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Dying to pay: end-of-life medical
costs for middle-aged and older
adult patients with cardiovascular
and cerebrovascular diseases

Guoheng Hu, Haining Zhao, Xiaolong Bian and Ying Li*

Yanshan University, Qinhuangdao, Hebei, China

Objective: This study aims to investigate end-of-life healthcare expenditures
among middle-aged and older patients with cardiovascular and cerebrovascular
diseases, with a particular focus on the existence of the "nearing-death effect.”

Methods: Using inpatient discharge summary data from the Chinese National
Medical Insurance Settlement Platform, we identified a cohort of middle-
aged and older adults (aged 45 and above) diagnosed with cardiovascular and
cerebrovascular diseases in Province H, China, during 2018-2019. Propensity
Score Matching (PSM) was employed to examine differences in end-of-life
healthcare expenditures between deceased and surviving patients. Robustness
checks were performed using Multidimensional Fixed Effects (MDFE) and
Difference-in-Differences Machine Learning (DDML).

Results: The findings reveal a substantial increase in end-of-life healthcare
expenditures among patients with cardiovascular and cerebrovascular diseases.
Specifically, Total Medical Costs, Comprehensive Service Fees, Diagnosis Fees,
Treatment Fees, Pharmaceutical Fees, and Nursing Care Fees rose by 34.3, 44.0,
35.7,62.5,49.9, and 46.8%, respectively, all statistically significant at the 1% level.
These results highlight a pronounced escalation in healthcare expenditures
associated with patient mortality.

Conclusion: Among middle-aged and older patients with cardiovascular and
cerebrovascular diseases, healthcare expenditures exhibit a distinct “end-of-
life effect,” characterised by a sharp surge in medical spending during the final
stages of life. This phenomenon underscores the intensive utilization of medical
resources at the end of life, markedly differing from healthcare expenditure
patterns at other stages of life.

KEYWORDS

cardiovascular and cerebrovascular diseases, end-of-life healthcare expenditures,
terminal stage, propensity score matching (PSM), difference-in-differences machine
learning (DDML)

1 Introduction

The rising cost of healthcare, particularly at the end of life, has become a major challenge
faced by healthcare systems worldwide. Research indicates that the proportion of total
healthcare expenditure attributed to end-of-life care varies across countries, typically ranging
from 10 to 13% (1-3). Cardiovascular and cerebrovascular diseases, among the leading causes
of death globally, place a significant strain on healthcare resource consumption due to their
high recurrence rates and fatality. In 2020, the total number of patients discharged from
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hospitals in China due to cardiovascular and cerebrovascular diseases
reached 24.28 million, with associated medical expenses amounting
to 270.9 billion yuan. These substantial medical costs not only
exacerbate the financial burden on individuals and families but also
raise concerns about inefficiencies in resource allocation and
disparities in healthcare accessibility.

In this context, scholars have increasingly focused on the
multifaceted determinants of end-of-life healthcare expenditure.
Existing research indicates that the expenditure on end-of-life care is
not solely determined by a single linear factor but rather emerge from
the complex interplay of multiple factors, including patient
characteristics, medical intervention models, decision-makers’
preferences, and the institutional environment. At the patient level, in
particular, end-of-life healthcare costs exhibit significant temporal
heterogeneity. The cost escalation in the final 3 months of life follows
an exponential trajectory, primarily due to interventions for acute
complications and the intensive utilization of critical care resources
(4). Furthermore, age-related differences influence indirectly
expenditure patterns through treatment choices, as younger patients,
who are more likely to undergo aggressive treatments, typically incur
higher end-of-life costs than older individuals.

The intensity of medical interventions is a key driver of rising
factors healthcare costs, particularly at the end of life. In some cases,
these interventions extend beyond medically beneficial treatments,
leading to futile care, which underscores the imbalance between
medical advancements and ethical considerations. A study by Schouel
etal. (5) found that the per capita cost of life-sustaining treatments for
patients with irreversible diseases in the ICU can be as high as
$658,000, without yielding significant improvement in clinical
outcomes. Such decisions are often heavily influenced by physicians’
practice preferences. Cutler et al. (6) noted that approximately 35% of
end-of-life healthcare expenditure is attributed to treatment plans that
are not aligned with evidence-based medicine.

Additionally, patients’ and their families’ demand for life-
prolonging treatment are deeply shaped by cultural values. In certain
religiously conservative regions, the heavy reliance on advanced
medical technologies and the tendency to prolong treatment are
particularly pronounced, creating a vicious cycle of “moral obligation-
resource consumption” (7).

The institutional environment also plays a critical role in shaping
the structure of healthcare costs. The social insurance system faces
sustainability challenges due to the financial strain of an aging
population, while ethical debates on cost-effectiveness assessments
further complicate institutional decision-making (8). Transforming
care models presents a viable path for cost optimization. Although the
initial cost of home-based end-of-life care is relatively high, it can
generate long-term savings by reducing readmission rates (9).
Additionally, in regions where euthanasia is legal, the demand for
high-intensity treatments has declined (10), further underscoring the
significant impact of legal frameworks on healthcare cost structures.

Although existing literature has examined the driving mechanisms
of end-of-life healthcare costs from multiple perspectives, two main
research gaps remain. First, empirical validation of the “near-death
effect” remains insuflicient. Most studies rely on scenario analyses or
simple cohort comparisons, making it difficult to disentangle the
confounding effects of age, comorbidities, and time to death (11).
Moreover, many studies treat the “near-death effect” as a given, lacking
rigorous quantitative validation within a counterfactual framework.

Frontiers in Public Health

10.3389/fpubh.2025.1548999

Second, research on disease specificity and institutional contexts
remains limited. Current research predominantly focuses on diseases
such as cancer, neglecting acute-onset conditions like cardiovascular
and cerebrovascular diseases. Additionally, most studies are based on
Western healthcare systems, with limited consideration of the
payment environment structures under social health insurance in
developing countries like China, which institutional factors may
further intensify end-of-life cost pressures.

This study seeks to address these gaps by focusing on the middle-
aged and older adult patients with cardiovascular and cerebrovascular
diseases. Using inpatient medical record data, we apply the Propensity
Score Matching (PSM) method to examine differences in end-of-life
healthcare expenditures and the dynamic evolution of cost structures
between deceased and non-deceased patients, thereby empirically
validating the “near-death effect” Additionally, we employ
Multidimensional Fixed Effects (MDFE)
Differences Machine Learning (DDML) for robustness checks,

and Difference-in-

effectively  accounting  for  time  heterogeneity = and
unobservable confounders.

This not only uncovers the distinct patterns of end-of-life
healthcare expenditures but also carries significant practical
implications for curbing the rapid escalation of medical costs. By
providing empirical evidence, this study offers scientific support for
policymakers in formulating cost-control strategies, thereby
optimizing medical resources allocation, enhancing end-of-life care
services, alleviating the financial burden on patients’ families, and

promoting the sustainable development of healthcare systems.

2 Methods
2.1 Data source

The data used in this study were authorized by the Medical
Insurance Settlement Platform of Province H in China. All datasets
underwent anonymization and de-identification procedures to ensure
that no personally identifiable information was disclosed in this article
or its Supplementary materials. As administrative data, their usage
strictly complied with provincial regulatory and legal frameworks
governing administrative data applications. Given that this study
constitutes a secondary analysis of anonymized administrative
records, it does not involve human participants or experimental
procedures requiring ethics review board approval. Furthermore, all
methodological approaches adhered to the journal’s guidelines and
prescribed standards.

A stratified random sampling approach was employed for data
selection. First, urban stratification was conducted: the data provider
categorized provincial hospitalization records into distinct strata
based on municipal jurisdictions, with each stratum encompassing all
records from its respective city. Second, systematic sampling was
applied within each municipal stratum: hospitalization records were
chronologically ordered by discharge month, and systematic sampling
was performed at fixed intervals within each monthly subset. The
systematically sampled records from all municipal strata were then
aggregated, yielding a final sample of 111,819 cases.

In alignment with the research objectives, the analysis was
restricted to patients aged 45 years or older with a diagnosis of
cardiovascular or cerebrovascular diseases, yielding a final sample size
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of 44,341 cases. Case identification for these conditions was based on
the first four digits of ICD-10 codes, with detailed specifications
provided in Supplementary Table 1. Additionally, to mitigate the
influence of extreme values on the model, all expenditure variables
were winsorized at the 1% level.

H Province, as one of the fastest-aging regions in China, is highly
representative due to its demographic and healthcare system
characteristics aligning closely with the national average. According
to the Seventh National Census, the proportion of older adult
individuals in H Province (44.02%) is nearly identical to the national
average (44.16%), ensuring that the sample reflects the broader aging
trend in China. Additionally, the province’s basic medical insurance
reimbursement ratio is consistent with national policies, and its
government-led healthcare financing structure—where 67% of
funding comes from the government—resembles the nationwide
public health financing framework. These similarities indicate that the
findings from H Province can provide valuable insights into the cost
dynamics of end-of-life care across China. Moreover, given that H
Province’s healthcare financing structure is also comparable to certain
middle- and high-income economies, such as Turkey and Mexico, this
study contributes to the global discourse on optimizing end-of-life
healthcare policies within publicly funded healthcare systems.

2.2 Indicator selection

This study selects variables based on existing research, China’s
healthcare context, and data availability. The dependent variable is
healthcare expenditures for middle-aged and older patients with
cardiovascular and cerebrovascular diseases, classified into six

TABLE 1 Descriptive statistical analysis.

10.3389/fpubh.2025.1548999

categories: Total Medical Costs, Comprehensive Service Fees,
Diagnosis Fees, Treatment Fees, Pharmaceutical Fees, and Nursing
Care Fees. Total Medical Costs refers to the sum of all medical
expenses incurred by the patient during hospitalization. Following Ta
etal. (12) and Zang et al. (13), the classification of medical expenses
is as follows: Comprehensive Service Fees comprise general medical
service fees, general treatment operation fees, nursing fees,
rehabilitation fees; Diagnosis Fees cover pathology diagnosis fees,
laboratory examination fees, radiological examination fees, clinical
diagnosis item fees, and disposable medical material costs for
examinations; Treatment Fees encompass non—surgical treatment item
fees, surgical treatment fees, and disposable medical material fees for
treatments or surgeries; Pharmaceutical Fees cover the costs of
western medicine, Chinese herbal medicine, and traditional Chinese
medicine preparations; Nursing Care Fees include basic nursing fees,
graded nursing fees, consumables fees, and special service charges.

The key independent variable is patient mortality status, identified
from discharge diagnosis. Control variables include age, occupation,
marital status, method of medical payment, hospitalizations frequency,
and length of hospital stay.

Descriptive statistics for the key variables are presented in Table 1,
while disease-specific statistics are provided in Supplementary Tables 2,
3. The descriptive analysis reveals significant differences between the
deceased and non-deceased groups across several variables. In terms
of healthcare expenditure trends, the average total healthcare costs for
the deceased group are significantly higher than those for the
non-deceased group. Specifically, the deceased group exhibits a
marked increase in spending on treatment fees, pharmaceutical fees,
and nursing care fees. Overall, the analysis indicates considerable
differences in both the level and structure of healthcare expenditures

Variable name Full sample Death group Non-death
group

Standard deviation Mean Mean MeanDiff
Total medical costs 10.263 0.956 10.243 11.017 —0.775%:#%
Comprehensive service fees 8.237 1.095 8.212 9.161 —0.9497%#*
Diagnosis fees 8.303 1.368 8.284 9.009 —0.724%%%
Treatment fees 6.734 3.588 6.698 8.078 —1.380%**
Pharmaceutical fees 8.765 1.176 8.737 9.802 —1.065%%%
Nursing care fees 6.176 1.818 6.145 7.345 —1.200%**
Death 0.026 0.159 0 1 -1
Age 66.423 10.895 66.242 73.17 —6.927%%%*
Occupation 0.077 0.19 0.077 0.077 0.0007%*%
Payment method 0.111 0.235 0.111 0.111 0.003%%*
Marriage 0.2 0.202 0.19 0.175 —0.0027%#%*
Hospitalizations frequency 2.261 5.072 2.245 2.845 —0.600%**
Length of hospitalization 33.05 22.51 32.62 49.099 —16.478%%*
Type 2 diabetes mellitus 0.191 0.393 0.191 0.184 0.007
Hyperlipidemia 0.072 0.258 0.073 0.014 0.0607%**
Fatty liver disease 0.032 0.176 0.033 0.005 0.028%**
N 44,341 44,341 43,185 1,156 1,156

The values in parentheses represent t-values; ***, ** and * denote significance at the 1, 5, and 10% levels, respectively. The same applies to the following tables.
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between the deceased and non-deceased groups, underscoring the
substantial impact of mortality on the distribution and composition
of healthcare costs.

2.3 Model construction

This study employs Propensity Score Matching (PSM) to analyze the
differences in healthcare expenditures between deceased and
non-deceased middle-aged and older patients with cardiovascular and
cerebrovascular diseases. By matching deceased patients with
non-deceased patients sharing similar multidimensional characteristics,
the model estimates the net impact of mortality on end-of-life healthcare
expenditures, effectively addressing potential bias caused by sample
imbalances. The model is structured as follows:

First, calculate the determinant equation for mortality among

middle-aged and older patients with cardiovascular and
cerebrovascular diseases Equation (1):
ps(X)=Pr[D=1X]=E[DX] 1

Here, X represents the multidimensional factors influencing
mortality among middle-aged and older patients with cardiovascular
and cerebrovascular diseases, including Age, Occupation, Payment
Method, Marriage, Number of Hospitalizations, Length of
Hospitalization. D indicates whether the patient is deceased
(1 = deceased, 0 = surviving). ps denotes the probability of mortality,
also referred to as the propensity score.

Secondly, calculate the propensity score for each individual
sample to estimate the average effect of patient mortality on
end-of-life healthcare expenditures (Average Effect of Treatment
on the Treated, ATT). The corresponding equation is as follows
Equation (2):

ATT =E[Y; =Y D, =1]
=E{E[ Y~ Yo, D =1, ps(X;)]} @
= E{E[Yis|Ds =1, ps (X;) ]~ E[Yoi  Di = 0,ps (X:)]ID; =1}

Here, Y,; and Y, represent the potential levels of end-of-life
healthcare expenditures for deceased and surviving patients,
respectively. The propensity score (ps) is estimated using a logit model,

ps(Xi)=Pr(D; =1X;) =exp(Bx) /(1+exp(Bv)) (3

As shown in Equation (3). Here, X;

multidimensional factors influencing patient mortality, including Age,

represents the

Occupation, Payment Method, Marriage, Number of Hospitalizations,
Length of Hospitalization. f denotes the coefficients of these
multidimensional variables, while the ps value represents the predicted
propensity score obtained from the logit model. Subsequently, this
study employs nearest-neighbor matching, radius matching, and
kernel matching methods to select paired samples.

Finally, to further investigate the differences in end-of-life
healthcare expenditures between deceased and surviving middle-aged
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and older patients with cardiovascular and cerebrovascular diseases,
the estimation model is specified as follows:

Yie=aota X+ Xy +aZ; +&; (4)

As shown in Equation (4). Here, i and f represent the individual
patient and the survey year, respectively. y;; denotes the dependent
variable, which is end-of-life healthcare expenditures. X represents a
set of observable control variables, including Age, Occupation,
Payment Method, Marriage, Number of Hospitalizations, Length of
Hospitalization. g;; is the error term. This study primarily focuses on
estimating the coefficients of the control variables for deceased
patients, specifically Age, Occupation, Payment Method, Marriage,
Number of Hospitalizations, Length of Hospitalization.

3 Results

Nearest Neighbor Matching is employed in Propensity Score
Matching (PSM) to estimate the Average Treatment Effect on the
Treated (ATT). This method selects the non-deceased individual with
the closest propensity score to each deceased individual, ensuring an
balance in the distribution of control variables between the deceased
and non-deceased groups. This approach minimizes potential
confounding bias and enhances the reliability of the causal effect
estimation. The results are presented in Table 2.

Table 2 reports the ATT values estimated using the nearest-
neighbor matching method. A significantly different ATT from zero
indicates a significant treatment effect.

The findings reveal that the end-of-life healthcare expenditures of
deceased middle-aged and older patients with cardiovascular and
cerebrovascular diseases differ significantly from zero at the 5% level.
This suggests a substantial disparity in expenditure levels between
deceased and non-deceased patients. For example, the difference in
Total Medical Costs decreased from 0.759 before matching to 0.369
after matching, and the difference in Nursing Care Fees decreased
from 1.121 to 0.490 after matching. Moreover, the estimated
coefficients are significant at the 1% level. These results demonstrate
that matching significantly reduced the differences in healthcare
expenditures and cost variables between the two groups. This
improvement enhances the reliability of the estimates and the
comparability between groups, making causal inferences more robust
and credible.

Table 3 presents the balance test conducted to assess the quality of
Propensity Score Matching (PSM). Before matching, the balance
coefficient (B) was 134.0, and the mean deviation was 15.2. After
matching, the balance coefficient improved to B = 13.3, below the
threshold of 25, and the ratio of variances (0.5 < R < 2) fell within the
acceptable range. Additionally, the mean deviation was significantly
reduced. These results indicate that PSM effectively minimized the
distributional differences in explanatory variables between the
deceased and non-deceased groups. Consequently, observable variable
biases and estimation errors caused by sample self-selection were
substantially mitigated, enhancing the reliability of the analysis. For
robustness checks, this study also employed radius matching and
kernel matching methods. The detailed results are provided in
Supplementary Table 4. In summary, the PSM analysis revealed
systematic differences in selection between the deceased and
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TABLE 2 ATT values before and after nearest neighbor matching.

10.3389/fpubh.2025.1548999

Variable Sample Treated Controls Difference S.E. T-stat
Total medical costs Unmatched 11.027 10.268 0.759 0.028 27.22%%*

ATT 11.027 10.658 0.369 0.033 11.04%+%*
Comprehensive service fees Unmatched 9.161 8.212 0.949 0.032 2924

ATT 9.161 8.735 0.426 0.041 10.48%***
Diagnosis fees Unmatched 9.031 8.359 0.672 0.035 19.18%#*

ATT 9.031 8.608 0.423 0.048 8.72%*%
Treatment fees Unmatched 8.121 6.794 1.327 0.105 12.58%#%*

ATT 8.121 7.324 0.797 0.130 6.14%%*
Pharmaceutical fees Unmatched 9.812 8.763 1.049 0.034 3071

ATT 9.812 9.246 0.567 0.039 14.56%+%*
Nursing care fees Unmatched 7.402 6.282 1.121 0.047 23.71%%%

ATT 7.402 6.912 0.490 0.058 8.44% %

TABLE 3 Balance test results for matched variables after propensity score matching.

Sample Ps R2 LR chi2 p > chi2 MeanBias MedBias B R %Var
Unmatched 0.189 2026.12 0.000 15.2 9.6 134.0% 1.46 67 ‘
Matched 0.003 10.16 1.000 1.8 1.3 13.3 1.03 100 ‘

*1f B > 25%, R outside [0.5; 2].

TABLE 4 Regression analysis based on PSM-matched samples.

(1) 2) (3) (4) (5) (6)
Total medical Comprehensive Diagnosis Treatment Pharmaceutical Nursing

costs service fees fees IEES fees care fees
Death 0.343%#* 0.440%** 0.357%** 0.625%#* 0.4997%** 0.468%+%*

(15.032) (19.659) (11.312) (7.913) (17.882) (14.504)
Control variables Yes Yes Yes Yes Yes Yes
Hospital fixed effects Yes Yes Yes Yes Yes Yes
City fixed effects Yes Yes Yes Yes Yes Yes
Disease fixed effects Yes Yes Yes Yes Yes Yes
Department fixed effects Yes Yes Yes Yes Yes Yes
Cons 10.175%#* 7.761%%% 8.540%** 6.458%+ % 8.740% % 5.933 %%

(61.591) (46.797) (41.425) (12.811) (44.701) (31.733)
Adjusted R? 0.536 0.678 0.568 0.564 0.512 0.739
N 4037.000 3965.000 4037.000 4037.000 4037.000 4037.000

non-deceased groups, which were effectively reduced through the
matching process. As a result, the conclusions drawn in this study
reflect the true impact of mortality more reliably.

Table 4 reports the regression results conducted on the matched
samples, aimed at examining the impact of mortality on end-of-life
healthcare expenditures among middle-aged and older patients with
cardiovascular and cerebrovascular diseases. For the key variable, the
mortality indicator exhibits positive and highly significant
coeflicients across all expenditure categories, indicating that
increases  various medical and

mortality  substantially

caregiving costs.
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Total Medical Costs, Comprehensive Service Fees, and
Diagnosis Fees increased by 34.3, 44.0, and 35.7%, respectively,
with all increases statistically significant at the 1% level, reflecting
considerable cost growth in these categories due to mortality.
Treatment Fees, Pharmaceutical Fees, and Nursing Care
Fees exhibited even more substantial increases of 62.5, 49.9, and
46.8%, respectively. The adjusted R* values ranged from 0.512 to
0.739, indicating strong explanatory power of the models.
These findings highlight the significant role of mortality in
driving end-of-life healthcare expenditures across various
cost categories.
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4 Robustness check

4.1 Robustness check for propensity score
matching

Firstly, model accuracy is crucial for ensuring the effectiveness of the
matching procedure. In this study, the Area Under the Curve (AUC) of
the Receiver Operating Characteristic (ROC) curve is 0.8364, exceeding
the threshold of 0.8, indicating that the model effectively distinguishes
between deceased and non-deceased patients. This performance shows
that the models predictive power for mortality is significantly better than
random guessing, as shown in Figure la.

Secondly, tests for the Common Support Assumption and the
Balancing Assumption were conducted after matching. The results of
the Common Support test are displayed in Figure 1b. In Figure 1b, the
AUC is 0.551, close to 0.5 and nearly parallel to the 45° line. This
suggests that, post-matching, distinguishing between deceased and
non-deceased middle-aged and older patients with cardiovascular and
cerebrovascular diseases is challenging, thus satisfying the Common

10.3389/fpubh.2025.1548999

Furthermore, comparing Figures 2a,b shows that, post-matching, the
density function plots of the two groups are nearly identical. This
similarity indicates that the characteristics of the two groups are well
balanced after matching. The variable biases, T-tests, and LR tests reveal
no significant differences between the variables of deceased and
non-deceased patients, fulfilling the Balancing Assumption. Overall, the
evaluation criteria confirm that the PSM matching process achieved
satisfactory results.

4.2 Multidimensional fixed effects
regression model

Table 5 presents the regression results from the Multidimensional
Fixed Effects (MDFE) model. The findings indicate that Total Medical
Costs, Comprehensive Service Fees, Diagnosis Fees, Treatment Fees,
Pharmaceutical Fees, and Nursing Care Fees increased by 24.6, 36.4,
27.5,36.2,43.3, and 40.6%, respectively, all significant at the 1% level.
These results confirm that deceased patients incur significantly higher

Support Assumption. expenditures than non-deceased patients across all medical cost
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FIGURE 1

(a) Logit model for whether the patient was a middle-aged or older adult cardiovascular and cerebrovascular disease death case before matching. (b)
Logit model for whether the patient was a middle-aged or older adult cardiovascular and cerebrovascular disease death case after matching.
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(a) Density function fit plot of the propensity score before matching. (b) Density function fit plot of the propensity score after matching.
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TABLE 5 Results of the multidimensional fixed effects regression model.

10.3389/fpubh.2025.1548999

(1) (2) (3) (4) (5) (6)
Total Comprehensive Diagnosis Treatment Pharmaceutical Nursing
medical service fees fees fees fees care fees
costs
Death 0.246%** 0.364%%* 0.275%%% 0.362%%* 0.4337%%* 0.406%%*
(13.207) (19.312) (9.869) (4.584) (17.510) (16.068)

Control variables Yes Yes Yes Yes Yes Yes
Hospital fixed

Yes Yes Yes Yes Yes Yes
effects
City fixed effects Yes Yes Yes Yes Yes Yes
Disease fixed

Yes Yes Yes Yes Yes Yes
effects
Department fixed

Yes Yes Yes Yes Yes Yes
effects
Cons 9.587%%# 7.176%%* 7.888%*# 6.422% %% 7.818%** 5.228%%*

(244.295) (180.602) (134.193) (38.515) (149.859) (98.065)

Adjusted R? 0.609 0.698 0.571 0.499 0.544 0.801
N 44349.000 43400.000 44349.000 44349.000 44349.000 44341.000

TABLE 6 Prediction results of the difference-in-differences machine learning model.

(1) (2) (3) (4) (5) (6)
Total Comprehensive Diagnosis Treatment Pharmaceutical Nursing
medical service fees fees fees IEES care fees
costs
Death 0.463%** 0.534 %% 0.554%%* 0.854%%* 0.736%%* 0.699%**
(21.294) (19.250) (16.783) (9.813) (29.972) (16.245)
Hospital fixed
Yes Yes Yes Yes Yes Yes
effects
City fixed effects Yes Yes Yes Yes Yes Yes
Disease fixed
Yes Yes Yes Yes Yes Yes
effects
Department fixed
Yes Yes Yes Yes Yes Yes
effects
Cons —0.000 —0.000 —0.000 —0.003 —0.000 —0.000
(—0.105) (—0.016) (—0.048) (—0.176) (—0.038) (—0.028)
N 44263.000 43316.000 44263.000 44263.000 44263.000 44263.000

Implemented via DDML with 4-fold cross-validation. The Y-model uses high-dimensional fixed effects regression (reghdfe v6.12), and the D-model uses logistic regression (logit v17.0). All

hyperparameters follow Stata’s default settings with random seed fixed at 123.

categories. Notably, the growth rates of Treatment Fees, Pharmaceutical
Fees, and Nursing Care Fees exhibit particularly high growth rates.
The significantly higher hospitalization costs for deceased patients
further support the robustness of the previous findings.

4.3 Difference-in-differences machine
learning

Table 6 presents the regression results estimated using the
Difference-in-Differences Machine Learning (DDML) model to
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evaluate the impact of mortality on various categories of medical
expenditures. The analysis shows that the core variable, mortality,
exerts a positive and highly significant effect across all categories of
medical costs. Specifically, Total Medical Costs, Comprehensive
Service Fees, Diagnosis Fees, Treatment Fees, Pharmaceutical Fees,
and Nursing Care Fees increased by 46.3, 53.4, 55.4, 85.4, 73.6, and
69.9%, respectively. The increases in Treatment Fees, Pharmaceutical
Fees, and Nursing Care Fees are particularly pronounced, highlighting
the significant role of mortality in driving up expenditures in these
categories. These findings further confirm the robustness of the
previous analyses.
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5 Conclusion

The high costs of end-of-life (EOL) medical care impose significant
pressure on social health insurance systems, posing a major challenge in
healthcare management. This study employs Propensity Score Matching
(PSM) to analyze inpatient discharge summary data from H Province,
China (2018-2019), examining the relationship between mortality and
EOL medical expenditures among middle-aged and older adult patients
with cardiovascular and cerebrovascular diseases. Robustness checks are
conducted using Multidimensional Fixed Effects (MDFE) and Difference-
in-Differences Machine Learning (DDML) models. The findings indicate
that healthcare expenditures for deceased patients are significantly higher
than those at other life stages, confirming the existence of the “nearing-
death effect” The Increases in treatment, pharmaceutical, and nursing
care fees are particularly pronounced.

Global evidence aligns with this study’s findings, confirming a
consistent trend of rising EOL medical expenditures across diverse
healthcare systems. For instance, studies in the United States report that
end-of-life cancer care is associated with the highest costs, with
expenditures 2.52 times and 19.9 times higher in the final stage compared
to the initial and ongoing treatment phases, respectively (14). Similarly,
research in Singapore finds that EOL medical costs rise significantly,
accounting for 61% of total death-related expenses in the 12 months
preceding death and increasing to 94% in the final month (15).
Consistently, data from New Zealand indicate that per capita medical
expenses in the 6 months before death are 10 times the average annual
level (16). These consistent findings further substantiate this study’s
conclusion that healthcare expenditures for deceased patients are
significantly higher than those at other life stages, providing robust
evidence for the existence of the “nearing-death effect”

This shared pattern of escalating EOL medical costs not only
underscores the urgent need for comprehensive measures to safeguard
the economic security and dignity of the older adult in aging societies. It
also highlights the global demand for innovative end-of-life care systems,
optimized health insurance payment mechanisms, and the integrated
cross-lifecycle health management frameworks. Based on empirical
findings and global experiences, this paper proposes four
policy recommendations.

Firstly, Innovating the end-of-life (EOL) care system requires the
establishment of a comprehensive and well-integrated service network. A
structured, multi-tiered EOL care model should be implemented,
comprising a three-level palliative care framework: specialized wards in
tertiary hospitals for critical cases, hospice centers in secondary hospitals
for transitional care, and community-based home services for
non-intensive support. This structured approach facilitates the seamless
integration of healthcare resources across different levels, enhancing
continuity and efficiency in EOL care delivery. At the same time,
strengthening multidisciplinary teams and integrating medical and
caregiving resources are essential to delivering holistic and patient-
centered EOL care. Developing a digitalized EOL care platform will
enable a full-service continuum, ranging from “acute symptom control”
to “symptom management” and “long-term care” This initiative will
improve the accessibility and patient-centeredness of EOL care, ensuring
that services are both effective and compassionate.

Secondly, reform healthcare payment mechanisms and build a multi-
tiered financial protection system. Anchored in Value-Based Payment
Design (VBPD) reforms, this strategy includes increasing the DRG
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payment weighting for end-of-life care, incentivizing medical institutions
to optimize resource allocation for cardiovascular and cerebrovascular
disease management in middle-aged and older adult populations while
enhancing the quality of terminal care (17).

Additionally, expanding insurance coverage to incorporate home-
based hospice care and remote monitoring services can provide cost-
effective alternatives to inpatient care. At the same time, introducing
an expenditure cap system will help mitigate the risk of catastrophic
household medical expenses, ensuring financial protection for families
facing the high costs of terminal illness. Furthermore, the Long-Term
Care Insurance (LTCI) pilot programs should be expanded by
developing dynamically adaptive disability assessment models and
actuarial indices to enhance chronic disease management for aging
populations with cardiovascular and cerebrovascular conditions (18).
Strengthening long-term care financing mechanisms will ensure the
sustainability of EOL care services, particularly for those requiring
prolonged support. This approach aims to balance the rational
allocation of medical resources with the financial burdens on
patients (19).

Thirdly, establish a cross-lifecycle health management model to
alleviate healthcare pressures. Building on the concept of “prevention
first)” develop a health management ecosystem that strengthens early
intervention through initiatives such as the Cardiovascular and
Cerebrovascular Health Passport program and Chronic Disease
Management Quality Payment (QBP) schemes. Integrate data from
electronic medical records, wearable devices, and other sources to
establish a health data bank that can predict the medical needs of the
middle-aged and older adult population (20). Innovate social support
models by mobilizing social capital to participate in the construction of
community-based end-of-life care facilities. This will create a
comprehensive “Prevention—Early Warning—Protection” health
management system that addresses the root causes of healthcare pressure
in an aging society.

Fourthly, pilot initiatives and implement end-of-life care protection
mechanisms. Legislate to clearly define patients’ rights to end-of-life care,
and establish a monitoring system that includes indicators such as cost
control rates and quality of life indices. Launch policy pilots in aging
pioneer regions such as the Yangtze River Delta and Chengdu-Chongging
areas (21), overcoming current limitations in the medical insurance
catalog and pricing. These pilots will provide valuable insights for
nationwide implementation, ensuring the scientific and sustainable
execution of the reform plan.

6 Limitations

Despite offering valuable insights into the end-of-life (EOL)
medical expenditures for middle-aged and older adult patients with
cardiovascular and cerebrovascular diseases, this study has several
limitations. First, the data used in this study was sourced from the
2018-2019 medical insurance settlement platform in H Province,
China. While the conclusions may have some external validity for
other regions and healthcare systems, there are inherent limitations.
Specifically, the study did not include out-of-pocket expenses,
informal medical costs, or non-insured services, which may lead to an
underestimation of EOL medical expenditures. Additionally, the study
does not account for long-term trends in medical expenses or the
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potential impacts of significant public health events such as the
COVID-19 pandemic.

Second, although the study identifies a significant “nearing-death
effect;” it did not thoroughly investigate the objective factors driving
the increased EOL expenditures, such as the role of patients’ and
families’ subjective treatment preferences, or physicians’ decision-
making. Further research could explore whether these increases in
expenditures are attributable to medical necessity or patient/
family preferences.

Moreover, this study did not assess whether the increase in EOL
medical expenditures resulted in improved quality of life or prolonged
survival for the patients, which would be crucial for evaluating the
effective use of medical resources. Finally, the study did not delve into
the influence of policy factors such as health insurance reforms,
hospital pricing mechanisms, or drug price adjustments, all of which
could significantly impact the pattern of terminal medical expenditures.

Future research could address these limitations by expanding the
scope, incorporating additional individual characteristics, assessing
the impact of medical expenditures on patient well-being, and
analyzing the role of healthcare

policies in shaping

expenditure patterns.
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