence of WHF, we ultimately
developed an RF model. The interpretation of the model

through SHAP highlighted the significance of NT-proBNP, Cr,
UA, Hb, and emotional area, culminating in creating an online
risk calculation tool. This provides clinicians with early identi-
fication of patients at high risk for CHF, improves medical
decision-making, and provides personalized treatment.
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