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Abstract: Preeclampsia is an obstetric syndrome, a multisystem disorder affecting 2%-5% of pregnant
women and a major contributor to both maternal and perinatal morbidity and mortality globally. This
current study aimed to analyze the impact of preeclampsia on mothers and perinatal. This cross-sectional
study was performed at Muhammadiyah Lamongan Hospital, using secondary data from January 2023
to February 2024. The sample was 192 delivering mothers, consisting of 96 delivering mothers with
preeclampsia and 96 normal delivering mothers. The data were processed using multiple logistic
regression. The statistical test showed that delivering mothers with preeclampsia had 85.7 times higher
risk to undergo SC delivery (OR 85.706, 95% CI: 19,870 - 369,670), 5.5 times higher risk to deliver
prematurely (OR 5.500, 95% CI: 2. 377 - 12,727), 4 times greater to deliver a baby with LBW or <2500
grams (OR 4,300, 95% CI: 1,971 - 9,383), 2 times higher to deliver a baby with APGAR Score < 7 in the
first 5 minutes (OR 2,000, 95% Cl: 1,116 -3,584). It is hoped that healthcare workers can carry out early
detection for the prevention of preeclampsia and carry out immediate management to reduce morbidity
and mortality in mothers and perinatal.
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INTRODUCTION

Preeclampsia (PE) according to the International Society for the Study of Hypertension in
Pregnant (ISSHP) is defined as systolic blood pressure more than 140 mmHg and/or diastolic blood
pressure more than 90 mmHg on at least two measurements 4 hours apart, or shorter than systolic blood
pressure 160 mmHg or diastolic blood pressure 110 mmHg. Symptoms present in normotensive women
during the 20th week of pregnancy with multiple symptoms such as protein urine, maternal organ
dysfunction or uteroplacental dysfunction (Dimitriadis et al., 2023; Karrar & Hong, 2024; Poon et al.,
2019a). PE is an obstetric syndrome, a multisystem disorder affecting 2%-5% of pregnant women and is
a major contributor to maternal and perinatal morbidity and mortality worldwide, especially when it occurs
in the early stages of pregnancy (Ansbacher-Feldman et al., 2022; Gémez-Jemes et al., 2022; Y.-X. Li
etal., 2021; Liu et al., 2022; Poon et al., 2019D).

An estimated 4 million women worldwide are diagnosed with PE which causes 46,000 - 76,000
maternal deaths and 500,000 infant deaths each year (Chaemsaithong et al., 2022; Dimitriadis et al.,
2023; Hedley et al., 2023; Kang et al., 2023; Leavey et al., 2015; Zheng et al., 2022). Globally, 10-15%
of maternal deaths are statistically attributed to PE (Nair, 2018a; Ranjbar et al., 2023; Xue et al., 2023).
Women in low- or middle-income and low-resource countries have a higher risk of developing PE
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compared to women in high-resource countries. This is evident from the Global Burden of Disease (GBD)
collaboration data in 2019 that the mortality rate in women aged 14 - 59 years due to hypertensive
disorders of pregnancy is 50 times higher (Deshpande et al., 2021; Hedley et al., 2023; Poon et al.,
2019b). In developing countries, the number of PE ranges from 1.8% to 16.7% (Ranjbar et al., 2023). In
Sub-Saharan Africa, Maternal mortality over 5 years (2015-2020) is 22% (Musarandega et al., 2021). In
the UK, PE contributes to 22 deaths and is the second most frequent cause of maternal mortality
(Hackelder et al., 2022). Nearly one-tenth of maternal deaths in Asia and Africa are caused by PE
(Varghese et al., 2023).

The number of maternal deaths in Indonesia tends to increase every year, but decreased in
2022, which amounted to 3,572 deaths, while in 2021 it was 7,389 deaths and in 2020 it was 4,627
deaths. The most common cause of maternal death in 2022 was hypertension in pregnancy with 801
cases (Kementrian Kesehatan RI, 2022). In 2021, maternal deaths due to PE were 1,077 cases
(Kementrian Kesehatan RI, 2021) and in 2020, maternal deaths due to PE reached 1,110 cases
(Kementrian Kesehatan RI, 2020). The Maternal Mortality Rate (MMR) in East Java in 2022 decreased
compared to the previous two years. In 2020, the MMR in East Java was 98.40 per 100,000 live births,
and in 2021 it was 234.7 per 100,000 live births, while in 2022 it managed to fall to 93.00 per 100,000
live births. The two highest causes of maternal mortality in East Java are hypertension in pregnancy
(24.45%) and bleeding (21.24%) (Dinas Kesehatan Jawa Timur, 2022). Meanwhile, in 2021, the three
highest causes of maternal mortality in 2021 were hypertension in pregnancy, which amounted to 9.62%
(123 cases), bleeding at 9.38% (120 cases), and other causes at 68.18% (872 cases) (Dinas Kesehatan
Jawa Timur, 2021).

The pathogenesis and underlying etiology of PE, both premature and full term are still unknown
and delivery is the procedure to terminate pregnancy in pregnant women diagnosed with PE (Aljameel
et al., 2023; Dimitriadis et al., 2023; S. Li et al., 2020; Yun et al., 2023a). The two-stage PE model
proposes that PE is caused by placental dysfunction leading to impaired trophoblast invasion and
differentiation (Dimitriadis et al., 2023; Garrido-Giménez et al., 2023; Nair, 2018b). However, many risk
factors have been identified to be associated with PE (Dimitriadis et al., 2023), both clinical and historical
risk factors (Henderson et al., 2017). Risk factors for PE have been proposed by several clinical
guidelines such as the National Institute for Health and Excellence, the American College of Obstetricians
and Gynecologists, the Society of Obstetricians and Gynecologists of Canada, and the World Health
Organization. These risk factors include maternal age, parity, previous history of PE, pregnancy interval,
reproductive technology, family history of PE, obesity, race and ethnicity, and (Awor et al., 2023;
Dimitriadis et al., 2023; Giannakou, 2021; Henderson et al., 2017; Y. Li et al., 2021; Melinte-Popescu et
al., 2023; Poon et al., 2019b; Yun et al., 2023b).
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PE can be distinguished into early-onset PE, which happens sometime after 34 weeks of
gestation, and the more common late-onset PE occurred at or after 34 weeks of development. (Xue et
al., 2023). PE contains a non-negligible frequency and causes advanced systemic complications and
long-lasting sequelae for the mother (Kang et al., 2023). Maternal complications related to PE incorporate
placental abruption and acute kidney injury. In serious cases, PE causes life-threatening eclamptic
seizures and hemolysis, raised liver enzymes, and HELLP syndrome (Garrido-Giménez et al., 2023; Jhee
et al., 2019). Mothers also have the potential to suffer from fatal pathological manifestations including
hypertension, protein urine, liver rupture, acute pulmonary syndrome, pulmonary edema, cardiovascular
disease, metabolic disorders, renal failure, and neurological disorders, as well as delivery by surgery
(Sectio caesarean/SC) (Dimitriadis et al., 2023; He et al., 2021; Pham et al., 2023; Poon et al., 2019b;
Ratnik et al., 2022).

PE is also related to a number of perinatal and neonatal complications including mortality
(Dimitriadis et al., 2023). The complications involve intrauterine fetal death, intrauterine growth restriction,
premature birth, low birth weight, low APGAR (Appearance, Pulse, Grimace, Activity, Respiration) score,
respiratory distress syndrome, high hospitalization rate and stillbirth (Dimitriadis et al., 2023; Garrido-
Giménez et al., 2023; He et al., 2021; Henderson et al., 2017; Y. Li et al., 2021; Melinte-Popescu et al.,
2023; Ratnik et al., 2022; Sufriyana et al., 2020; Xue et al., 2023).

Various efforts are made to reduce maternal mortality due to PE. One of these efforts is to
conduct screening and early detection in pregnant women with <20 weeks of gestation. (Juwita et al.,
2022). PE screening is an important component of antenatal care worldwide (Thomas et al., 2023). PE
screening can be performed based on maternal characteristics and medical history, biophysical markers
(uterine artery doppler and MAP) and biomarkers. (Mari¢ et al., 2022). The Regulation of the Minister of
Health of the Republic of Indonesia No. 21 of 2021 concerning Health Services, pregnant women should
at least do integrated antenatal care 6 times with a standard antenatal service of 10 T. Through regular
ANC, early detection of abnormalities9090 suffered by pregnant women can be carried out and
management of abnormalities / diseases / disorders in pregnant women immediately or make referrals to
health care facilities in line with the existing system. This is one of the efforts to prevent an increase in
maternal and perinatal morbidity and mortality rates (Kementerian Kesehatan RI, 2021).

METHOD

This study used descriptive analytic research with a cross sectional approach. The research was
conducted at Muhammadiyah Lamongan Hospital. The data were collected using secondary data from
the labor register of Muhammadiyah Lamongan Hospital from January 2023 to February 2024. The

sample used was 192 delivering mothers consisting of 96 delivering mothers with a diagnosis of
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preeclampsia and 96 normal delivering mothers. The data were analyzed using multivariate analysis with

multiple logistic regression.

RESULTS
Table 1. Demographic Characteristics of Delivering Mothers at Muhammadiyah Lamongan Hospital in 2024
No. Variable Case Group (with PE) Control Group (without PE)
f % f %
1. Age
- <20years 1 1,04 0 0
- 20-35years "1 73.96 84 87.50
- >35years 24 25 12 12.50
2. Parity
- Primiparous 40 41.67 29 30.21
- Multiparous 50 52.03 60 62.50
- Grande multiparous 6 6.25 7 7.29

It can be perceived that the age of mothers in both the case and control groups was in the range
of 20 - 35 years (73.96% and 87.50%). As for maternal parity data, both case and control groups were
multiparous (50% and 62.50%). In general, there was no significant difference in demographic data

between the case and control groups.

Table 2. The impact of Preeclampsia on Mother and Perinatal in Muhammadiyah Lamongan Hospital in 2024

No. Variable with PE without PE Sig Exp B) 95% ClI
f % f %
1. End of pregnancy <0.001  5.500 2.377-12.727
- Mature 64 66.67 88  91.67
- Premature 32 3333 8 8.33
2. Types of delivery <0.001 85.706  19.870-369.670
- Spontaneous 2 208 62 6458
- SC 94 9792 34 3542
3. Birth weight <0.001  4.300 1.971-9.383

- >2500 gram 64 06667 86  89.58
- =<2500gram 32 3333 10 1042

4.  APGAR Score 0.020  2.000 1.116 -3.584
- 27 49 51.04 64 66.67
- <7 47 4896 32 3333
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Data on Table 2 showed that there were no significant frequency differences in the variables of
end of pregnancy, birth weight, APGAR Score and IUFD. In the type of delivery, almost all mothers with
preeclampsia ended their pregnancy with SC (97.92%). Meanwhile, based on the logistic regression
statistical test, it can be perceived that delivering mothers with preeclampsia had a significantly higher
chance of complications. Pregnant women with preeclampsia had a 5.5 times higher risk of preterm
delivery (OR 5,500, 95% CI: 2,377 - 12,727). Delivering mothers with preeclampsia were 85.7 times more
likely to undergo SC delivery (OR 85.706, 95% ClI: 19,870 - 369,670). Pregnant women with preeclampsia
had a 4 times greater risk of delivering a baby with a low birth weight or <2500 grams (OR 4.300, 95%
Cl: 1.971 - 9.383). Delivering mothers with preeclampsia had a 2 times higher risk of delivering an infant
with APGAR score less than 7 in the first 5 minutes (OR 2,000, 95% Cl: 1,116 -3,584).

DISCUSSION

Preeclampsia causes maternal and perinatal morbidity and mortality and still a main problem in
obstetrics and public health. In the current study, it was found that preeclampsia was greatly associated
with the adverse pregnancy outcomes, including premature birth (OR 5,500), SC delivery (OR 85,706),
LBW (OR 4,300) and APGAR score <7 in the first 5 minutes (OR 2,000). Additionally, these findings are
in accordance with the previous studies, in which poor pregnancy outcomes was higher in pregnant
women with preeclampsia. Sutan et al. (2022) revealed that pregnant women with preeclampsia in
Greater Kuala Lumpur Malaysia had a significantly greater chance of premature incidence (adjOR 6,214),
instrumental and cesarean delivery (adjOR 4,320), LBW (adjOR 7,873), 5-minute APGAR score <7
(adjOR 3,158) and the admission to NICU by adj OR 8,778 (Sutan et al., 2022). A retrospective cohort
study employing medical data in the United States revealed that pregnant women with preeclampsia had
a risk of cesarean delivery (OR 1.61 and 1.99), premature birth (OR 2.22 and 5.37), respiratory distress
syndrome (OR 2.39 and 4.19) and LBW (OR 3.64 and 9.61). Mothers and newborns to mothers with
preeclampsia or superimposed preeclampsia experienced more adverse outcomes when it was
compared to mothers without preeclampsia (Bromfield et al., 2023).

The results of another study also mentioned that, out of 204 neonates, about 16 (7.84%)
newborns weighed <2.5 kg, while 26 (12.7%) and 27 (13.2%) newborns with the first and fifth minute
Apgar scores <7 (Godana et al., 2023). Preeclampsia during pregnancy is related to placental dysfunction
in early pregnancy. This will lead to placental hypoxia and placental ischemia, which may eventually lead
to fetal growth disorders (Dimitriadis et al., 2023). The subsequent impact of placental insufficiency on

fetal development is complex and caused by many factors. However, The main impacts may be located
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in placental respiratory failure and fetal hypoxemia, in which both of them resulted in intrauterine growth
retardation and its impacts which includes prematurity (Wardinger & Ambati, 2024).

PE during pregnancy is also associated with SC delivery. In accordance with previous studies,
PE is associated with cesarean section and the likelihood of cesarean section in women with
preeclampsia is significantly higher compared to normal pregnant women (OR: 8.11, p<0.001). SC is
chosen by obstetricians for women with PE to save the lives of both mother and baby. Through SC the
pregnancy can be terminated immediately (Das et al., 2023). Preeclampsia in pregnant women is in
relation to adverse perinatal outcomes for mother and baby. Preeclampsia, superimposed preeclampsia,
and chronic hypertension are associated with a risk of stillbirth, premature birth, LBW, NICU admission,
and cesarean delivery. Preeclampsia in pregnant women is also a risk factor for postpartum
preeclampsia. The severe health risks of preeclampsia for both mother and perinatal emphasize the need

for prevention and management to prevent complications.

CONCLUSION

Preeclampsia is an important health problem that affects and leads to both maternal and perinatal
morbidity and mortality. Pregnant women who experience preeclampsia have a high risk of delivering
premature babies, delivering with SC, delivering babies with LBW and with APGAR score less than 7 in
the first 5 minutes. These results may be useful to provide information to health workers regarding efforts
to prevent the occurrence of preeclampsia, especially in mothers with high risk and immediate treatment
for mothers who have experienced preeclampsia to avoid complications both in mothers, fetuses and

newborns.
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