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Hypertension is one of the most significant risk factors contributing to cardiovascular diseases, and family history is a useful
screening tool in hypertension interventions. However, systematic evaluation of the effect of family history and its interactions
with lifestyle on hypertension is scarce. Using data from the 2018 Fifth Chronic Disease Monitoring Survey in Shandong Province,
we estimate this effect using both propensity score matching and a standard Logistic regression model. We find consistent evidence
for first-degree family history as an important risk factor for hypertension in both models, whilst the effect of second-degree
family history is inconclusive. We further compare results of the two models with respect to implied assumptions, core concepts,
and sample sizes. We conclude that maintaining a healthy lifestyle, especially controlling body weight, is essential for people
both with and without family history. In particular, weight control can lead to a greater reduction in risk for people with more
first-degree relatives with family history. We contribute to the literature by providing an elaborate analysis of the effect of family
history and its interactions with lifestyle. This study can also be utilized to identify the population defined by risk factors of family
history who might disproportionately benefit from lifestyle interventions, which is directly relevant to precision prevention and

clinical applications.
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Introduction

As a chronic noncommunicable disease, hypertension is one
of the most preventable risk factors for cardiovascular disease
and all-cause mortality'%. It continues to be a significant public
health concern and has affected over one billion people all over
the world*. Since 1990, the number of people with hyperten-
sion has doubled worldwide®.

It is widely accepted that hypertension is caused by multi-
factorial genetic, environmental, and physiological factors®™.
Specifically, family history is a useful screening tool in hy-
pertension interventions. However, systematic evaluation of
first-degree versus second-degree family history, and the in-
teractions of family history (FH) with modifiable lifestyle on
hypertension is scarce. Furthermore, previous studies estimating
the associations between various risk factors and the distribution
of hypertension risk have primarily used the Logistic regression
model®, which adjusts for confounders within the statistical
model. In contrast, propensity score matching (PSM) addresses
the same issue by improving the comparability of groups prior
to outcome analysis, offering a design-based advantage'.

The aim of this study is to explore the role of FH with differ-
ent degrees of familial relation and its possible interactions with
lifestyle factors (including body mass index, central obesity,
drinking, smoking, and physical exercise) in the distribution of
hypertension risk. The data we use comprises 8,116 participants
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enrolled in the Fifth Chronic Disease Monitoring Survey in
Shandong Province in 2018. The survey data contains detailed
information on family history of hypertension, including pater-
nal, maternal, sibling, grandfather, and grandmother sources,
allowing us to provide an in-depth analysis of the effect of FH
on hypertension prevalence.

We additionally employ propensity score matching in this
study to enhance comparability between participants with and
without FH, besides the generally adopted Logistic regression
model. It is important to note that neither propensity score
matching nor Logistic regression model can address the omitted-
variable bias caused by unobserved confounders, which should
be a focus for correction in future research that utilizes more
advanced causal inference techniques.

Our results indicate that the association of FH and the dis-
tribution of hypertension risk is statistically significant in both
models. We find that the effect of first-degree FH is consistently
significant for the prevalence of hypertension, whilst the effect
of the second-degree FH is insignificant and inconclusive. We
then estimate the effects of paternal/maternal/sibling sources
and the number of first-degree relatives with FH, respectively
and the results remain undisturbed. We further explore the in-
teractions of first-degree FH and lifestyle, and find that weight
control is more essential for individuals with more first-degree
relatives with FH.

We hence contribute to the literature by providing an elabo-
rate analysis of the effect of family history and its interactions
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with lifestyle, and add to the strand of literature on precision
prevention as well 1314, Although family history of hypertension
(FH) might reflect not only genetic but lifestyle factors>"19 it
is still a very important proxy variable for genetics'Z. There-
fore, this study also sheds light on the impact of genetics on
hypertension prevalence 1819

Methods

Data

We obtained the data from the fifth chronic disease monitoring
survey conducted by the Shandong Center for Disease Control
and Prevention in 2018. The primary goal for the continuous
monitoring is to analyze the prevalence of chronic noncommu-
nicable diseases in different areas and among people across
the province of Shandong, thereby providing the basic data for
formulating and evaluating the related public health policies.

The monitoring points comprise 14 districts: 6 urban and 8
rural. The monitoring data include the questionnaire at both
the family and individual levels, body measurements, and bio-
chemical tests. The monitoring sample comprises 8,492 adult
participants, selected using a multi-stage cluster random sam-
pling method to ensure it is representative of the whole province.
The final study sample contains 8,116 observations after exclud-
ing participants with missing values.

The monitoring variables fall into three categories: continu-
ous, categorical, and dummy. We convert all continuous vari-
ables into categorical or dummy ones to enhance interpretability
and clinical relevance. This allows findings to be directly linked
to established clinical thresholds, making results actionable for
risk communication and policy. This approach also facilitates
the identification of nonlinear relationships and simplifies the
presentation of subgroup or interaction effects.

However, this comes with notable statistical trade-offs like
discarding within-group variation and reducing statistical power.
Despite these limitations, categorization is often a pragmatic
compromise to bridge complex statistical models with real-
world decision-making. Furthermore, categorization is also
advantageous for propensity score matching as it is not possible
to find perfect matches for continuous variables".

Hypertension and family history (FH)
Hypertension

We define a participant as suffering from hypertension when
one of the three conditions is met and 0 otherwise®: (1) Systolic
blood pressure (SBP) > 140mmHg; (2) Diastolic blood pressure
(DBP) > 90mmHg; (3) The participant has ever been diagnosed
with hypertension in the county-level hospital or higher.

Family history

Risk factors for hypertension can be divided into two cate-
gories: non-modifiable and modifiable. The former includes
factors that cannot be changed, such as gender, age, and genet-
ics, whilst the latter comprises factors that can be improved,
such as lifestyle factors, diet, drinking, and smoking. In our
dataset, we can observe detailed family history information that
reflects each participant’s genetics and lifestyle. This informa-
tion was obtained by asking participants whether their biological
father, mother, siblings, grandfather, or grandmother had been
diagnosed with hypertension by a doctor.

The relatives can be categorized as first- and second-degree
ones. The former ones share about 50% of their genes with
the participant, and they are the closest blood relatives (parents,
siblings, and children). The latter share about 25% of their
genes, and they are still blood relatives (grandparents, aunts &
uncles, nieces & nephews, and half-siblings), but the genetic
link is not as direct as the first-degree ones. The survey data
allows us to identify whether the hypertension family history is
classified as the first-degree FH (paternal, maternal, and sibling
sources) or the second-degree FH (grandfather and grandmother
sources), or both.

Figure [T demonstrates the percentage of hypertension among
different FH subgroups. Panel (A) shows that the hypertension
rate is higher for participants with FH than for those without FH.
Panel (B) further presents that the percentage for participants
with first-degree FH is higher than with second-degree FH. We
then decompose the first-degree FH into paternal, maternal, and
sibling sources and the second-degree FH into grandfather and
grandmother sources, respectively.

The results in Panel (C) are consistent with Panel (B). As
both Panel (B) and (C) indicate that the percentage of hyper-
tension for first-degree FH is much higher than the one for
second-degree FH, we plot the percentage for the number of
first-degree relatives with FH among paternal, maternal, and
sibling sources in Panel (D). It is clear that the percentage is in-
creasing monotonically with the number of first-degree relatives
with FH.

Covariates
Individual demographic and other basic information

1. Gender (1 for males and O for females).

2. Age (three categories of Age 18-44, Age 45-59, and Age
60 and over).

3. Nationality (1 for Han and 0 otherwise).
4. Urban (1 for urban and O for rural).

5. Insurance (1 for holding medical insurance and O other-
wise).

2 NHSJS Reports

© The National High School Journal of Science 2026



Panel (A): By without/with FH Panel (B): By First/Second FH
40.0%

40.0% 36.8%
35.0% 34.7% 35.0%
30.0% 30.0%
26.3%
25.0% 25.0% 21.6%
20.0% 20.0%
15,00 15.0%
10.0% 10.0%
c.0% 5.0%
0.0% 0.0%
withoutFH withFH FirstFH SecondFH
Panel (C): By
- Panel (D): By number of FH
Paternal/Maternal/Sibling/Grandfather/Grandmother FH (D): By
60.0% 55.5%
70.0% 65.3%
50.0%
60.0%
40.0% 37.7%. 37.1% )
20.0% 44.2%
30.0% 2149 40.0%
20.9% 31.6%
20.0% 30.0%
10.0% A0,
10.0%
0.0%
PaternalFH MatemalFH siblingfH  GrandfatherfH GrandmotherFH 0.0%
FH1 FH2 FH3

Fig. 1 Percentage of hypertension among family history groups

Notes: This figure presents the percentage of hypertension among different family history groups. Sample are divided by with and without FH in
Panel (A), by first- and second- degree FH in Panel (B), by paternal, maternal, sibling, grandfather, and grandmother sources in Panel (C), and by
1, 2, and 3 relatives with FH among paternal, maternal, and sibling sources denoted by FH1, FH2, and FH3 respectively in Panel (D).

6. Education (three categories of Elementary school or lower, 5. Exercise taking (three categories of taking intensive exer-
High school, including junior and senior, and Higher Edu- cise, taking moderate exercise, and never taking exercise).
cation).

. . . Lo Other chronic noncommunicable diseases
7. Marital status (three categories of Single, Married includ-

ing cohabitation, and Divorced including widowed or sepa- 1. Coronary Heart Disease (CHD, 1 for suffering and 0 other-
rated). wise).

Lifestyle variables 2. Stroke (1 for suffering and 0 otherwise).

1. Body Mass Index (three categories of Normal with BMI

less than 24, Overweight with BMI between [24,28), and 3. Renal Diseases (1 for suffering and 0 otherwise).

obesity with BMI equal to or over 28). The low group with

BMI less than 18.5 is merged into the Normal group for ~ 4. Diabetes (1 for suffering and 0 otherwise).

convenience.

Table[AT]summarizes the covariates for participants with and
without FH in columns (1) and (2), respectively. Column (3)
presents the p-values from Pearson’s chi-squared tests compar-
ing the two groups across all these covariates. It indicates that
the two groups are statistically different except for national-
ity, urban, marital status, some lifestyle variables, and chronic
diseases. This justifies employing propensity score matching
4. Smoking (three categories of never smoke, smoke before to create more comparable groups for analyzing the effect of

but not anymore, and smoke now). family history on hypertension.

2. Central Obesity (equal to 1 when the waist circumference

is > 85cm for males and > 80cm for females, and O other-
wise).

3. Drinking (three categories of never drink, drink but not ev-
ery week, and drink every week during the last 12 months).
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Methods and research hypotheses

We employ both propensity score matching and a standard mul-
tivariable Logistic regression model to estimate the association
between family history and hypertension. The model specifi-
cations for these two methodologies are provided in Appendix
A and B, respectively. While they share a common statistical
foundation as the Logistic regression model is often used to
estimate the propensity score, they serve different primary pur-
poses and provide complementary analytical strengths. The
Logistic regression model provides a direct and efficient esti-
mate of the association, expressed as an odds ratio, accounting
for all specified covariates in a single model. In contrast, the
primary goal of propensity score matching is to make partici-
pants with and without FH more directly comparable, thereby
reducing estimation bias. Based on the existing literature and
our analytical framework, this study aims to test the following
hypotheses regarding the relationship between family history
and hypertension prevalence.

H1: Participants with FH have a significantly higher risk of
developing hypertension themselves. Specifically, participants
with first-degree FH (paternal/maternal/sibling sources) will
have a higher risk of hypertension than those with only a second-
degree FH. Furthermore, we hypothesize that the hypertension
risk will escalate progressively with the number of first-degree
relatives with FH increasing.

H2: The magnitude of the odds for hypertension will esca-
late with the level of the underlying risk associated with the
interaction between FH (first-degree) and lifestyle factors (in-
cluding body mass index, central obesity, drinking, smoking,
and physical exercise) increasing. Furthermore, the multiplica-
tive interaction effect is statistically significant.

H3: The magnitude of the odds for hypertension will esca-
late with the level of the underlying risk associated with the
interaction between the number of first-degree relatives with
FH and lifestyle factors (including body mass index, central
obesity, drinking, smoking, and physical exercise) increasing.
Furthermore, the multiplicative interaction effect is statistically
significant.

H4: Overweight and obesity increase hypertension risk within
all family history groups (paternal/maternal/sibling sources and
number of first-degree relatives with FH). Furthermore, com-
pared to the reference group with normal BMI, the odds ratio
for hypertension will be significantly elevated from overweight
to obesity.

Results

We present the results using propensity score matching and the
Logistic regression model in this section. We conduct the com-
parative analysis between them and estimate the odds ratios for
overweight and obesity relative to normal BMI for hypertension

by FH category in this section.

Results from propensity score matching

Data balancing

We adopt five matching methods of nearest-neighbor, caliper,
nearest-neighbor within caliper, kernel, and local linear regres-
sion to estimate the effect of family history on the prevalence
of hypertension. The rationale both for the nearest-neighbor
and caliper matching is to find the “nearest neighbors” among
participants without FH for each participant with FH and to
calculate the arithmetic mean for hypertension. As 1:n matching
can increase precision over 1:1 matching®®, and specifically 1:4
matching can minimize the mean squared error®*, we adopt 1:4
nearest-neighbor matching in this study. For kernel and local
linear regression matching, the idea is to calculate the weighted
mean - the difference only lies in that the former uses a kernel
function to calculate the weight whilst the latter employs local
linear regression.

Among the five matching algorithms employed, nearest-
neighbor matching within the caliper is specified as our primary
analytical method. This choice is motivated by its established
balance between bias reduction and efficiency. The caliper pre-
vents poor matches by imposing a maximum allowable distance
on the propensity score, thereby prioritizing the quality of co-
variate balance. Meanwhile, the nearest-neighbor rule within the
caliper retains the maximum number of high-quality matches
possible.

A prerequisite for matching is that the propensity scores for
groups with and without FH have common supports as depicted
in Figure[AT] After deleting observations out of common sup-
port, the number of observations (N) changes from 8,116 for the
unmatched sample to 8,098 for the matched sample, as shown
in Table[AT] Therefore, the scope of common support is large
enough to allow unbiased estimation. Table [AT|also presents
the matched sample summary statistics for participants with
and without FH in Columns (4) and (5), respectively, and the
p-values based on Pearson’s chi-squared test are demonstrated
in Column (6). It turns out that most variables are statistically
indistinguishable between the two groups after matching.

Furthermore, we depict the standardized % bias for the co-
variates both for the unmatched and matched samples in Figure
The standardized bias is defined by

|CwithFH — CwithoutFH |

2 2
« / ScwithPH T5¢,withoutFH
2

where Cyimrg and Cyjithoutry denote the means, sf withpr and

52 ithoutrrs denote the variances of the groups with and without
FH, respectively. It is generally accepted that a standardized bias
of less than 10% for most covariates can indicate data balancing.
Figure[2]shows that most standardized % biases decrease sharply
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after matching, and all biases in the matched sample are lower
than 10%, thereby demonstrating data balancing.

Matching estimations

Table |1I| demonstrates the estimates from the five matching
methods. It shows that the mean of hypertension for the group
with FH is 0.346, whilst the means for groups without FH fall in
the scope of [0.242, 0.253] depending on the matching method
used. According to our preferred method of nearest-neighbor
within the caliper, the difference of hypertension probability
between the groups with and without FH is 0.103, indicating
that the probability of participants with FH suffering from hyper-
tension is higher than that of participants without FH by 10.3%.
The other four methods serve as sensitivity analyses to confirm
that our findings are not contingent on the specific algorithmic
choice. All the results by these five methods confirm Hypothesis
1 that participants with FH have a significantly higher risk of
developing hypertension themselves (H1).

Table 1 Estimations by 5 matching approaches
@ 2 3 (€] [©)

With FH 0.346 0.346 0.346 0.346 0.346
Without FH 0.242 0.250 0.242 0.250 0.253
Difference 0.104 0.095 0.103 0.096 0.093
T-stat 9.04 9.08 9.00 9.11 7.61
Matching approaches NN Caliper NN & Kernel Local
Caliper Linear

Notes: The matching methods listed from Column (1) to Column (5) refer to
the nearest-neighbor (1:4), caliper (0.05), the 1:4 nearest-neighbor within the
caliper (0.05), kernel, and local linear regression, respectively. Specifically, the
caliper is calculated as 0.0996, and the algorithm can be found in Appendix A.
We prioritize match precision over sample size by lowering the scope of the
calculated caliper to 0.05. That means we match observations that differ within
the 5% range of the propensity score. We also re-estimate with a caliper of
0.0996, and the results do not change fundamentally.

Results from Logistic regression model

Baseline estimations

We demonstrate the odds ratios and the corresponding con-
fidence intervals for FH categories in 4 models after adjusting
for individual basic information, lifestyle, and other chronic
diseases in Table[2l Model 1 indicates that the odds ratio for
participants with FH is 1.733 (95% CI: 1.552, 1.935) relative to
participants without FH. We then decompose FH into first- and
second-degree sources in Model 2 and further into paternal, ma-
ternal, siblings, grandfather, and grandmother sources in Model
3. The odds ratios for participants with first- and second-degree
FH are 1.707 (95% CI: 1.531, 1.902) and 1.045 (95% CI: 0.848,
1.286), respectively as shown in Model 2. Model 3 confirms the
results.

As both Model 2 and Model 3 demonstrate that the odds ratio
of first-degree FH is significant, whilst the second-degree FH is

not, we now particularly explore the odds ratios of the number
of first-degree relatives with FH in Model 4. This indicates that
the odds ratio increases from 1.453 (95% CI: 1.286, 1.642) to
3.985 (95% CI: 2.847, 5.576) as the number of first-degree FH
relatives increases from 1 to 3 among paternal, maternal, and
sibling sources. Therefore, Hypothesis 1 is confirmed by all
four models in Table

Furthermore, we utilize both the Pseudo-R? and the percent-
age correctly predicted to measure the goodness-of-fit of differ-
ent models. Table [2|indicates that the Pseudo-R? ranges from
0.178 to 0.183, and the percentage correctly predicted ranges
from 74.21% to 74.95%. The goodness-of-fit of Model 4 is the
highest among the four models for both measures.

Multiplicative interactions of FH and lifestyle

In this section we interact first-degree FH with lifestyle in-
cluding the BMI (Normal, Overweight, and Obesity), Drink-
ing (Drink never, Drink not each week, and Drink each week),
Smoking (Smoke never, Smoke before, and Smoke now), and
exercise taking (Intensive, Moderate, and Never) to explore the
multiplicative interactions for hypertension in Panels (A), (B),
(C), and (D) of Table 3] respectively.

As hypothesized by H2, the odds ratio is increasing mono-
tonically with the risk factors for the interactions of the
first-degree FH with BMI categories in Panel (A). Relative
to the participants with the lowest risk of without first-degree
FH and with normal BMI, the odds ratio is 4.932 (95% CI.:
3.925,6.198) for the riskiest group of participants with both
first-degree FH and obesity. In contrast, for the other lifestyle
of drinking, smoking, and exercise taking, there does not exist
such a monotonously increasing trend.

We then perform a likelihood ratio test (LRT) to inspect
whether the multiplicative interactions are statistically signif-
icant, with the test statistics reported in Column (5) and the
corresponding p-values in Column (6). As all p-values are
greater than 0.05, we cannot reject the null hypothesis that the
full model specification with interactions provides statistically
insignificant results compared with the reduced model with-
out interactions. That is, our data do not support the existence
of multiplicative interaction effects for first-degree FH and the
lifestyle hypothesized by H2 at the conventional 5% significance
level.

We further interact the number of first-degree relatives with
FH among paternal, maternal, and sibling sources with the
lifestyle (BMI, Drinking, Smoking, and Exercise taking) in Ta-
ble[d] The results confirm hypothesis H3 by demonstrating
that the ratio escalates with the level of the underlying risk
associated with the interaction between the number of first-
degree relatives with FH and BMI categories. Specifically,
the odds ratio for participants with obesity and 3 first-degree
relatives with FH (serious family history) is 8.587 (95% CI:
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Fig. 2 Standardized % bias across covariates before and after matching
Notes: This figure presents the standardized % bias for the covariates both in the unmatched and matched samples. The definitions of the
variables are presented in the section of Methods. The 1:4 nearest-neighbor matching within the caliper (0.05) is performed.

Table 2 Effects of FH on hypertension

@) (2) 3) ) 5) (6) () (0]
Model 1 Model 2 Model 3 Model 4
OR CI OR CI OR CI OR CI
Without FH 1.00
With FH 1.733 [1.552,1.935]
Without FH 1.00
First-degree FH 1.707 [1.531,1.902]
Second-degree FH 1.045 [0.848,1.286]
Without FH 1.00
Paternal FH 1.49 [1.283,1.731]
Maternal FH 1.466 [1.282,1.678]
Sibling FH 1.621 [1.331,1.974]
Grandfather FH 0.955 [0.698,1.305]
Grandmother FH 0.949 [0.712,1.265]
Without First-degree FH 1.00
Number = 1 1.453 [1.286,1.642]
Number =2 2214 [1.836,2.670]
Number = 3 3.985 [2.847,5.576]
Covariates Yes Yes Yes Yes
Pseudo-R? 0.178 0.179 0.179 0.183
Correctly predicted 74.37% 74.21% 74.87% 74.95%

Notes: This table presents the odds ratios and corresponding confidence intervals for FH categories across 4 models, adjusted by the covariates, including the
participants’ basic information, lifestyle, and chronic diseases listed in the section of Methods. The odd columns report the odds ratios, whilst the even columns
give the confidence intervals associated with each odds ratio.

4.565,16.151) relative to participants without first-degree FH tics are statistically insignificant as shown by the p-values in
and with normal BMI. Again, the monotonously escalating trend Table [l

is not salient for the interaction of the number of first-degree

relatives with FH with the other lifestyle factors of drinking,

smoking, and exercise taking. Furthermore, all LRT test statis-
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Table 3 Multiplicative interactions of first-degree FH and lifestyle

@ (2 3 ) &) (6)
Without first-degree FH With first-degree FH LRT p-value
OR CI OR CI
Panel (A)
Normal_BMI 1.00 1.633 [1.336,1.996] 3.12 0.210
Overweight 1.479 [1.227,1.783] 2.818 [2.321,3.420]
Obesity 3.223 [2.596,4.000] 4.932 [3.925,6.198]
Panel (B)
Drink Never 1.00 1.789 [1.556,2.056] 1.07 0.586
Drink not each week 0.991 [0.800,1.227] 1.539 [1.556,2.056]
Drink each week 1.358 [1.128,1.636] 2.223 [1.807,2.734]
Panel (C)
Smoke Never 1.00 1.797 [1.579,2.044] 5.02 0.081
Smoke Before 1.183 [0.905,1.547] 1.351 [0.982,1.858]
Smoke Now 1.04 [0.861,1.256] 1.744 [1.406,2.164]
Panel (D)
Intensive Exercise 1.00 1.955 [1.225,3.120] 1.47 0.480
Moderate Exercise 1.002 [0.693,1.449] 1.918 [1.320,2.785]
No Exercise 1.149 [0.820,1.608] 1.891 [1.346,2.658]

Notes: This table presents the multiplicative interactions of the first-degree FH with lifestyle of BMI, Drinking, Smoking, and Exercise taking in Panels (A),
(B), (C), and (D), respectively. Columns (1) and (3) provide the odds ratios, and the corresponding confidence intervals are given in Columns (2) and (4). All
regressions across the four panels are adjusted for covariates, including participants’ basic information, lifestyle, and chronic diseases listed in the section of
Methods. Columns (5) and (6) give the likelyhood-ratio test statistics and their corresponding p-values, respectively.

Table 4 Multiplicative interactions of number and lifestyle

@ @) [€) ) (6] (©) Q) ® (&) 10)
Number =0 Number =1 Number =2 Number =3 LRT p-value
OR CI OR CI OR CI OR CI
Panel (A)
Normal BMI 1 1.42 [1.127,1.789] 2.118 [1.482,3.029] 2.986 [1.594,5.594] 8.54 0.2009
Overweight 1.506 [1.248,1.817] 2.355 [1.902,2.914] 4.02 [2.981,5.422] 9.551 [5.555,16.423]
Obesity 3.247 [2.612,4.037] 4.356 [3.383,5.609] 5.778 [4.071,8.201] 8.587 [4.565,16.151]
Panel (B)
Drink Never 1 1.512 [1.290,1.771] 2.329 [1.837,2.954] 4.647 [2.982,7.240] 4.37 0.6263
Drink not each week 0.989 [0.798,1.225] 1.359 [1.045,1.769] 1.562 [1.004,2.430] 2.561 [1.214,5.402]
Drink each week 1.342 [1.113,1.618] 1.834 [1.443,2.330] 3.279 [2.262,4.754] 5.161 [2.477,10.752]
Panel (C)
Smoke Never 1 1.562 [1.350,1.807] 2.189 [1.759,2.725] 4.515 [3.028,6.730] 8.65 0.1943
Smoke Before 1.143 [0.872,1.499] 1.21 [0.827,1.771] 1.531 [0.835,2.808] 3.246 [0.903,11.668]
Smoke Now 1.032 [0.854,1.247] 1.343 [1.044,1.728] 3.015 [2.015,4.511] 3.125 [1.497,6.528]
Panel (D)
Intensive Exercise 1 1.532 [0.890,2.637] 3.175 [1.563,6.451] 5.643 [1.353,23.534] 6.15 0.4065
Moderate Exercise 1.016 [0.702,1.471] 1.575 [1.060,2.342] 3.045 [1.833,5.056] 2.628 [1.190,5.801]
No Exercise 1.158 [0.826,1.623] 1.656 [1.170,2.343] 2.314 [1.576,3.397] 5.182 [3.099,8.663]

Notes: This table presents the multiplicative interactions of the number of first-degree relatives with FH among paternal, maternal, and sibling sources with
the lifestyle of BMI, Drinking, Smoking, and Exercise in Panels (A), (B), (C), and (D), respectively. Columns (1), (3), (5), and (7) provide the odds ratios and
the corresponding confidence intervals are given in Columns (2), (4), (6), and (8). All regressions across the four panels are adjusted for covariates, including
participants’ basic information, lifestyle, and chronic diseases listed in the section of Methods. Columns (9) and (10) give the likelyhood-ratio test statistics and
their corresponding p-values. Number denotes the number of first-degree relatives with FH among paternal, maternal, and sibling sources.

Comparative analysis between PSM and Logistic regression hypertension. Column (3) of Table[I|shows that the odds ratio
results of FH can be calculated as 1.429 (0.346/0.242) by the approach
of nearest-neighbor matching within the caliper. This is even
less than the lower bound (1.552) of the 95% confidence interval

Both the PSM and Logistic regression model demonstrate that by Logistic regression estimation in Column (1) of Table [} We

FH is a statistically significant risk factor for the prevalence of

© The National High School Journal of Science 2026 NHSJS Reports | 7



attribute this difference to the following three reasons.

First and foremost, the PSM and Logistic regression model
require different assumptions for consistency?®. On the one
hand, Logistic regression model relies heavily on correct model
specification, and estimates will be biased if the functional form
is misspecified. In contrast, the PSM is independent of the
outcome model. On the other hand, Logistic regression model
can be utilized to predict probabilities for new observations and
make extrapolations. In contrast, the primary objective of PSM
is to make statistical inference on the average treatment effect
on the treated, and it cannot be used for extrapolation.

Second, PSM and Logistic regression model utilize different
sample sizes in that the former requires the matched sample
within the common support, whilst the latter employs the whole
sample. In fact the core assumption for PSM to be successfully
performed is that the propensity scores of the treated and control
groups fall into the common support. Moreover, the common
support should be as large as possible, as statistical inference
based on a limited common support may be biased.

Third, the ideas implied by the PSM and Logistic regression
model are completely different. For PSM, the average treat-
ment effect on the treated (ATT) is obtained by calculating the
arithmetic mean or the weighted meanZ. In contrast, Logis-
tic regression model is essentially a regression method based
on a maximum likelihood estimation approach, in which the
log-likelihood function is first constructed and then numerical
optimization is employed to maximize it. Therefore, param-
eter estimates and their corresponding standard errors can be
obtained to support statistical inference.

All in all, compared with the standard regression approach,
PSM approach seems more attractive as it can account for the
nonrandom treatment assignment including a set of covariates°.
We regard the estimation from PSM as a lower bound for the
effect of FH on hypertension prevalence .

Odds ratio of overweight and obesity by FH category

In this subsection, we combine PSM and Logistic regression
model by first using the 1:4 nearest-neighbor matching within
a caliper of 0.05 to obtain a matched sample and then using
it to make statistical inference in the framework of Logistic
regression model. Specifically, we divide the matched sample
within common support by FH category to explore the associ-
ation between lifestyle and hypertension prevalence across all
FH categories.

Results in Table [5] consistently demonstrate that the odds
ratios for overweight and obesity are statistically significant
across all FH categories, confirming Hypothesis 4. For example,
the odds ratios for overweight and obesity are 1.554 (95% CI:
1.267,1.905) and 3.405 (95% CI: 2.671,4.340) for the group
without first-degree FH in Column (1). Columns (2), (3), and (4)
provide the odds ratios in the groups with paternal, maternal, and

sibling sources FH, respectively, whilst Columns (5), (6), and
(7) present the results in the groups with 1, 2, and 3 first-degree
relatives with FH, respectively.

The odds ratios for overweight and obesity peak in the
group with 3 first-degree relatives with FH, indicating that
healthy lifestyle promotion—especially weight control—is
especially critical for this high-risk population and should
be a focus of targeted interventions. However, it is worth
noting that the sample size is much smaller for this subgroup in
Column (7), which reduces the statistical power in some degree.

Discussion

This study underscores the importance of family history in under-
standing hypertension prevalence, predicting it, and quantifying
risk. Although, in theory, multiple generations may contribute to
the association between family history and hypertension preva-
lence, the results demonstrate that only the effect of first-degree
FH is statistically significant, whilst that of second-degree FH is
not.

In addition to the commonly used Logistic regression model,
we also utilize the propensity score matching approach to per-
form statistical inference based on the matched sample within
the common support. We further make a comparison between
these two techniques in terms of implied assumptions, sample
size, and basic idea. We consider the propensity score match-
ing estimate a lower bound on the effect of family history on
hypertension.

We also explore the multiplicative interactions between family
history and lifestyle. Although the interaction effect is statisti-
cally insignificant, we find that maintaining a normal BMI is
meaningful for control and prevention of hypertension, both
for people with family history and without. Further research
is necessary to explore the mechanism underlying the family
history (hence the genetics) and the lifestyle to maximize the
benefits of hypertension intervention for the whole society.

We also demonstrate that weight control is especially essential
for individuals with more first-degree relatives with FH, thereby
providing a clear roadmap for precision prevention. That means
weight management interventions targeting this high-risk sub-
group would yield the greatest health gain and cost-effectiveness.
Consequently, public health strategy should evolve beyond a
one-size-fits-all approach to embrace risk-stratified, targeted
interventions.

In practice, this translates to integrating serious family history
as a key risk identifier within clinical screening and community
health programs. For individuals with this marker, initiated,
structured weight management support, including regular mon-
itoring, nutritional counseling, and physical activity guidance,
should be prioritized as part of standard chronic disease risk
mitigation. This strategy of prioritizing resources based on fam-
ily history predisposition not only promises a more efficient
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Table 5 Odds ratios for overweight and obesity by FH category

@ @ 3 “ ®) © (O]

Number =0 Paternal FH Maternal FH Sibling FH Number = 1 Number =2 Number =3
Normal 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Overweight 1.554 1.944 1.769 1.656 1.517 1.976 4.029

[1.267,1.905] [1.389,2.721] [1.299,2.409] [1.086,2.526]  [1.133,2.031] [1.217,3.211] [1.312,12.374]
Obesity 3.405 2.861 3.466 1.911 2.762 2.618 4216

[2.671,4.340] [1.907,4.294] [2.393,5.020] [1.129,3.235] [1.946,3.922] [1.456,4.709] [1.040,17.083]
N 5161 1618 1991 793 2289 681 189
Pseudo-R? 0.173 0.2 0.193 0.103 0.181 0.153 0.25

Notes: This table presents odds ratios for overweight and obesity, with their corresponding 95% confidence intervals in square brackets, by FH category, adjusted
for covariates, including participants’ basic information, other lifestyle variables, and other chronic diseases listed in the section of Methods. Number denotes the
number of first-degree relatives with FH among paternal, maternal, and sibling sources.

reduction of the population hypertension burden but also aligns
with the core principle of precision public health.
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Appendix

A. Model specification for propensity score matching

Although family history appears exogenous to each participant, the possibility of
nonrandom assignment still exists, as it can interact with family-level lifestyle to
make it endogenous among participants. Therefore, we employ propensity score
matching to estimate the effect of family history on hypertension prevalence. In
this study, the sample can be described as (hyper;,hypero, FH,c), where ¢ is a
vector of K x 1, containing all the information relevant to estimating the effect;
FH is an indicator variable for family history; and the outcome hypertension is
denoted by hyper. We can observe hyper, FH, and c. It is plausible to assume
that the sample of participants is an independent, identically distributed one,
ruling out cases where the family history of one participant might affect the
outcome of another. We then construct a counterfactual framework to estimate
the effect of family history on hypertension, as we can only observe the out-
come of hypertension for each participant either with or without family history.
Obviously, E (hyperyi — hyperypi) measures the effect of family history on hy-
pertension for participant i. Specifically, ATT = E (hyper] ; — hypery; | FH; = l)
provides the effect on i.

The propensity score is defined by the probability of family history in Equa-

tion (I):

plc)=PFH=1]c) ¢y

It is difficult to control for differences in the K variables in the vector of
¢, especially when the treated and control groups differ across dimensions of
these covariates2S. Propensity score matching first uses a Logistic regression
model to reduce the K dimensions to a single propensity score. As a control
function, the propensity score is unidimensional and falls in the range of [0, 1].
As the survey data contains a rich set of covariates, including the demographic
variables, the lifestyle variables, and other chronic disease variables, we assume
the ignorability of family history conditional on this set of covariates. The
assumption implies that if the information contained in c¢ is enough to determine
family history, then (hypery,hyper;) would be mean independent of FH as
shown by Equation ().

E(hyper, | ¢,FH) = E(hypery | ¢) ()
E(hyper, | ¢,FH) = E(hyper, | ¢) (b)

Participants with similar propensity scores form matching pairs. Estimators
can be obtained by estimating the probability differences for each pair and
then averaging over all pairs. When it is unlikely to obtain identical predicted
probabilities, pairs would be grouped into cells to obtain local averages. The
estimation for the effect on the treated, AfT, is given by Equation as follows:

@

A 1 ~
ATT = — hyper; — hypery; 3)
Nen i;FHZl:l( i 01)
Where Nry is the number of FH observations. };.rp,—1) means only the FH
observations totaled up to calculate the average effect on the treated. We adopt
five matching estimators to ensure robust results.

1. k-nearest neighbor matching. We adopt 1:4 nearest neighbor matching in
this study.

2. caliper matching. We limit the absolute distance of the propensity score of
the matched pair (i, j) to |p; — p;| < € (€ < 0.25 Gpsore) Where Gpgeore 18
the standard deviation of the estimated propensity score. Then the caliper
in this study is calculated as 0.25 x 0.3985 = 0.0996. We prioritize match
precision over sample size by lowering the scope of the caliper to 0.05.
That means we match observations that differ within the 5% scope of the
propensity score.

3. nearest-neighbor matching within a caliper. We combine the above two
methods to perform 1:4 matching within a caliper of 0.05.

4. kernel matching. According to one literature 2 the estimate for hfzpero,-
is given by:

hypery; = h
(j:FH;=0)

w(i, j) hyper; (@)

Where o(i, j) denotes the weight given to (i, j) as follows.
Cji—¢Ci

K[

Y (rm,—0) K [ck;q }

Where K(-) is the kernel function, and & denotes the bandwidth (We
employ the default value of 0.06 as the bandwidth).

o(i,j) = (&)

5. local linear regression. In this method, we employ local linear regression
to estimate (i, j), instead of the kernel function used in the kernel
matching method.

B. Logistic regression model specification

Although both Probit and Logistic regression models are appropriate for the
response variable of hypertension (hyper), the Logistic regression model is
preferred over the Probit model because the former allows for odds-ratio inter-
pretation of coefficients*?. The odds ratio for a given dummy variable is the
odds when the dummy is 1 divided by the odds when it is 0. In this section, we
construct the Logistic regression model under its assumptions and then provide
the estimations based on it. The probability of having hypertension (hyper)
is p(x), for various variables of x, including age, gender, education, marital
status, and other factors that might affect the probability for an individual to
have hypertension, listed in the section of Methods. Among x, two factors of
family history (FH) and lifestyle (LS) are crucial for our analysis. Equation @
gives the probability of hypertension as follows.

p(x) = P(hyper =1|x) = P(hyper =1 | FH,LS,...) (6)

Where the binary indicator,iyper, equals 1 if a participant suffers from
hypertension and O otherwise. This model arises from the following latent
variable model:

v =xB+e @)
Where y* is a latent variable. The inclination of a participant to have hyper-
tension is decided by Equation @ as follows:

1, ify*>0
hyper—{o t

8
ify* <0 ®

Then

P(hyper =1|x)=P(*>0|x)=P(X'B+e>0]|x)=Ple>—x'B|x) (9)

and

P(hyper =1|x) =P(e > —x'B | x) =P(e <x'B) = Fe(x'B) (10
Where F(-) is the cumulative distribution function of €. If € is assumed to be

a standard logistic distribution, the Logistic regression model can be constructed
as follows:

p(x) = P(hyper =1) =F (x,f) = A(XB) = %

For each participant i, the density of hyper;, given x; (including family history
and lifestyle) is

an

AXB), if hyper; = 1
h . i — i 12
f( yperl|-xl,ﬁ) {IA(x;ﬁ), if hyper; = 0 (12)
Or it can be written as
F(hyperi | xi,B) = [A(B)]™"" [1 — A(B)] """ (13)
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The log-likelihood for i is

In f(hyper; | xi, B) = hyperi In [A(X;B)] + (1 — hyper;) In [1 — A(xiB)] (14)

If the N observations are assumed to be independent and identically dis-
tributed, the log-likelihood function for the whole sample can be given by

Equation (T3).

N

+ Y (1= hyper;) In[1 — A(x;B)]

N
InL(B | hyper,x) = Zhyper,- In [A(x]B)]
= i=1
15)

i=1

Maximum likelihood estimation can be used to obtain the Logistic regression
estimators for 3. However, 3 cannot be directly interpreted as marginal effects.
Instead, we calculate exp( ﬁ) to get the odds ratios to obtain the probability of
having hypertension relative to the reference group (the least risky group in
general) when one of the risk factors, say, family history or lifestyle, changes
from zero to one, holding all other variables fixed. Furthermore, we further
add the interactions between family history and lifestyle, including the BMI,
drinking, smoking, and exercise taking in the Logistic regression model to
explore the multiplicative interactions between family history and the lifestyle
factors. The following two indicators can be utilized to measure the goodness-
of-fit of the Logistic regression model:

Pseudo-R?

In a linear model, the Total Sum of Squares can be decomposed into the Sum of
Squares due to regression and the Error Sum of Squares. The goodness-of-fit of
the model, R?, can be calculated based on this decomposition. However, for the
non-linear Logistic regression model in this study, there is no decomposition
formula for the Sum of Squares. Therefore, it is impossible to obtain the
same goodness-of-fit measure. Instead, Pseudo-R? is calculated to measure the
goodness-of-fit of the Logistic regression modelZL

InLy — InLyax

Pseudo-R% =
In Lo

(16)

Where L,y is the maximum value of the log-likelihood function of InL(f |
hyper,x), and Ly presents the maximum value of the log-likelihood function of
InL(Bo | hyper,xp) in which the constant term is the only explanatory variable.

Percentage correctly predicted

Another measurement for the goodness-of-fit of the Logistic regression model is
the percentage correctly predicted. If the predicted probability of hypertension
F(hyper) > 0.5, then f(hyper) =1, and 0 otherwise. The percentage of cor-
rectly predicted is obtained by comparing the predicted values with the actual
values.

I untreated: Off support

I Untreated: On support

I Treated: On support
Treated: Off support

mE e
=

T T T T T T

0 2 4 6 8 1
Propensity Score
Fig. A1 Common support of propensity score
Notes: This figure presents the common support of the propensity
score for the groups with and without FH. The 1:4 nearest-neighbor
matching within the caliper (0.05) is performed.

Table A1 Summary statistics for participants with and without FH

@ 2) 3) “) (5) ©6)
Before Matching After Matching
With FH ‘Without p-value With FH Without p-value
FH FH

N 3639 4477 3634 4464
Male 0.451 0.497 <0.001 0.451 0.432 0.097
Age 1844 0.420 0.379 <0.001 0.420 0.429 0.464
Age 45-59 0.361 0.330 0.004 0.360 0.367 0.581
Age >60 0.219 0.290 <0.001 0.219 0.205 0.124
Han 0.997 0.997 0.77 0.997 0.998 0.452
Urban 0.432 0.428 0.77 0.432 0.421 0.344
Insurance 0.980 0.962 <0.001 0.980 0.987 0.016
Elementary School 0.290 0.373 <0.001 0.290 0.278 0.272
High School 0.575 0.525 <0.001 0.575 0.592 0.156
Higher Education 0.135 0.102 <0.001 0.135 0.130 0.546
Single 0.072 0.057 0.009 0.072 0.066 0.309
Married 0.904 0913 0.16 0.904 0.913 0.188
Divorced 0.024 0.029 0.14 0.024 0.021 0411
Normal BMI 0.406 0.377 <0.001 0.334 0.399 0.114
Overweight 0.261 0.222 0.010 0.405 0.379 0.444
Obesity 0.334 0.400 <0.001 0.260 0.223 0.034
Central Obesity 0.606 0.567 <0.001 0.067 0.060 0.211
Drink Never 0.595 0.631 0.001 0.596 0.608 0.279
Drink not each week 0.210 0.216 0.51 0.211 0.200 0.269
Drink each week 0.195 0.153 <0.001 0.194 0.192 0.831
Smoke Never 0.736 0.716 0.039 0.736 0.762 0.010
Smoke Before 0.064 0.067 0.61 0.064 0.052 0.035
Smoke Now 0.200 0.218 0.050 0.200 0.186 0.118
Intensive Exercise 0.737 0.773 0.11 0.405 0.402 0.822
Moderate Exercise 0.196 0.168 0.001 0.260 0.261 0.957
No Exercise 0.067 0.059 <0.001 0.334 0.337 0.792
CHD 0.038 0.028 0.014 0.037 0.026 0.011
Stroke 0.038 0.026 0.001 0.037 0.028 0.025
Renal Disease 0.021 0.019 0.50 0.020 0.015 0.120
Diabetes 0.140 0.129 0.18 0.139 0.134 0.601

Notes: This table presents the summary statistics for the study sample before
and after matching. The definitions of the variables are presented in the section
of Methods. The p-values in Columns (3) and (6) are calculated based on
Pearson’s chi-squared test.
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