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Abstract

Inappropriate comparisons between control and treatment groups can be caused by overlapping
factors, usually called confounders. Propensity score methods help reduce bias from measured
confounding by summarizing the distribution of multiple measured confounders into a single
score, based on the probability of receiving treatment. This study applies binary logistic
regression to estimate propensity scores and identify risk factors that significantly influence
complications in fasting blood glucose levels. Nearest Neighbor Matching (NNM) is used
with various caliper and score orders to determine the most effective combination in reducing
bias. The dataset consists of 692 records of lecturer health examination data collected in
2023 from IPB University. The results show that gender becomes a confounding variable.
Both the order of propensity scores and caliper selection affect the outcome of the matching
process. The matching condition using propensity scores in a random order with a caliper
performed the best, achieving approximately 99.964% bias reduction. The significance of the
average treatment effect for treated (ATT), all condition order with caliper indicates that
gender have a positive relationship and significantly affects fasting blood glucose levels. Also,
based on the matching results with the best combination, it indicates that age, academic
position, structural position, education level, and lecturer performance do not influence
abnormal fasting blood sugar (FBS). This could imply that other unmeasured variables, such
as dietary habits, stress level, genetic predisposition, or physical activity might play a more
dominant role in influencing fasting blood sugar levels than institutional roles or professional
background factors.

Keywords: binary logistic regression; caliper; fasting blood glucose levels; propensity score
matching (PSM); structural positions

Copyright © 2025 by Authors, Published by CAUCHY Group. This is an open access article
under the CC BY-SA License (https://creativecommons.org/licenses/by-sa/4.0)

1 Introduction

In several case studies, comparisons between control and treatment groups are often inaccurate
due to the lack of well defined control groups and the presence of overlapping factors, commonly
known as confounding [1]. Confounding refers to bias in estimating the effect of a risk factor
on an outcome due to the presence of extraneous variables that are associated with both the
treatment and the outcome [2]. Although confounding can often be mitigated through randomized
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sampling, in practice, randomization becomes challenging when many covariates are involved,
making it difficult to find individuals with similar or identical characteristics. If left unaddressed,
confounding can obscure the true relationship between risk factors and outcomes, leading to either
underestimation or overestimation of effects and ultimately, invalid conclusions[3]. Therefore,
propensity scores can be used to minimize bias due to confounding variables with a single score
based on the conditional probability of treatment[4]. Then, each observational data is paired by
adjusting propensity scores based on the same or similar covariates (X;) between the treatment
group (Z; = 1) and control group (Z; = 0)[2]. Among various techniques, propensity score
matching (PSM) method was the best method for reducing the influence of bias in comparing
treatment and control groups compared to other propensity score techniques in individual
studies[5]. For instance, propensity score matching (PSM) using binary logistic regression was
able to reduce bias by 57.1 percent with a standard error of 0.103[2]. Additionally, simulations
using Nearest Neighbor Matching (NNM) with caliper, followed by binary logistic regression,
demonstrated a strong ability to minimize bias[6]. Also, the order of propensity scores can
affect the performance of reducible bias. Caliper is the maximum difference limit of propensity
scores used to limit treatment individuals to be paired; in this study, the caliper is obtained by
multiplying 0.2 with the standard deviation of propensity scores|7]. However, limited research has
examined the application of this method in the context of health risks in academic environments,
particularly in the analysis of non-communicable disease risk factors among university lecturers.

The quality of higher education institution is partly determined by the performance of the
lecturers[8]. In accordance with Law number 12 of 2012, lecturers are responsible for fulfilling
the Tri Dharma Higher Education, which includes education, research, and community service.
Article 30 paragraph 4 of the Minister of Education and Culture Regulation Number 3 of
2020 states that the workload of lecturers is calculated based on the equivalent of full teaching
time. Their academic position directly impacts their teaching load and workload. The higher
their academic position are expected to have accumulate higher credit points and often hold
leadership positions, which can lead to additional institutional duties outside classroom teaching.
For instance, doctoral level lecturers usually teach higher level courses (such as master’s or
doctoral level) and possibly teach fewer classes compared to master’s degree lecturers. These
responsibilities may result in longer working hours, inadequate rest, irregular eating patterns,
and increased stress, all of which are potential contributors to deteriorating health.

Such lifestyle factors, combined with insufficient participation in regular medical check-ups
(MCU), can lead to undetected chronic conditions and decreased job satisfaction [9]. Health is a
critical determinant of employee productivity [10], yet awareness of preventive healthcare remains
low. For instance, in 2023, only 692 out of 1,312 lecturers at IPB University (approximately
52%) underwent medical check-ups [11]. MCUs play an essential role in the early detection of
non-communicable diseases, such as type 2 diabetes mellitus (DM). A precursor to this condition
is prediabetes, characterized by elevated blood glucose levels that have not yet reached diabetic
thresholds. Fasting blood sugar (FBS) tests are standard for screening this condition, with
normal values ranging between 70-110 mg/dL. If undiagnosed or untreated, prediabetes may
progress to full-blown diabetes. In 2023, MCU results, abnormal FBS was the second most
prevalent health issue, affecting 351 lecturers. Notably, blood sugar levels are also associated
with age and gender [12].

This study contributes scientifically by offering empirical evidence on the effectiveness of
PSM variations in minimizing bias due to confounding in health risk studies, and practically
by identifying significant risk factors of abnormal fasting blood sugar (FBS) among lectures in
higher education institutions after establishing matched pairs.
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2 Methods

This section systematically presents the data sources used, details of variables and the analytical
approaches applied. Following the explanation of the research background and objectives in the
previous section, this section serves as a crucial foundation for ensuring the validity of the results
obtained. By detailing the characteristics of the data and the statistical methods employed,
readers are expected to gain a clear understanding of the research process and the basis for
concluding.

2.1 Data

The data used is secondary data obtained from the IPB Polyclinic and the Directorate of Human
Resources at IPB University. These data consist of medical check-up (MCU) results and IPB
lecturers’ workload information. The number of lecturers who underwent MCU is 692 in 2023,
with the following details of variables used:

Table 1: Variable in the study

Code Variable Name Description
As response variables

FBS Fasting Blood Sugar 1 °_ "y} o nal 110 me/dl, 0 = Normal
Z Gender 1 = Female, 0 = Male
- Age Years
4 dummy variables:

Instructor
Assist. Prof 1 = Instructor, 0 = Others

’ " Academic Position 1 = Assistant Professor, 0 = Others
Assoc. Prof. .
Prof 1 = Associate Professor, 0 = Others

1 = Professor, 0 = Others
- Lecturer Performance Average performance over 1 year
- Structural Position 1 = Yes, 0 = No
- Education Level 1 = Doctoral, 0 = Master’s

2.2 Analysis Procedure

The analytical procedures in this research were carried out through the following steps ( Fig. 1):

a) Perform data pre-processing (categorizing each individual’s fasting blood sugar level (FBS)
as normal or abnormal).

b) Determine confounding variables.
Confounding variables, denoted as Z, were identified using the Chi-square test with the null
hypothesis stating that there is no significant relationship between the variables potentially
acting as confounders (Z). The Chi-square test was conducted using the following Eq. 1
[13]:
. .
> o i By = 0x0s (1)
1j=1 -

T
. ij

X’ =

1=

Rejection rule for the null hypothesis if X2 ;. 1.teq > Xi,(r_l)_(c_l) or P-value < alpha («)
5%.

c) Estimate propensity scores using logistic regression with the maximum likelihood estimation
method. Propensity scores use a logistic regression model with a binary dependent variable
(Z_i=1 for treatment and Z_i = 0 for control). Risk factors as predictors and confounders
as responses because the response variable is not included during matching[14], [15]. The
propensity score will be obtained using the following Eq. 2:
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__eaplyg(x))
@) = T eap(o(@)) B
In (%) =g(z) = 50 + 1@ + Bowa + - + Brwy (3)

exp (Bo + Brx1 + Paxa + ... + Brxy) (4)
1+ exp(Bo + Biz1 + Paxa + ... + Prxy)

where 0 < e(z;) = P(Z; = 1|X; = ;) < 1 for each € X is the conditional probability
value of a group based on the observed covariates.

e(x;) =P(Z;i=1|X; =x;) =
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Figure 1: Research flow chart

d) Conduct a matching analysis using the Nearest Neighbor Matching (NNM) algorithm
to pair individuals in the treatment group with those in the control group. Unmatched
individuals in the treatment group are eliminated and not included in the next stage of
analysis. In this step, combinations of caliper and score orders are tested to identify the
most effective configuration for reducing bias. Caliper is used to limit the difference in
propensity scores between the treatment group and the control group. The smaller caliper,
the more likely that more observations will be discarded or not used in the next step.
Caliper equal to 0.2 times the standard deviation of its propensity score is considered
effective in minimizing estimation bias caused by confounding variables[7].

e) Perform post-matching, testing the balance of variables (rchi?) and estimating Average

Treatment of Treated (ATT).
Balance testing uses the t-test if numeric and Z-test if categorical. If there are unbalanced
covariates, they will be removed from the model. If the covariates used are balanced, then
the Average Treatment of Treated (ATT) estimation can be continued. ATT is used to
determine how much influence Z has on the occurrence of Y when the influence of other
variables (covariates) has been reduced to confounding variables (Z)[15], [16]. The test
statistic for estimation with the following Eq. 5:
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0

SE(0) (5)

thit =

f) Calculate Percent of Bias Reduction (PBR).
Calculate the percent bias reduction (PBR) to know how much bias can be reduced with
the following Eq. 6 [17]:

PBR — |Bbefore PSM — Bafter Psu| « 100% (6)
|Bbefore PSM|

B is the difference in means between the treatment and control groups for each covariate,
written as B = Py (x,) — Po(xp) while Pi(xp) and Py(x,) were proportions of the covariate
for the groups.

g) Interpreted and draw conclusions

3 Results and Discussion

This section presents the empirical findings and their interpretation. We begin with a brief
exploratory overview of the data, summarising lecturer characteristics and fasting blood sugar
(FBS) outcomes. We then identify potential confounders of the relationship between structural
position (treatment) and FBS (outcome) using Chi-Square dependence tests, and retain gender
as the primary confounder. Next, we estimate propensity scores with a binary logistic regression
model and implement nearest—neighbour matching using a caliper set to 0.2 times the standard
deviation of the propensity score. After matching, we assess covariate balance between treatment
and control groups. We then quantify the Average Treatment effect on the Treated (ATT) and
compute percentage bias reduction to evaluate how well matching reduces systematic differences.
Finally, we report the post—matching outcome model and discuss the substantive implications of
the results.

3.1 Data Exploration

The data used consists of lecturers with both civil servant (PNS) and non-civil servant (Non-PNS)
employment status. Out of a total of 1,312 lecturers, only 692 lecturers, or approximately 53
percent, underwent medical check-up (MCU). From the total lecturers who underwent MCU, 51
percent had abnormal Fasting Blood Sugar (FBS) test results above 110 ml/dl.

[ Woman [l Man
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Gender 212 DOSEN

EEEE 47 % =
Education Level

2% T

Structural Position

0,
1 6 AJ Abnormal NORMAL

() (b)
Figure 2: Proportion of lecturers based on (a) gender, education level, and structural position; and (b)
gender in relation to blood sugar

Fig. 2a shows that the proportion of MCU lecturers based on education level and structural
position is unbalanced. This becomes interesting to see if it can be addressed after matching

Oktaviani Aisyah Putri 945



Application of Propensity Score Matching for Analyzing Factors Contributing to Pre-Diabetes

analysis. Unlike other variables, the proportion of MCU lecturers based on gender does not much
different between male and female proportions, with the proportion of females being 3 percent
less than males who underwent MCU. However, Fig. 2b shows that lecturers with abnormal FBS
are actually more likely to be male. Meanwhile, in the theory, women have a higher chance of
developing diabetes due to higher increases in lipid levels (blood fat) compared to men, increasing
the risk factor for diabetes mellitus in women 3-7 times higher than in men, which is 2-3 times.
High fat levels can reduce body cell sensitivity and make it difficult for insulin to deliver glucose
into cells[18].

Lecturer B FBs Normal [l FBS Abnormal
4.6%

600

Profo. Instructor
27.2% 21.8%

294 DOSEN
400

300
200

100
Assist. Prof. 57 DOSEN
Assoc. Prof. 21.2% iCosEM
: 0

25.1% With Position Without Position
(a) (b)

Figure 3: Proportion of lecturers based on (a) academic position, and (b) structural position in relation
to blood sugar

287 DOSEN

Fig. 3a shows that the largest proportion of academic position is instructor. However, those
the largest proportion abnormal FBS results are Assist. Prof., with 101 out of 174 lecturers,
or 58 percent. Additionally, Fig. 3b shows that both lecturers with and without structural
positions have 51 percent abnormal FBS results. Among lecturers with positions, 57 out of 111
have abnormal FBS, and among those without positions, 294 out of 581 have abnormal FBS.

Table 2: Characteristics of lecturers based on age and lecturer performance

Variable Mean Standard Deviation Min Max
Age 51 11 28 70
lecturer performance 29.805 10.551 1.405 7.855

The minimum and maximum observations far from the mean, suggest the possibility of
extreme values or outliers. Additionally, the lecturers ages range from 28 to 70 years, with an
average age is 51 years. The lecturer performance score is calculated based on the average of
2 semesters, with an average lecturer performance is 29.805. This score falls into the medium
category and meets the incentive requirements. The requirement for receiving an incentive is
the lecturer performance score at least 12. This means that with a minimum score of 1.405,
does not receive an incentive. This could happen if the lecturer is ill or on leave for certain
reasons and thus cannot meet the requirements for receiving an incentive. The maximum of
lecturer performance score reaching 75.855 proves that there are lecturers who are assumed to
have activities far beyond the target, even excessive, which may pose a risk to their health.

3.2 Selection of Confounder Variable

Before performing matching analysis, a Chi-Square test needs to be conducted to determine the
categorical variables that confound the influence of structural position on fasting blood sugar
(FBS).
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Table 3: Determining confounding variables of structural position against other covariates

Variables Chi-Square P-value Decision
Gender 7.222  0.007* Reject HO
Instructor 0.466 0.495 Fail to Reject HO
Assist. Prof. 0.006 0.936 Fail to Reject HO
Assoc. Prof. 3.284 0.070 Fail to Reject HO
Prof. 0.277 0.598 Fail to Reject HO
Education Level 14.926  0.000* Reject HO

*significant at 5% level

Table 4: Determining confounding variables of each covariate against response Fasting Blood Sugar Level
(FBS)

Variables Chi-Square P-value Decision
Gender 16.121  0.000* Reject HO
Instructor 4.955 0.026* Reject HO
Assist. Prof. 0.021 0.883 Fail to Reject HO
Assoc. Prof. 4.604 0.032* Reject HO
Prof. 2.177 0.140 Fail to Reject HO
Structural Position 0.002 0.967 Fail to Reject HO
Education Level 9.681 0.002* Reject HO

*significant at 5% level

Table 3 presents the dependency test between structural position and other covariates with a
significance level of 5 percent. The requirement to be a confounding variable is that the covariate
has a significant relationship with other covariates and also the response variable. Variables that
have a significant relationship with structural position are gender and education level. Table 4
shows that gender, academic position of assist. Prof, academic position of Assoc. Prof., and
education level have a significant relationship with the FBS variable because they have p-value
< 0.05. However, in this study, the variable chosen as the confounding variable is gender (Z)
because according to Ariani et al. (2022) [18], abnormal blood sugar is influenced by gender, as
the risk factor for diabetes in women is 3-7 times higher compared to men, which is 2-3 times.

3.3 Estimation of Propensity Score with Logistics Regression Model

The propensity score value is often known as the logistic regression model symbolized by ¢(z;)
as in Eq. 2, while the propensity score value is symbolized by e(z;), so the propensity score value
will be obtained if the binary logistic regression model parameters have been obtained. The
results of parameter estimation of propensity score values with binary logistic regression can be
seen in Table 5.

Table 5: Parameter estimation of binary logistic regression model between covariates (X) and gender (Z)

Covariate Parameter(f) SE p-value Odds Ratio
Intercept 1.245 0.610 0.041 3.474
Age -0.027 0.011  0.015%* 0.974
Instructor 0.004 0.406 0.991 1.005
Assist. Prof. 0.173 0.438 0.692 1.189
Assoc. Prof. 0.224 0.475 0.638 1.251
Prof. -0.105 0.514 0.837 0.900
Structural Position -0.736 0.233  0.002* 0.479
Education Level -0.153 0.228 0.503 0.858
Lecturer Performance 0.005 0.008 0.501 1.005

*significant at 5% level

Table 5 shows that the age variable and structural position have a negative and significant
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relationship with gender (Z) with p-value of 0.015 and 0.002 respectively. Additionally, it is
known that probability female lecturer holding a position is lower than the male lecturer. Next,
the propensity score e(x;) is obtained using the following Eq. 7:

o ;

where,

g (x;) =1.245 — 0.027 Age + 0.004 Instructor + 0.173 Assist. Prof.+
0.224 Assoc. Prof.—0.105 Prof. — 0.736 Structural Position— (8)
0.153 Education Level 4+ 0.005 Lecturer Per formance

Based on the logit model above, the probability calculation function can be obtained as follows.

(1.245 — 0.027Age + 0.004Instructor + 0.173 Assist. Prof.+
0.224Assoc.Prof. — 0.105Prof. — 0.736Structural Position—
0.153 EducationLevel + 0.005Lecturer Per formance)

(1.245 — 0.027Age + 0.004Instructor + 0.173Assist. Prof.+
0.224Assoc.Prof. — 0.105Prof. — 0.736 Structural Position—

14e 0.153 EducationLevel + 0.005Lecturer Per formance)

The propensity score values range from 0.199 to 0.678. Then, the propensity score values are
given 3 different treatments: observations sorted based on scores from smallest to largest, scores
from largest to smallest, and random scores. The values for each individual propensity score are
as follows. Randomization was done by taking 3 times in Microsoft Excel.

Table 6: Propensity score estimates for each observation using binary logistic regression, ordered from
smallest to largest

Propensity score estimates for each observation
0.199 0.218 0.219 0.221 0.221 0.226 0.239 0.240 0.241 0.242
0.244 0.251 0.252 0.269 0.270 0.272 0.272 0.276 0.278 0.284
0.285 0.294 0.295 0.298 0.299 0.300 0.303 0.303 0.308 0.308
0.309 0.312 0.316 0.318 0.318 0.319 0.322 0.323 0.325 0.326
0.326 0.327 0.327 0.329 0.329 0.331 0.333 0.334 0.335 0.336
0.336 0.337 0.337 0.339 0.340 0.341 0.341 0.342 0.343 0.343
0.344 0.346 0.347 0.347 0.347 0.347 0.348 0.348 0.349 0.350
0.350 0.351 0.351 0.352 0.352 0.352 0.352 0.354 0.354 0.355
0.355 0.356 0.357 0.357 0.357 0.358 0.359 0.359 0.360 0.361
0.361 0.361 0.362 0.362 0.363 0.363 0.363 0.363 0.363 0.363
ete

3.4 Matched Analysis

The goodness of propensity score matching is seen from how much bias can be reduced. Therefore,
matching analysis needs to be done first to determine the bias after matching. The matching
method used is nearest neighbor matching and the caliper used is the result of 0.2 times the
standard deviation of the propensity score, which is 0.022. Observations that do not get their
matched (pair) will not be used for further analysis.

Oktaviani Aisyah Putri 948



Application of Propensity Score Matching for Analyzing Factors Contributing to Pre-Diabetes

Table 7: Propensity score estimates for each observation using binary logistic regression, ordered from
largest to smallest

Propensity score estimates for each observation
0.678 0.671 0.667 0.663 0.663 0.663 0.661 0.660 0.656 0.656
0.656 0.655 0.653 0.652 0.650 0.649 0.648 0.647 0.644 0.643
0.642 0.639 0.639 0.639 0.638 0.635 0.633 0.633 0.633 0.632
0.631 0.629 0.629 0.628 0.626 0.625 0.625 0.625 0.624 0.624
0.623 0.623 0.622 0.622 0.622 0.621 0.621 0.620 0.620 0.620
0.620 0.620 0.619 0.619 0.619 0.618 0.617 0.617 0.617 0.616
0.615 0.615 0.614 0.613 0.613 0.613 0.613 0.613 0.612 0.611
0.611 0.611 0.610 0.609 0.609 0.609 0.608 0.608 0.608 0.608
0.608 0.607 0.607 0.607 0.607 0.607 0.607 0.606 0.606 0.602
0.602 0.601 0.600 0.598 0.598 0.598 0.598 0.598 0.598 0.597
ete

Table 8: Propensity score estimates for each observation using binary logistic regression, random order

Propensity score estimates for each observation
0.392 0.285 0.389 0.617 0.507 0.507 0.452 0.528 0.432 0.431
0.445 0.369 0.550 0.504 0.419 0.494 0.565 0.460 0.560 0.382
0.465 0.272 0.638 0.270 0.389 0.555 0.628 0.368 0.626 0.447
0.374 0.446 0.424 0.424 0.357 0.453 0.660 0.508 0.611 0.395
0.379 0.358 0.388 0.612 0.409 0.571 0.609 0.359 0.399 0.469
0.369 0.499 0.399 0.347 0.564 0.471 0.489 0.371 0.384 0.639
0.574 0.375 0.459 0.362 0.464 0.583 0.394 0.465 0.557 0.610
0.501 0.569 0.341 0.380 0.545 0.533 0.388 0.447 0.419 0.422
0.333 0.562 0.378 0.481 0.425 0.361 0.607 0.361 0.434 0.389
0.398 0.295 0.421 0.443 0.542 0.532 0.434 0.545 0.416 0.560
0.392 0.285 0.389 0.617 0.507 0.507 0.452 0.528 0.432 0.431
ete

Table 9: Number of pairs formed

Before matching After matching Not Matched
Propensity score order from smallest to largest

Treatment, without caliper 327 327 0
Control, without caliper 365 327 38
Treatment, with caliper 327 233 94
Control, with caliper 365 233 132
Propensity score order from largest to smallest
Treatment, without caliper 327 327 0
Control, without caliper 365 327 38
Treatment, with caliper 327 233 94
Control, with caliper 365 233 132
Propensity score for random order
Treatment, without caliper 327 327 0
Control, without caliper 365 327 37
Treatment, with caliper 327 235 92
Control, with caliper 365 235 130

Table 9 shows that different orders without caliper produce the same number of pairs, but
when using caliper, the number of pairs obtained is different. In the post-matching condition
with scores ordered from smallest to largest and with caliper, the characteristics of matched
lecturer pairs, if viewed based on abnormal FBS, there are 235 lecturers and normal FBS there
are 231 lecturers. Meanwhile, if viewed based on structural positions, there are 65 lecturers
holding positions and 401 lecturers not holding positions. Table 9 also shows the number of
matched groups or groups that are continued to the next analysis and unmatched groups or
groups that are eliminated and not continued to the next analysis. The results of individuals or
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observations that have been paired are as follows.

Table 10: Individuals which obtained matches with propensity scores sorted from smallest to largest
Without Caliper With Caliper

Number Number

Treatment Control Treatment Control
1 10 8 1 10 9
2 101 105 2 101 105
3 102 100 3 102 100
4 104 103 4 104 103
5 109 108 5 109 108
6 110 111 6 110 111
7 113 114 7 113 114
8 117 115 8 117 115
9 118 116 9 118 116
10 12 9 10 122 123
etc

In the first ten pairs formed, it can be seen that there are observations that get different control
matches. However, many have already obtained the same matches between using a caliper and
not using a caliper. This proves that ordering propensity scores from smallest to largest can
facilitate finding suitable matches.

Table 11: Individuals which obtained matches with propensity scores sorted from largest to smallest
Without Caliper With Caliper

Number Treatment Control Number Treatment Control
1 692 691 1 593 586
2 683 674 2 583 580
3 593 532 3 579 578
4 592 525 4 576 577
5 591 523 5 573 571
6 590 522 6 572 570
7 589 519 7 568 566
8 588 518 8 567 564
9 585 516 9 565 559

10 584 512 10 680 679
etc

None of the first ten pairs formed obtained the same match between using a caliper and without
a caliper. This may occur because it makes it difficult to find suitable matches.

Table 12: Individuals who obtained matches with random order propensity score
Without Caliper With Caliper

Number Treatment Control Number Treatment Control
1 339 338 1 339 338
2 292 268 2 292 287
3 130 127 3 130 127
4 270 272 4 270 272
5 360 365 5 360 365
6 92 91 6 92 91
7 320 321 7 320 321
8 273 143 8 261 257
9 261 257 9 59 58
10 59 58 10 250 249

etc

Table 12 proves that random selection of individuals can obtain suitable matches. There are 7
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out of 10 pairs that get the same match between using a caliper and without a caliper.

3.5 Covariate Balance Test

Before conducting the ATT significance test, it is necessary to perform a covariate balance test
on the confounding variables between the treatment group and the control group. The null
hypothesis used to test the difference in means for numeric variables is that there is no difference
in the mean of the covariate (X) between the treatment group and the control group. Additionally,
the null hypothesis used to test the difference in proportions for categorical variables is that
there is no difference in the proportion of the covariate (X) between the treatment group and
the control group.

Table 13 would help assess whether the matching process has successfully balanced the
covariates between the treatment and control groups. A p-value greater than the chosen
significance level (typically 0.05) would indicate that there is no significant difference between
the groups for that covariate, suggesting successful balance.

Table 13: Results of covariate balance test

Covariate Balance p-value
Smallest to largest Largest to smallest Random
Age Before matching 0.000 0.000 0.000
After, without caliper 0.007 0.007 0.007
After, with caliper 0.772 0.772 0.697
Instructor Before matching 0.05 0.05 0.05
After, without caliper 0.162 0.162 0.162
After, with caliper 0.736 0.736 0.162
Assist. Prof. Before matching 0.476 0.476 0.476
After, without caliper 0.931 0.931 0.794
After, with caliper 0.919 0.919 1
Assoc. Prof Before matching 0.697 0.697 0.697
After, without caliper 0.474 0.474 0.421
After, with caliper 0.834 0.834 0.328
Prof. Before matching 0.002 0.002 0.002
After, without caliper 0.157 0.157 0.131
After, with caliper 0.905 0.905 0.306
Lecturer Performance Before matching 0.824 0.824 0.824
After, without caliper 0.960 0.960 0.930
After, with caliper 0.410 0.410 0.478
Structural Position Before matching 0.005 0.005 0.005
After, without caliper 0.142 0.142 0.173
After, with caliper 0.894 0.894 1
Education Level Before matching 0.003 0.003 0.003
After, without caliper 0.026 0.026 0.033
After, with caliper 0.835 0.835 0.026

3.6 Estimated Average Treatment of Treated (ATT)

Before testing the significance of the ATT, it is necessary to perform a covariate balance test
on the confounding variables between the treatment group and the control group. The null
hypothesis used to test the mean difference in numerical variables is that there is no difference in
the mean of the covariate (X) between the treatment group and the control group. Additionally,
the null hypothesis used to test the difference in proportions for categorical variables is that
there is no difference in the proportion of the covariate (X) between the treatment group and
the control group. Table 13 shows that the balance for the variables age, employment status,
structural position, and last education can be addressed when using a caliper during matching.
Only three conditions with caliper are used for further analysis. The next step is to test the
significance of the Average Treatment of Treated (ATT) using Eq. 5, with results shown in
Table 14 below.
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Table 14: Estimated Average Treatment of Treated (ATT)
ATT () SE (ATT) ¢  p-value

Caliper, score smallest to largest -0.148 0.047 -3.171  0.002*
Caliper, score largest to smallest -0.121 0.047 -2.593  0.010%*
Caliper, score random -0.172 0.048 -3.577  0.000*

*significant at 5% level

Table 14 shows that in all the three combinations of propensity scores with caliper, the gender
variable (Z) significantly affects FBS, as evidenced by p-value < 0.05.

3.7 Percentage Bias Reduction (PBR)

This section, we calculate the percent bias reduction using Eq. 6, with results as follows.

Table 15: Bias before and after matching

Before Matching After Matching PBR
Propensity score order from smallest to largest

Without caliper 0.042 0.025 40.476%
With caliper 0.042 0.001 97.619%
Propensity score order from largest to smallest
Without caliper 0.022 0.025 -13.636%
With caliper 0.022 0.001 95.455%
Propensity score random order
Without caliper 0.042 0.025 40.476%
With caliper 0.042 0.000 99.964%

Table 15 shows that the bias in the random propensity score order with caliper can reduce 99.964
percent of the bias, much better compared to without caliper, which reduces 40.476 percent. It
is also proven that caliper reduces bias well for different matching order conditions. Interestingly,
the bias before matching in the largest to smallest propensity score order without caliper is
smaller than the bias after matching. This proves that matching will seek the closest and earliest
values. In this condition, the bias increases by 13.636 percent.

3.8 Final Model

Using the result of matched data with a combination of caliper and random order propensity
score, the following estimate parameter is obtained.

Table 16: Estimated parameters of the binary logistic regression model between covariate (X) and fasting
blood sugar (FBS)

Kovariat Parameter () SE p-value Odd Ratio
Intercept -1.204 0.758 0.112 0.300
Age 0.012 0.014 0.405 1.012
Academ.Staff. 0.463 0.515 0.368 1.589
Senior.Lect. 0.454 0.553 0.412 1.575
Assoc.Prof. 0.562 0.587 0.339 1.753
Prof. 0.529 0.636 0.405 1.698
Structural Position -0.191 0.303 0.529 0.826
Last Education 0.246 0.276 0.372 1.279
Lecturer Performance -0.001 0.010 0.881 0.999

*significant at 5% level
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FBS =1.204 + 0.012Age + 0.463 Academ.Staf f. + 0.454Senior. Lect.+
0.562Assoc.Prof. + 0.529Prof. — 0.191Structural Position+ (10)
0.246 EducationLevel”0.001 Lecturer Per formance

Based on the logit model above, the probability calculation function can be obtained as follows.

(1.204 + 0.012Age + 0.463 Academ.Staf f. + 0.454Senior.Lect.+
0.562Assoc.Prof. 4+ 0.529Prof. — 0.191Structural Position+

0.246 EducationLevel — 0.001 Lecturer Per formance)

™ (z) = : (11)
(1.204 + 0.012Age + 0.463 Academ.Staf f. + 0.454Senior.Lect.+

0.562Assoc. Prof. 4+ 0.529Prof. — 0.191Structural Position+
0.246 EducationLevel — 0.001 Lecturer Per formance)

l1+e

From Eq. 10, based on the matching results with the best combination, it was found that the
variables of age, academic position, structural position, education level, and lecturer performance
do not have an influence on abnormal fasting blood sugar (FBS). This could imply that other
unmeasured variables, such as dietary habits, stress level, genetic predisposition, or physical
activity might play a more dominant role in influencing fasting blood sugar levels than institutional
roles or professional background factors.

4 Conclusion

Research results show that the variable of gender is a confounding variable. This confounding
variable subsequently becomes a response variable, and a binary logistic regression model indicates
that structural position has a positive and significant relationship with gender. Moreover, the
order of propensity score values appears to affect the results of the matching analysis, as the
matching process essentially seeks the closest and earliest values, although the differences are not
substantial. Additionally, the use of a caliper can effectively reduce bias, making it sufficient to
perform matching with a caliper without needing to consider the order of propensity scores. The
matching condition using propensity scores in a random order with a caliper performed the best,
achieving approximately 99.964% bias reduction. The caliper also balances the covariates for
gender (Z). The results of the average treatment effect of the treated with propensity scores from
smallest to largest, largest to smallest, and random, both with a caliper, show that the gender
variable significantly affects FBS. Based on the matching results with the best combination,
it was found that the variables of age, academic position (Academic Staff, Senior Lecturer,
Associate Professor, and Professor), structural position, education level, and lecturer performance
do not have significant relationships with abnormal fasting blood sugar (FBS). This could imply
that other unmeasured variables, such as dietary habits, stress level, genetic predisposition, or
physical activity might play a more dominant role in influencing fasting blood sugar levels than
institutional roles or professional background factors.
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