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Summary The Lancet Regional

Background A large proportion of pregnant women in lower and middle-income countries (LMIC) seek their first Health - Southeast
. . - . Asia 2024;25: 100362

antenatal care after 14 weeks of gestation. While the last menstrual period (LMP) is still the most prevalent ' .

method of determining gestational age (GA), ultrasound-based foetal biometry is considered more accurate in the E:E:E:;dzggzne »

second and third trimesters. In LMIC settings, the Hadlock formula, originally developed using data from a small https://doi.org/10.

Caucasian population, is widely used for estimating GA and foetal weight worldwide as the pre-programmed 1016/ jansea2024.

formula in ultrasound machines. This approach can lead to inaccuracies when estimating GA in a diverse 100362

population. Therefore, this study aimed to develop a population-specific model for estimating GA in the late

trimesters that was as accurate as the GA estimation in the first trimester, using data from GARBH-Ini, a

pregnancy cohort in a North Indian district hospital, and subsequently validate the model in an independent

cohort in South India.

Methods Data obtained by longitudinal ultrasonography across all trimesters of pregnancy was used to develop and
validate GA models for the second and third trimesters. The gold standard for GA estimation in the first trimester
was determined using ultrasonography. The Garbhini-GAz2, a polynomial regression model, was developed using the
genetic algorithm-based method, showcasing the best performance among the models considered. This model
incorporated three of the five routinely measured ultrasonographic parameters during the second and third
trimesters. To assess its performance, the Garbhini-GA2 model was compared against the Hadlock and
INTERGROWTH-21st models using both the TEST set (N = 1493) from the GARBH-Ini cohort and an
independent validation dataset (N = 948) from the Christian Medical College (CMC), Vellore cohort. Evaluation
metrics, including root-mean-squared error, bias, and preterm birth (PTB) rates, were utilised to comprehensively
assess the model’s accuracy and reliability.

Findings With first trimester GA dating as the baseline, Garbhini-GA2 reduced the GA estimation median error by
more than three times compared to the Hadlock formula. Further, the PTB rate estimated using Garbhini-GA2 was
more accurate when compared to the INTERGROWTH-21st and Hadlock formulae, which overestimated the rate by
22.47% and 58.91%, respectively.

*Corresponding author. Translational Health Science and Technology Institute, Faridabad, India.
**Corresponding author. Department of Biotechnology, Bhupat and Jyoti Mehta School of Biosciences, Indian Institute of Technology Madras,
Chennai, India.
E-mail addresses: ramachandran@thsti.res.in (R. Thiruvengadam), sinha@iitm.ac.in (H. Sinha).
IThese authors contributed equally and share joint first authorship.
kMembers listed at the end of the paper.
'Senior author.

www.thelancet.com Vol 25 June, 2024 1


Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
mailto:ramachandran@thsti.res.in
mailto:sinha@iitm.ac.in
http://crossmark.crossref.org/dialog/?doi=10.1016/j.lansea.2024.100362&domain=pdf
https://doi.org/10.1016/j.lansea.2024.100362
https://doi.org/10.1016/j.lansea.2024.100362
https://doi.org/10.1016/j.lansea.2024.100362
www.thelancet.com/digital-health

Articles

Interpretation The Garbhini-GA2 is the first late-trimester GA estimation model to be developed and validated using
Indian population data. Its higher accuracy in GA estimation, comparable to GA estimation in the first trimester and
PTB dlassification, underscores the significance of deploying population-specific GA formulae to enhance antenatal
care.
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Research in context

Evidence before this study

Accurate pregnancy dating is crucial for providing appropriate
antenatal care and determining the delivery date. However,
unlike GA estimation using crown-rump length in the first
trimester, dating based on foetal biometry in the second and
third trimesters is more susceptible to inaccuracies. This is a
significant public health concern in LMICs like India, where
about 30% of pregnant women seek initial antenatal care
only after 14 weeks of gestation. The dating formulae
currently used in LMICs have been developed using foetal
biometry data from a Caucasian population, and using these
formulae in ethnically diverse cohorts without appropriate
modifications might lead to errors.

Added value of this study

This study developed a dating model, Garbhini-GA2, for the
second and third trimesters of pregnancy based on several
candidate biometric predictors measured in a population from
North India. This model’s performance was evaluated
internally and validated in an external cohort. It outperformed

Introduction

Pregnancy dating or determining GA is crucial to ob-
stetric care. Accurate pregnancy dating is essential for
effective antenatal care, including investigations for
foetal morphological anomalies, gestational diabetes,
and preeclampsia. It becomes crucial during foetal
growth monitoring and maternal nutritional supple-
mentation. From an epidemiological perspective, it is
also vital for obtaining reliable population-level

the currently used dating models by reducing GA estimation
median errors by more than three times with GA estimates
comparable to the GA dating in the first trimester.
Additionally, the Garbhini-GA2 model estimated PTB rates
closer to the rate calculated in the first trimester, while the
published formulae overestimated these PTB rates.

Implications of all the available evidence

While introducing the externally validated Garbhini-GA2
model, this study has clearly demonstrated that the most
widely used Hadlock formula performed poorly in Indian
settings. Garbhini-GA2 model, which uses routinely measured
foetal biometry, can be swiftly adopted for clinical purposes
across the Indian subcontinent after a pan-India validation.
Applying the Garbhini-GA2 model will improve the clinical
care of obstetricians and neonatologists, enhance the
precision of epidemiological estimates for pregnancy
outcomes, and provide accurately phenotyped participants for
mechanistic research.

estimates of pregnancy outcomes like stillbirth, preterm
birth (PTB), and foetal growth restriction. Further, get-
ting accurate GA will ensure correct phenotyping or
classification of PTB to aid efficient clinical and bio-
logical research studies. Traditionally, Naegle’s rule of
counting days from the last menstrual period (LMP) has
been used to estimate delivery dates and GA. However,
this method depends on the regularity of menstrual
cycles and accurate recall of the LMP date, which can be
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affected by conditions like polycystic ovarian syn-
drome,' obesity,” contraceptive use, and preconception
breastfeeding practices.** Due to its limitations, the
use of LMP for dating is being replaced by ultrasound
parameters. The ultrasound measurement of crown-
rump length (CRL) in the first trimester is widely
accepted as the most accurate method for estimating
GA during pregnancy.” CRL measurement protocols
are well-established and used as a standard of care
worldwide.

However, according to the National Family Health
Survey in India (NFHS-5) 2019-21, about 30% of
pregnant women come for their first antenatal visit
after the first trimester.”” The dating methods for the
late trimesters rely on foetal biometry. Established
formulae like Hadlock'' and INTERGROWTH-21st'"
utilise foetal biometry to estimate GA. Specifically,
the Hadlock formula is commonly employed in India
and globally as the pre-programmed formula in ul-
trasound machines to estimate GA based on CRL and
foetal weight."*'* However, it is essential to note that
this formula was developed using a small sample of
pregnant Caucasian women from a North American
population. Therefore, it may not be suitable for the
South Asian population, where foetuses generally have
smaller sizes.”

Since these formulae rely on foetal size, variations in
foetal growth during the second and third trimesters can
significantly affect the accuracy of GA estimation. This
inaccuracy in the GA might affect the estimation of the
due date of delivery leading to premature or delayed
induction of labour and resultant complications.'*" It is
evident that to improve the accuracy of GA estimation
during pregnancy, it is crucial to identify biometric
features less affected by foetal growth restriction,
particularly in LMIC," where the incidence of perinatal
complications is high but resources are limited, or the
pregnant women seek antenatal care very late for
various reasons that include socio-economic and de-
mographic factors.””* Several attempts have been made
to develop population-specific GA estimation models in
LMICs.**? Many of these attempts utilised the data
from the Alliance for Maternal and Newborn Health
Improvement (AMANHI) cohorts, which covered study
sites in Bangladesh, Pakistan, and Tanzania.”’ These
efforts implemented machine learning approaches and
utilised data such as one-dimensional Doppler ultra-
sound, maternal blood pressure, birth weight, metabo-
lite screening data, ultrasound blind sweep cineloop
videos, etc. In this study, we aimed to develop dating
models for the second and third trimesters of pregnancy
using commonly measured biometric predictors that
accurately estimate GA in late trimesters using the data
from the GARBH-Ini (Interdisciplinary Group for
Advanced Research on BirtH Outcomes DBT India
Initiative) cohort, with the study site located in North
India. The developed models were validated using an
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unseen dataset from the same cohort and an indepen-
dent cohort from South India. Additionally, we evalu-
ated the impact of our newly developed model on
estimating the PTB rate and compared it to globally
published models.

Methods

Study design and data collection

Site and participants—GARBH-Ini cohort

The GARBH-Ini cohort is an ongoing prospective
hospital-based observational study of pregnant women
initiated in May 2015 at Gurugram Civil Hospital,
Gurugram, Haryana, India. This secondary care
public-funded hospital delivers both primary and
secondary-level antenatal care to pregnant women. In
the GARBH-Ini cohort, we enrolled women who
visited the antenatal clinic of the hospital and were
willing to be enrolled and followed up in the cohort.
The GARBH-Ini cohort is one of the largest studies
on adverse birth outcomes, specifically preterm birth,
in LMICs aiming to enrol 12,000 participants. For
each participant, extensive data was collected—
ultrasound maternal and foetal biometry and images,
maternal anthropometric, clinical, obstetric and so-
cioeconomic data and several biospecimens, including
maternal blood samples at each visit, amniotic fluid,
saliva, stool, high vaginal swab, placental tissue sam-
ple, and cord blood. The methods of the GARBH-Ini
study have been previously published.®* Briefly, the
study enrolled participants before 20 weeks of gesta-
tion and monitored them thrice during pregnancy (at
18-20 weeks, 26-28 weeks, and 30-32 weeks) until
delivery. A first trimester dating scan using CRL was
performed if a participant was enrolled within 14
weeks of pregnancy. The participants were followed at
least once each trimester until the end of their preg-
nancy. An ultrasound examination was performed
each visit to assess the foetal biometry and other
foetal and maternal characteristics. The ultrasound
scans were performed in a standardised manner by
qualified and certified radiologists using GE Voluson
E8 Expert (General Electric Healthcare, Chicago,
Mlinois).

Eligible women were provided with a participant
information sheet before participating in the study, and
their written informed consent was obtained after they
had read and understood the information. In the case of
an eligible woman who was illiterate, the purpose of the
study was explained to her, and her consent was
confirmed through her thumb impression, provided she
understood and explicitly expressed her consent
verbally. In such instances, a literate, impartial witness
signed the consent form on her behalf. The institutional
ethics committees of Gurugram Civil Hospital, Safdar-
jung Hospital, Translational Health Science and Tech-
nology Institute, Christian Medical College, Vellore, and
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Indian Institute of Technology Madras have approved
the study.

The data for this study was derived from 6498 par-
ticipants enrolled in the GARBH-Ini cohort. Amongst
the enrolled participants, we included those who had
their pregnancy dating conducted in the first trimester,
underwent at least one ultrasound examination in the
second or third trimester, and had documented preg-
nancy outcomes (N = 2649). The selection criteria and
participant flow are presented in Fig. 1. Each observa-
tion for participants in the second and third trimesters
was treated independently, resulting in a total sample
size of 4972. Out of these observations, 4768 were
chosen, corresponding to 2575 participants, based on
the availability of the frequently used ultrasound

sonography (USG) parameters for foetal measurements,
which included biparietal diameter (BPD), occipito-
frontal diameter (OFD), head circumference (HC),
abdominal circumference (AC), and femur length (FL).

Site and participants—CMC Vellore cohort

We conducted an independent retrospective hospital-
based cohort study at the CMC Vellore, Tamil Nadu,
India, from July 2022 to January 2023, to validate the
models built using the GARBH-Ini cohort data. We
determined the a priori sample size of 922 for the
external validation of dating models.”* The detailed
considerations for the sample size determination have
been discussed in the Supplementary Methods. A total
of 948 participants who had their pregnancy already

Number of participants of GARBH-Ini
cohort considered with valid enroliment id

(Np = 6498)
> Excluded (N = 3778)
» Have no CRL and/or visit dates
recorded in 1st trimester
\ * Have no visit date recorded
in 2nd and 3rd trimester
Number of participants with USG data in * Have no visit date during delivery
scans and delivery date (N, = 2720)
2 Excluded (N = 145)
« Multifetal pregnancies
* Abortions
\ « Still births
» Missing complete ultrasound data
Participants with live singleton births in
second trimester (N, = 2575)
Y
Second and third trimester visits
considered as separate data points
(Ng = 4768)
Y
Excluded (N,= 77)
« Outliers based
on DBSCAN .
N7 70 : 30 split '

TRAINING SET (No = 3261)

TEST SET (No = 1430)

Fig. 1: Outline of the data selection process for TRAINING and TEST set. Exclusion criteria for each step are indicated. N, indicates the
number of participants included or excluded by that criterion, and N, shows the number of unique observations derived from the participants in

a dataset.
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dated in the first trimester using CRL measurement and
visited the hospital for a follow-up scan in their second
and third trimesters were included in the study. The
ultrasound scans were performed on GE Voluson E10
(General Electric Healthcare, Chicago, Illinois) in a
standardised manner by qualified and certified radiolo-
gists. The enrolment was done such that the scans of
these participants were evenly distributed throughout
the gestational period of 20-39 weeks.

Dataset preparation for modelling and validation
We divided the 4768 observations (N,) in the GARBH-
Ini dataset (complete-case analysis) into two sets: a
training set containing 3338 observations (70% of the
dataset) and an unseen test set containing 1430 obser-
vations (30% of the dataset, Fig. 1, Supplementary
Methods). The participants in the training and test
datasets were mutually exclusive. The test set was uti-
lised for internal validation to evaluate the performance
of published formulae and the models developed in this
study. For the external validation of the models, we used
948 observations from the CMC Vellore cohort as the
external validation set.

Definition of gold standard GA

In our previous study,” we developed a first trimester
dating model known as the Garbhini-GA1l, which uti-
lised CRL measurement. In that study, we demonstrated
that Garbhini-GA1 performed on par with the Hadlock
and INTERGROWTH-21st first trimester dating
models. In the present study, we utilised the Garbhini-
GA1 model based on CRL measurements to estimate
the first trimester GA of our participants. When par-
ticipants returned for subsequent ultrasound scan visits
in the second or third trimesters, we calculated the
difference between the dates of their first and subse-
quent scans. We then added this time difference to the
estimated first trimester GA to determine the expected
GA at the second or third trimester visits. These calcu-
lated GA estimates were considered the “gold standard”
or ground truth for developing our formulae for the
second and third trimester models (Figure S1).

Feature selection

We conducted feature selection on 21 potential features
(listed in Table S1) using our training set, which
included the primary USG variables: BPD, OFD, HC,
AC, and FL. We used the Boruta method based on a
random forest classifier to perform the feature selection
process. The Boruta algorithm created an extended
dataset by first duplicating the dataset and shuffling the
values in each column to create ‘shadow features’ that
were combined with the original features. It then used a
random forest classification algorithm to compare the
significance of each feature by their Z-scores, retaining
the features with scores higher than the maximum
Z-score of its shadow features until all features were
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confirmed or rejected or the limit of random forest runs
were reached (Supplementary Methods).

Development of population-specific gestational
dating model

We employed multiple approaches to establish the
relationship between foetal biometric variables and GA.
These included Random Forest and Gradient Boosting
machine learning methods implemented in R and
multivariable polynomial regression developed using an
optimisation technique inspired by the process of nat-
ural selection and genetics called “Genetic Algorithm”
implemented in MATLAB (Supplementary Methods).
We decided to implement these methods because they
were the most appropriate for achieving our objectives,
which involved identifying the most essential
population-specific characteristics to determine GA
accurately. Furthermore, these methods are well-suited
for addressing the expected collinearity in the data, as
we were working with variables associated with foetal
growth, which were likely to be correlated and also
capture if any non-linear relationships existed between
these features. Random Forest and Gradient Boosting
models were developed after undergoing hyper-
parameter tuning, which involved finding the optimal
hyperparameter settings. This included parameters such
as the number of decision trees and the maximum
number of features considered for node splitting in the
case of Random Forest and parameters like the number
of boosting rounds, the maximum tree depth, and
others for Gradient Boosting. The developed models
were evaluated using the TEST and VALIDATION
datasets (Supplementary Methods; Figure S3).

In the genetic algorithm method, we generated
several candidate multivariate polynomial equations
using the combinations of the USG variables in the
training set, including their natural logarithms and
square root forms (Table S3). Due to the stochastic na-
ture of genetic algorithms, an optimal solution was not
guaranteed. Therefore, the algorithm was run ten times
independently to ensure reproducibility and consis-
tency. We selected those equations that resolved in more
than 5 out of 10 trials. These selected equations were
evaluated using the TEST and VALIDATION datasets.
The best-performing multivariate polynomial equation
was named the Garbhini-GA2 formula.

Comparison of dating models

We evaluated the performance of the Garbhini-GA2 formula
in predicting GA on both the test set (N, = 1430) and the vali-
dation set (N, = 948) by comparing it to the Hadlock formula,”
GA = 0.060(HP x FL) + 0.67(BPD) + 0.168(AP) + 10.85

and the INTERGROWTH-21st formula,® In(GA) =
0.03243(In( HP))? +0.001644(FL x In(HP)) + 3.813, where GA
was in weeks, HP, FL, AP, HP was in am.
HP was head perimeter and is the same as HC, and AP
was abdominal perimeter and is the same as AC. We
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assessed the error in weeks between the predicted and
gold standard GA, ensuring the normality of the error
distribution and the homogeneity of the variance as-
sumptions before performing statistical tests. To
compare the distributions, we used the Kruskal-Wallis
test followed by Dunn’s posthoc test to identify the
pairwise differences between formulae, which were
corrected for multiple testing comparisons using the
Bonferroni correction method. We also created parity
plots for each of the three formulae between predicted
and gold standard GA. Finally, we conducted a Bland-
Altman analysis to evaluate the bias between the
models and reported the pairwise mean difference and
limits of agreement. All statistical analyses were per-
formed using R packages (details in Supplementary
Methods).

Preterm birth (PTB) analysis

To determine the prevalence of PTB in the TEST set, we
computed the number of participants with a predicted
GA of less than 37 weeks per 100 participants after
adding the difference between the GA at birth (collected
in the GARBH-Ini cohort) and the gold standard GA for
three formulae-Hadlock, INTERGROWTH-21st, and
Garbhini-GA2. To estimate the confidence interval of
each prediction, we employed the Clopper-Pearson
method. We used the Jaccard similarity coefficient to
assess the agreement between the gold standard and the
three formulae for preterm labelling. To visualise the
classification of participants as preterm or not, we
generated a quadrant plot, plotting the predicted GA on
the x-axis against the gold standard GA on the y-axis.

Ethics approval and consent to participate

Ethics approvals were obtained from the Institutional
Ethics Committees of Translational Health Science and
Technology Institute; District Civil Hospital, Gurugram;
Safdarjung Hospital, New Delhi (ETHICS/GHG/2014/
1.43); Indian Institute of Technology Madras (IEC/2019-
03/HS/01/07); and Christian Medical College Vellore
(IRB Min. No. 14636 [INTERVEN]). Written informed
consent was obtained from all study participants enrolled
in the GARBH-Ini cohort. All the methods were per-
formed following the relevant guidelines and regulations.

Role of the funding source
The study sponsors did not play a part in the design, data
collection, analysis, interpretation, or manuscript drafting.

Results

Description of participants included in the study
GARBH-Ini cohort

The study recruited participants from the GARBH-Ini
cohort, whose data was utilised for both the training
and test sets. The median age of the participants was 23
years. The median weight and height in the TRAINING
set were 56.5 kg (interquartile range: 51.0-63.4) and

153.1 cm (interquartile range: 149.4-157), respectively.
Most participants (57.2%) had a normal BMI, with a
median of 20.4 (interquartile range: 18.2-23.1). More
than half of the participants (51.0%) were primigravida,
and most belonged to middle or lower socioeconomic
strata as per Modified Kuppuswamy scale.’’ The median
GA at recruitment was 19.4 weeks (interquartile range:
19.1-20.1). Additional baseline characteristics of the
participants are presented in Table 1.

CMC Vellore cohort

The data were collected from the CMC Vellore cohort for
the external validation set. The median age of the par-
ticipants in this cohort was 27 years, and the median GA
in the first trimester was 10 weeks and 3 days.

Feature selection

After analysing the importance of features using the
Boruta algorithm, we determined that 9 out of 22 fea-
tures in the GARBH-Ini cohort dataset significantly
predicted GA (Figure S2). These features include BPD,
OFD, FL, HC, AC, symphysiofundal height, BMI,
maternal weight, and abdominal girth. Notably, the top
5 features among these nine were USG-based metrics,
namely AC, FL, OFD, HC, and BPD, which displayed a
significant difference in importance compared to non-
USG metrics. These five features are routinely recor-
ded in clinics across India, making them ideal for
developing an Indian population-specific model that can
be readily applied in clinics throughout the country.
Further, these five features also stood out in the feature
selection analysis (Figure S2). Consequently, only these
USG-based metrics were used to develop this study’s
GA models. Given this finding, we primarily focused on
collecting the USG-based metrics in our CMC Vellore
cohort, which we used as the external dataset to validate
the developed models.

Garbhini-GA2 formula
Using the five USG-metric-based variables and their
transformed versions from the training set as inputs in
the Genetic Algorithm, we short-listed 18 multivariate
polynomial formulae in ten trials of the algorithm
(Table S4). The performance evaluation of these 18
formulae and the models developed using Random
Forest and Gradient Boosting methods indicated that
the Random Forest and Gradient Boosting models were
particularly overfitting and performed worse in the
validation set with RMSE values of 2.02 and 2.33, and R”
values of 0.87 and 0.84, respectively. This result was in
contrast to their performance in the training set, where
the RMSE values were 0.91 and 0.90, and R2 values
were 0.98 for both models (Figure S3 and S4 and
Table S5 and S6).

Upon ranking the formulae generated by the Genetic
Algorithm, based on the number of times the formula
was resolved and the achieved RMSE in the TRAINING
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set, we observed that the top two formulae contained the
AC variable (Table S4). However, AC is typically difficult
to measure accurately from ultrasound images due to
poor foetal abdomen, contrast against the surroundings,
non-uniform contrast, and irregular shape.’**
Additionally, AC is also most affected by foetal growth
restriction®; hence we selected the next best formula,
which did not include AC from the sorted list, In(GA) =
0.09255(In(HC)?) + 0.07661(In(BPD) x In(OFD)) + 2.05685
as the Garbhini-GA2 formula, where GA was in weeks,
HC, BPD, OFD were in cm. The Garbhini-GA2 was
resolved in all ten trials of the algorithm (Table S4), out-
performing both the Random Forest and Gradient
Boosting models in the VALIDATION set with an RMSE
of 1.41 and an R? of 0.92. Moreover, its performance in the
TEST set revealed an RMSE value of 1.17 and an R* of
0.97, affirming its consistency when compared to the
Random Forest and Gradient Boosting methods in both
the test and validation sets. Considering the fact that some
of the participants may have more than one measurement,
which might be correlated, we randomly selected one of
the observations of each participant and repeated genetic
algorithm model building. The model from this random
set was similar to the Garbhini-GA2 formula (Table S7).

Comparison of Garbhini-GA2 and published
formulae in the second and third trimesters

The Garbhini-GA2 was found to have the lowest median
error in predicting GA compared to the Hadlock and
INTERGROWTH-21st models in both the test and vali-
dation sets, as determined by the comparison of error
distributions (Table S8). This error distribution difference
was statistically significant (p-value <0.05; Fig. 2A and B).
The Bland-Altman analysis for bias between the formulae
and gold standard GA also showed that Garbhini-GA2
predictions had a minor mean difference of around
half a day (test set: =0.079 weeks; 95% CI: —2.359, 2.201;
validation set: —0.068 weeks; 95% CI: -2.837, 2.7). In
comparison, the INTERGROWTH-21st and Hadlock
formulae showed a mean difference of about 1.5-3 days
and 5-7 days in test and validation sets, respectively. This
indicated that Garbhini-GA2 had a high level of agree-
ment with the gold standard GA (Table 2). This agree-
ment can be observed in the parity plots (Figure S6 and
S7), where the majority of data points for Garbhini-
GA2 and INTERGROWTH-21st were located on or
close to the straight line, while Hadlock distribution
showed higher disagreement.

These findings suggested that the Garbhini-GA2 es-
timates of GA were comparable to GA estimated in the
first trimester and, thus, was a more accurate formula for
predicting GA, particularly during the later trimesters.

Impact of choice of dating formula on the
estimation of preterm rates

When the gold standard for GA was used, the PTB rate
in the test set was 10% (CI 8.49, 11.67). However, when
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Sociodemographic characteristics

Training set median (IQR)

or N (%) or Mean + SD

Test set median (IQR)
or N (%) or Mean = SD

Age (years)
GA at enrolment by
USG (weeks)

BMI at enrolment into
the cohort®

Underweight

Normal

Obese

Overweight
Haemoglobin (g/dL)
Weight (kgs)
Height (cm)
Socioeconomic status®

Undetermined
Parity (number)
0

o U A W N R

7
Level of education
llliterate
Literate or primary school
Middle school
High school
Post-high school diploma
Graduate
Post-graduate
Occupation
Unemployed
Unskilled worker
Semi-skilled worker
Skilled worker
Clerk, shop, farm owner
Semi-professional
Professional
Fuel used for cooking®
Biomass fuel
Clean fuel”
Source of drinking water
Safe water®
Unsafe water
Second-hand tobacco smoke
Exposed
Unexposed

Undetermined

23 (21,26)
20.9 + 4.2

27.8%

57.2%

12.0%

1.9%

9 (8.5-9.5)

56.5 (51.0-63.4)
153.1 (149.4-157)

0.4%
18.1%
37.9%
42.8%
0.2%
0.5%

51.0%
33.6%
12.1%
2.6%
0.7%
0.1%
0

0

18.2%
9.6%

16.0%
22.5%
17.1%
13.1%
2.9%

92.8%
3.2%
1.4%
1.9%
0.1%
0.3%
0.2%

93.0%
7.0%

56.6%
43.4%

19.4%
0.1%
80.5%

23 (21,26)
20.9 + 4.2

24.4%

61.0%

11.0%

23%

9 (8.4-9.5)

57.1 (51.5-63.4)
152.7 (149.2-156.5)

0.6%
19.3%
33.4%
45.6%
0.5%
0.5%

50.2%
32.4%
13.5%
3.2%
0.6%
0

0

0

17.8%
12.7%
13.9%
22.4%
17.5%
13.5%
1.8%

91.4%
4.8%
1.7%
1.2%
0.1%
0.1%
0.6%

92.5%
7.5%

58.8%
41.2%

18.5%
81.4%
0.1%

(Table 1 continues on next page)
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Sociodemographic characteristics

Training set median (IQR)
or N (%) or Mean = SD

Test set median (IQR)
or N (%) or Mean = SD

(Continued from previous page)

History of any chronic illnesses’
Absent
Present

History of hypertensive disease
of pregnancy

Absent
Present

History of contraceptives at
the time of conception

Absent

Present

“Pre-pregnancy BMI was calculated as weight (kg)/height 2 (m) from participants’ weight and height measured
at enrolment. BMI categories were defined as underweight (<18.5); normal (18.5-24.9); overweight (25.0-29.9);

98.3%
1.7%

98.9%
11%

95.9%
4.1%

97.5%
2.5%

99.1%
0.9%

95.1%
4.9%

obese (>30.0). "Socioeconomic status was assessed using Modified Kuppuswamy's socioeconomic scale,

calculated using the education and occupation of the head of the family and monthly family income. “Indoor air
pollution: use of biomass fuel for cooking or the presence of a smoker in the residential compound, as reported
by the participant. “Clean fuel includes liquefied petroleum gas and electricity. °Safe water includes bottled water
or piped water into the residence. ‘Chronic illnesses include a history of hypertension, diabetes, cardiac disease

and thyroid disorders.

Table 1: Baseline characteristics of the participants included in the training (N, = 1803, N, = 3338,

before outlier removal) and TEST (N, = 772, N,, = 1430) sets.

different models were used for pregnancy dating, the
estimated PTB rates on the test set varied between
11.89% and 21.82%. Among all the models, Garbhini-
GA2 (11.89%; CI 10.26, 13.68) yielded PTB rates
closest to those estimated by the gold standard based on
first trimester CRL. Notably, INTERGROWTH-21st
(14.90%; CI 13.09, 16.85) and Hadlock (21.82%; CI
19.70, 24.05) formulae overestimated PTB rates
(Fig. 3A). We found the Garbhini-GA2 as the most ac-
curate, with 95.03% accuracy in identifying the preterm
and term births correctly, followed Dby the
INTERGROWTH-21st (93.42%) and Hadlock (87.2%,
Fig. 3B-D).

We used the Jaccard similarity coefficient to
compare the accuracy of three formulae in estimating
GA at birth and identifying preterm births. This co-
efficient measured the overlap between the preterm
outcomes based on each formula’s GA estimates at
birth and the gold standard dating method, where
higher values indicated greater agreement. Our anal-
ysis revealed that the Garbhini-GA2 model had the
highest Jaccard similarity coefficient (63.02%), while
the Hadlock formula had the lowest (42.63%). This
indicated that the Garbhini-GA2 method had the least
misclassified preterm births among the published
formulae we tested. The summary of these findings is
presented in Table S8.

Discussion
In this study, we successfully developed the Garbhini-
GA2 model to estimate GA during the second and

third trimesters of pregnancy. Our Garbhini-GA2 es-
timations were closest to the gold-standard GA,
determined using our Garbhini-GA1 model based on
CRL measurements. In a prior study, we introduced
the Garbhini-GA1 formula,” specifically designed for
the Indian population, showing comparable perfor-
mance to Hadlock and INTERGROWTH-21st
formulae but notably higher sensitivity in estimating
preterm birth rates. We utilised Garbhini-GAl to
establish the gold standard GA for later trimesters in
this study, facilitating a comprehensive performance
comparison among Garbhini-GA2, Hadlock, and
INTERGROWTH-21st.

From an epidemiological perspective, combining our
previously published Garbhini-GA1” model with the
newly introduced Garbhini-GA2 dating formula en-
hances the precision of pregnancy outcome estimates,
including preterm birth, small for gestational age (SGA),
and stillbirth in the Indian population, where accurate
GA is crucial. Precise GA estimation is also vital for
managing extreme® and moderate” preterm births in
obstetric and neonatal care, as postnatal care frame-
works rely on it. Beyond the medical field, Indian
population-specific dating models will support biologists
in refining the clinical phenotyping of birth outcomes
for biomarker and mechanistic studies.

We demonstrated that the Garbhini-GA2 per-
formed with a lower median error in GA estimation
than the widely accepted Hadlock formula. The
improved performance of the Garbhini-GA2 model, as
compared with Hadlock, indicated the variation in
foetal biometry between the Caucasian and Indian
populations. Additionally, the PTB rate estimated by
Garbhini-GA2 was closely compared to that calculated
from the gold standard first-trimester dating model,
with only an 18.90% overestimation. In contrast, PTB
rate estimates using INTERGROWTH-21st and Hadlock
formulae were 22.47% and 58.91% higher, respectively.
Notably, the overestimation of the PTB rate by the
INTERGROWTH-21st and Hadlock formulae, compared
to the Garbhini-GA2 model, demonstrated closer to true
epidemiological estimates of PTB rates by the latter,
specific for the region.

The Garbhini-GA2 model presented here was chosen
by thoroughly evaluating the performance of all poly-
nomial regression equations we generated, considering
potential challenges associated with the features
included in the equation. As was the case with AC,
identifying the right plane for the measurement of FL
was perceived to be a challenge by the clinicians.
Therefore, incorporating AC and FL into the formula
might introduce a variable measurement, potentially
resulting in dating errors.

Furthermore, given that the Garbhini-GA2 model
was developed using data from one cohort and subse-
quently validated on an external, independent cohort
that closely mirrors real-world clinical conditions, it
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Fig. 2: Performance of Garbhini-GA2 model for GA estimation in (A) test and (B) validation sets. Distribution plots represent the error (in
weeks) in the estimation of GA compared to the gold standard GA. The y-axis is the error (the difference between model-predicted and gold
standard GA), and the x-axis is the density for each model in the (A) TEST set (N, = 1430) and (B) VALIDATION set (N, = 948). Due to the ordinal
distribution observed in our data, we utilised the nonparametric Kruskal-Wallis (KW) test to compare the error distribution among the different
formulae. The p-value obtained from the KW test (yZ,ui-waiis) is Presented in the top left corer of the plots. The partial epsilon-squared value
(82 4ina). 3long with its 95% confidence intervals (Clgsy,), is provided alongside the KW p-value to indicate the effect size (ES) of the KW test.
Additionally, the total sum of all observations (n.ps) is displayed next to the ES value. The corrected p-values resulting from the Dunn test

(PBonferroni-ad;,) for significant KW are shown on top of the error distributions, enabling pairwise comparisons between the formulae.

offered significant advantages. This approach enhanced
the generalisability and robustness of the model by
ensuring its performance was not confined to a specific
dataset but could be extrapolated to different pop-
ulations. An additional advantage of Garbhini-GA2 is its
simplicity as a polynomial regression equation, making
it straightforward to understand and integrate into
existing clinical workflows for accurate GA prediction. It
offers transparency in its structure, enhancing inter-
pretability for clinicians and healthcare professionals,
which not only aids in the seamless adoption of the

model but also facilitates training and education for
healthcare staff.

While our proposed Garbhini-GA2 model offers
notable advantages, we also acknowledge a limitation
in our study. The diversity of the population used for
the development and validation of Garbhini-GA2
may only capture a subset of the overall demographic
and ethnic landscape in India. Further, the CMC
Vellore retrospective hospital-based cohort was not as
well characterised as the GARBH-Ini cohort, which
hampers a comprehensive understanding of the

Gold standard Hadlock

INTERGROWTH-21st Garbhini-GA2

Gold standard

-1.089 (-3.302, 1.125)

Hadlock 0.824 (-1.504, 3.152)
INTERGROWTH-21st -0.226 (-2.602, 2.151) -1.049 (-2.002, -0.096)
Garbhini-GA2 -0.068 (-2.837, 2.7) -0.892 (-2.214, 0.43)

The values in the table represent the pairwise mean difference (in weeks) between the formulae and the gold standard GA in the VALIDATION and TEST sets derived from
the CMC Vellore and GARBH-Ini cohorts, respectively. The top diagonal values correspond to the TEST set, and the bottom values correspond to the VALIDATION set.

-0.447 (-2.554, 1.66)
0.642 (-0.315, 1.599)

-0.079 (-2.359, 2.201)

1.01 (-0.203, 2.222)
0.368 (-0.892, 1.628)
0.157 (-1.765, 2.079)

Table 2: Bland Altman analysis and PTB agreement on TEST set.
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Fig. 3: Performance of Garbhini-GA2 model in terms of PTB rate in TEST set derived from the GARBH-Ini cohort. (A) PTB rates by various
models: PTB rates are labelled by each model with 95% confidence intervals on the TEST set (N, = 1430). (B-D) Comparison of individual-level
classification of preterm birth by a model and gold standard GA. Green (term birth for both), red (preterm birth for both), blue (term birth for
gold standard but preterm birth for model) and purple (term for model but preterm for gold standard).

performance of our model in an external setting. To
overcome these limitations, we are committed to an
extensive validation process. Our validation strategy
will involve enrolling pregnant women from various
demographic and ethnic backgrounds, including but
not limited to different geographical regions, socio-
economic status, and cultural groups. This multifac-
eted approach will enhance the generalisability of the
Garbhini-GA2 model.

We have developed the Garbhini-GA2 model in this
study, which offers an accurate and easily applicable way
to estimate GA during the second and third trimesters
of pregnancy. This model aims to overcome the chal-
lenges faced in LMICs like India, where pregnant
women often miss the opportunity for accurate GA
dating as they seek antenatal care after the first
trimester. With further comprehensive validation, the
Garbhini-GA2 model has the potential to be rapidly
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adopted for clinical use across Southeast Asian regions.
Its application will benefit clinicians, epidemiologists,
and biologists in improving pregnancy outcome esti-
mates and clinical phenotyping of birth outcomes.
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