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Abstract: Background: Data on time-to-first birth typically involves censoring, as not all individuals in the survey 
experience their first birth by the survey date. Traditional analyses often rely on the semi-parametric Cox proportional 
hazards model; however, violations of the proportional hazards (PH) assumption necessitate more flexible modelling 
approaches.  

Objectives: This study aimed to compare the performance of multiple parametric survival models against the Cox model 
in estimating time-to-first birth among currently married women in Bangladesh and to identify key predictors of 
time-to-first birth.  

Methods: Data were drawn from the 2022 Bangladesh Demographic and Health Survey (BDHS), encompassing 17,146 
currently married women aged 15–49 years. Survival analyses were conducted using the Kaplan–Meier estimator, 
log-rank tests, Cox regression, and five parametric models: Exponential, Weibull, Log-normal, Gompertz, and 
Generalised Gamma. Model fit was assessed using AIC and BIC, and log-likelihood statistics.  

Results: The mean time-to-first birth after marriage was 40.12 ± 0.50 months, with a median of 26 months, indicating a 
right-skewed distribution caused by some women experiencing notably delayed first births. The Cox model failed PH 
assumption tests, highlighting its inadequacy. Among parametric models, the Generalized Gamma model provided the 
best fit, effectively capturing complex hazard structures. Key predictors of the time-to-first birth included age at first 
marriage, women's and husbands' education, contraceptive use, administrative division, living arrangement with spouse, 
and media exposure. 

Conclusion: This study underscores the importance of using flexible parametric models—such as the Generalised 
Gamma model—when dealing with time-to-event data where the proportional hazards assumption is violated. This 
approach provides more reliable effect estimates and improves the interpretability of covariate influences on fertility 
timing. Findings underscore the importance of the identified predictors in designing reproductive health policies and 
interventions aimed at delaying early childbearing. 
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INTRODUCTION 

Time to first birth after marriage, often referred to as 
the first birth interval (FBI), is defined as the duration 
between marriage and the birth of the first child. It is a 
critical demographic and public health indicator that 
has profound implications for reproductive health and 
maternal and child outcomes. It shapes not only 
individual life trajectories but also influences national 
fertility trends and population growth patterns [1-3]. The 
first birth interval is influenced by various 
socio-demographic and cultural factors [4-6]. 
Understanding these factors is essential for developing 
effective fertility-related policies and interventions.  

Time-to-first-birth data, a specific type of 
time-to-event (TTE) data, is unique because it 
considers not only whether an event (such as a first 
birth) has occurred, but also when it occurred. 
Time-to-event data from any cross-sectional survey 
typically involves censoring, as not all individuals in the 
survey experience the event of interest (in this case, 
the first birth) by the survey date. Researchers face the 
challenge of analysing event history data as it involves 
censoring. Analysis that excludes censored 
observations and includes only complete  cases—that  
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is, women who have given birth within the study 
duration—can lead to misleading results in terms of the 
average duration of the FBI and its predictors. This is 
because censored cases are more likely to include 
women who take a longer time to give birth, and 
removing them from the analysis tends to 
underestimate the true average time to first birth in the 
population. Traditional regression models (logistic or 
linear) fail to accommodate such censoring, 
necessitating the use of survival analysis techniques 
[7]. Survival analysis techniques are specifically 
designed to handle censoring, making them 
appropriate for studying time-to-event data [7]. 

The Cox proportional hazards (PH) model is a 
widely used survival model applied in demographic 
research due to its semi-parametric nature and 
flexibility in handling censored data [8]. However, the 
validity of the Cox model relies on the PH assumption 
(the hazard of variables is independent of time), which, 
when violated, can lead to biased estimates [16]. 
Parametric survival models—such as the Exponential 
or Weibull or Log-normal—offer an alternative, allowing 
for explicit specification of the baseline hazard function 
and potentially greater efficiency in estimation [9]. 
Comparative studies have demonstrated that 
parametric models outperform the Cox model when the 
PH assumption fails, especially in fertility-related 
research [10, 11]. Parametric models offer precise 
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coefficient estimates and directly evaluate the influence 
of explanatory variables on survival time, simplifying 
interpretation through the time ratio (TR). Additionally, 
fitted parametric models can be used for predictive 
purposes.  

While earlier studies have explored the 
determinants of the first birth interval using the Cox 
model or a limited set of parametric approaches, they 
often overlook a crucial methodological issue: the 
violation of the proportional hazards (PH) assumption 
inherent to the Cox model. This assumption, if unmet, 
can lead to biased hazard ratio estimates and 
unreliable inferences. Given that violations of the PH 
assumption are common in socio-demographic 
datasets [12, 13], there is a need for research that 
moves “beyond the Cox model” to identify both robust 
predictors and optimal statistical methods. To address 
this, we employed a parametric survival modelling 
approach. We systematically compare a 
comprehensive set of parametric survival models. By 
moving beyond the limitations of the Cox model, our 
study introduces a more robust methodological 
framework for modelling the time to first birth. 

This study extends the scope of modelling 
time-to-first birth by incorporating two additional 
parametric survival models—Generalized Gamma and 
Gompertz—alongside the more commonly used 
Exponential, Weibull, and Log-normal models, 
considering marriage to the first birth interval as the 
outcome variable. The Generalized Gamma 
distribution is employed in this study due to its 
remarkable flexibility in modelling various hazard rate 
forms, including increasing, decreasing, 
bathtub-shaped, and unimodal patterns—features that 
are particularly relevant for fertility timing, where risk 
profiles can shift over time due to biological, 
behavioural, or societal influences [14]. The Gompertz 
model is included because its assumption of an 
exponentially increasing hazard rate aligns with the 
age-related nature of first birth timing, offering a distinct 
advantage over models that do not explicitly account 
for this feature [11]. 

This study aims to investigate the 
socio-demographic and economic determinants of time 
to first birth among currently married women in 
Bangladesh using data from the 2022 Bangladesh 
Demographic and Health Survey (BDHS). In 
Bangladesh, where early marriage remains prevalent 
and socio-economic disparities influence reproductive 
behaviour, understanding the determinants of the first 
birth interval is essential for designing effective policies 
aimed at improving health outcomes and managing 
population growth. By employing a comparative 
parametric survival analysis beyond the traditional Cox 
model, this research not only ensures methodological 

robustness but also advances statistical modelling 
practices in fertility research, offering a more precise 
identification of predictors of time to first birth. 

METHODS AND MATERIALS 

Study Design and Data Sources 

Data for this study were obtained from the 2022 
Bangladesh Demographic and Health Survey (BDHS). 
The survey was conducted by the National Institute of 
Population Research and Training (NIPORT) under the 
Ministry of Health and Family Welfare (MoHFW) with 
the financial and technical support provided by the 
Government of Bangladesh and the United States 
Agency for International Development (USAID). Field 
data collection took place between 27 June and 12 
December 2022. The details of the survey are available 
in the final report of the 2022 BDHS [15]. The dataset is 
publicly available through the Demographic and Health 
Surveys (DHS) Program website: 
(https://dhsprogram.com/data/dataset/Bangladesh_Sta
ndard-DHS_2022.cfm?flag=1). 

The 2022 BDHS survey followed a two-stage 
stratified sampling design. In the first stage, 675 EAs 
(237 in urban areas and 438 in rural areas) were 
selected with probability proportional to EA size. 
EAs are the smallest statistical sample units containing 
50 to 160 households, used in the national population 
and housing census in Bangladesh. The list of EAs is 
prepared and updated by the Bangladesh Bureau of 
Statistics (BBS) prior to each census. In the second 
stage, a systematic sample of 30 households on 
average was chosen per EA to produce statistically 
reliable estimates of key demographic and health 
indicators for the country as a whole, as well as for 
urban and rural areas separately and for each of the 
eight divisions: Barishal, Chattogram, Dhaka, Khulna, 
Mymensingh, Rajshahi, Rangpur, and Sylhet [15].  

The 2022 BDHS dataset contained information on 
30,078 ever-married Bangladeshi women aged 15–49 
years. For this study, we limited our sample to women 
who were currently married, as data on some key 
variables—especially those related to the 
husband—were missing for widowed, divorced, and 
separated women. This study also focuses exclusively 
on the first birth history of each respondent. Births that 
occurred during biologically implausible durations, such 
as less than nine months after marriage or before 
marriage, were excluded. After applying all these 
exclusion criteria, the final analytic sample consisted of 
17,146 currently married women. Among them, 15,250 
women had experienced their first birth (status  =  1), 
while the remaining 1,896 were right-censored 
(status  =  0), indicating no first birth had occurred by the 
survey date. 
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Outcome Variable 

The outcome variable in this study is the time, in 
months, between marriage and the first birth among 
currently married women. Women were either at risk of 
giving birth after marriage or had already given birth by 
the survey date. For those who had given birth, the 
survival time was calculated as the period from 
marriage to the first birth. For those who had not yet 
given birth, the time was measured from marriage to 
the survey date, which was labelled as right-censored. 
Biologically implausible durations, such as negative 
durations or those less than 9 months, were excluded, 
in accordance with clinical standards for full-term 
pregnancies [16]. 

Explanatory Variables 

Depending on the availability of variables in the 
2022 BDHS data set, this study considered a total of 13 
explanatory variables to examine their association with 
the outcome variable, time to first birth. These include 
place of residence, age at first cohabitation or marriage, 
educational attainment, sex of household head, wealth 
index, administrative division, religion, ever used 
anything to avoid or delay pregnancy, husband's 
education, frequency of watching television, 
respondent's occupation, husband's occupation, and 
currently residing with husband.  

Survival Analysis 

The two key quantitative measures in survival 
analysis are the survivor function S(t) and the hazard 
function h(t). In the context of the present study, the 
survival function gives the probability that a woman 
“survives” longer than some specified time t without a 
birth after marriage, while the hazard function gives the 
instantaneous potential per unit time to have a first 
childbirth after time t, given that the woman had not had 
a first childbirth up to time t. Mathematically, the 
survival function S(t) and hazard function h(t) are 
defined as follows.  

Let the random variable T denote the survival time, 
and let !(!)  denote its probability density function 
(pdf). Then the probability of failure before a specific 
time t is given by the cumulative probability distribution 

! ! = ! ! < ! = ! ! !"!
! .  

Then ! ! = ! ! > ! = 1 − !(!) and ℎ ! = !(!)
!(!)

. 

Unlike the survivor function (S(t)), which indicates 
the probability of not failing before time t, the hazard 
function (h(t)) shows the failure rate at time t among 
those still alive at that moment.  

There are three types of models for analysing the 
survival time. These are: the nonparametric models 
such as the Kaplan-Meier (K-M) model [17], the 
semi-parametric Cox Proportional Hazard model [8], 
and the parametric models. In the K-M method, we 
assume that we have a sample of n independent 
observations denoted by (ti, ci) (i=1, 2, …., n) of the 
underlying survival time T and the censoring indicator 
C. Among the n observations, let there be m ≤ n 
recorded times of the first birth. Let !(!) ≤ ! ! ≤ ⋯   ≤
  ! !  are the rank-ordered survival times of the first 
birth. Let in be the number of women exposed to have 

a first birth at )(it  and id be the observed number of 

women with first birth at )(it , then the K-M estimator of 
the survivorship function at time t is obtained from the 
equation 

!(!) = !!!!!
!!!(!)!! ………………..     (1) 

with 1)(ˆ =tS  if t<t(1). 

In this study, we employed the K-M method to 
obtain the summary measures (mean and median) of 
the time to first birth. After obtaining summary statistics 
of survival time, a comparison of the time to first birth 
among subgroups of women, defined by the categories 
of a covariate, was conducted using the log-rank (LR) 
test.  

The widely used semi-parametric model, the Cox 
proportional hazards (PH) model, was then fitted to 
examine the association between time to first birth and 
selected explanatory variables reflecting 
sociodemographic factors. The model expresses the 
hazard for an individual as the product of a baseline 
hazard function and an exponential function of 
covariates. Formally, the hazard at time t for the i th 
individual is given by 

ℎ!(!)   = ℎ!!(!)  !"#(!₁!₁ᵢ   +   !₂!₂ᵢ  +  . . . +  !!!"ᵢ)  ,  
i=0, 1, ……..n 

where ℎ! !   is the baseline hazard, !!" represent the 
covariates and β are the corresponding regression 
coefficients [18]. The model does not require any 
specific form for the baseline hazard, making it flexible 
and suitable for a wide range of survival data. 
Interpretation is often based on hazard ratios (HRs), 
which are estimated as HRj = exp(!!), indicating the 
relative change in hazard for a one-unit change in the 
covariate !! , assuming all other variables are held 
constant. The Cox PH model relies on a strong 
assumption that the HRs between any two individuals 
or groups stay constant over time, which may not be 
true for all situations. Violations of the proportional 
hazards (PH) assumption can lead to biased estimates 
and inaccurate p-values, affecting conclusions about 
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statistical significance. We, therefore, also conducted 
Schoenfeld residual tests to verify the presence of 
these violations.  

Following this, a set of parametric survival models 
was fitted using different baseline distributions, 
including Exponential, Weibull, Log-normal, Gompertz, 
and Generalized gamma. A parametric survival model 
assumes that survival time follows a specific probability 
distribution.  

Exponential Distribution 

Among parametric survival models, the exponential 
distribution is considered the simplest, and it is defined 
by a single parameter, λ. It assumes a constant hazard 
rate over time, indicating that the probability of an 
individual experiencing the event in a small interval Δt, 
given survival until time t, remains the same at all time 
points. The probability density function (PDF) is given 
by: 

!(!)   = !"!!" ; t ≥ 0 and λ > 0, 

and the cumulative distribution function (CDF) is given 
by !(!)   =   1 − !!!"  ; t ≥ 0. 

The corresponding survival function S(t) is: 

!(!)   = !!!! 

Then by definition, ℎ(!) =    !(!)
!(!)

 , the hazard function 
for the exponential distribution simplifies to: h(t) = λ; t ≥ 
0.  

Weibull Distribution 

The Weibull distribution is a flexible parametric 
model that generalizes the exponential distribution. It 
can be used to model survival data when the hazard is 
monotone—either increasing or decreasing [18]. The 
two-parameter Weibull distribution includes a shape 
parameter γ and a scale parameter λ. The probability 
density function (PDF) is given by: 

!(!)   =   !"(!")!!!!!(!")! ; t ≥ 0, γ, λ > 0 

when γ = 1, the Weibull distribution simplifies to an 
exponential distribution. 

The cumulative distribution function F(t) is given 
as: !(!)   =   1 −   !!(!")! 

The survival function S(t) is given by: !(!)   =
  !!(!")! 

The hazard function is: ℎ(!)   =   !"(!)!!! 

Log-Normal Distribution 

The log-normal distribution is defined as the 
distribution of a variable whose logarithm follows a 

normal distribution [9]. It is particularly useful for 
describing nonmonotonic hazard functions, but is 
recommended only when the survival data contain few 
censored observations [19]. The two-parameter 
log-normal distribution includes a location parameter µ 
and a scale parameter σ. The probability density 
function (PDF) is given by: 

!(!)   =   
1

!" 2!
!"# −

1
2!!

!"#$   −   µμ)!    ;     ! > 0  , !   > 0 

The survival function S(t) is: 

!(!)   =   
1

! 2!
1
!
!"# −

1
2!!

(!"#  !   −   µμ)! !"
!

!
 

!(!)   =   1   −   !(!"#  
!"
!
) 

where G(y) is the cumulative distribution function of a 
standard normal variable. 

The hazard function is: 

ℎ(!)   =   
(1/!" 2!)!"#[−(!"#  !")!/2!!]

1 − !(!"#  !"/!)
 

Generalized Gamma Distribution 

The generalized gamma distribution (GG) was 
introduced by Stacy [20] and includes several 
well-known distributions as special cases, such as the 
exponential, Weibull, and gamma distributions. It is 
suitable for modelling data with different forms of 
hazard rate functions: increasing, decreasing, 
bathtub-shaped, and unimodal. The cumulative 
distribution function (CDF) is given by: 

!(!)   =   ! !/!, (!")! /Γ(α/p); t , λ , p ,α > 0 

The probability density function (PDF) is given by: 

!(!)   =   !" !" !!!!! !" !/Γ(!/! 

The hazard function is: 

ℎ(!)   =   
  !" !" !!!!! !" !

! !/!, (!")!
 

where γ(s,x) = !!!!!!!!"!
!  is the incomplete 

gamma function.  

The generalized gamma distribution simplifies to the 
gamma distribution when p = 1. If both p = α = 1, it 
reduces to the exponential distribution. When α = p, it 
simplifies to the Weibull distribution. 

Gompertz Distribution 

The Gompertz distribution, introduced in 1825 [21], 
is a parametric model for survival and mortality law. 
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Gompertz developed his distribution based on 
empirical mortality data and provided a theoretical 
foundation for its use in survival analysis. The 
distribution is defined by a shape parameter b > 0 and 
a scale parameter θ > 0. The probability density 
function (pdf) of the Gompertz distribution is given by 

!(!)   =   !  !"#  (  !  /  !)  !"#  (  !  !  (  1 −   !"#  (!  /!  )))  , 
0 < t < ∞ 

The cumulative distribution function is  

!(!)   =   1   −   !"#  (  !  !  (  1   −   !"#  (!  /  !  ))) 

The survival function is given as 

!(!)   =   !"#  (  !  !  (1   −   !"#  (  !  /  !  ))) 

The hazard function is 

ℎ(!)   =   !  !"#  (  !  /  !  ) 

Table 1 presents a comparative analysis of the 
characteristics of the five parametric models. To 
compare the performance of these parametric models 
and determine which model provides the best fit to the 
data, we use the Akaike Information Criterion (AIC) and 
the Bayesian Information Criterion (BIC). All the 
analysis were done using RStudio (version 4.3.2) with 
the survival and flexsurv packages. 

RESULTS 

Characteristics of the Sample Respondents 

Among 17,146 currently married women, 64.6% 
were from rural areas and 35.4% from urban settings. 
Over half (56.8%) of the women married between the 
ages of 15 and 19, with around 27.3% marrying at 14 
or younger (Table 2). In education, 11.9% had no 
formal schooling, 27.3% completed primary education, 
47.4% attained secondary education, and 16.0% had 
higher education. About 12.0% of households were 

female-headed. The sample included women from all 
eight divisions of Bangladesh, predominantly Muslim 
(89.6%) and contraceptive users (84.3%). Husbands’ 
education was mostly at the secondary level (32.7%). 
Nearly half (49.6%) of women watched TV weekly, and 
65.2% were housewives. Regarding husbands' 
occupations, 62.4% were employed in skilled or 
unskilled jobs. Most women (84.4%) lived with their 
husbands, while 7.5% had husbands living elsewhere 
in Bangladesh and 8.1% had husbands abroad. 

Time to First Birth and Its Covariates 

Out of 17,146 currently married women, 15,250 
(88.94%) had their first childbirth by the survey date, 
while 1,896 (11.06%) had not and were censored in the 
survival analysis. The Kaplan-Meier estimates of the 
time-to-first birth after marriage indicate a mean waiting 
time of 40.12 ± 0.50 months and a median waiting time 
of 26 months (Table 2). This suggests a right-skewed 
distribution, indicating that some women experienced 
significantly delayed first births. The log-rank test 
revealed that the majority of the covariates examined in 
this study were significantly associated with time to first 
birth. These included age at first marriage, educational 
attainment, wealth index, division, religion, 
contraceptive use, husband’s education, respondent 
occupation, husband’s occupation, and whether the 
respondent was currently residing with her husband or 
partner.  

Urban women had a longer mean time to first birth 
(40.80 ± 0.89 months) compared to rural women (39.48 
± 0.59 months) (p = 0), though both groups had a 
median of 26–27 months. Women who were married at 
age 14 or younger had a median time of 30 months, 
with similar trends observed across education levels. 

Age at first marriage showed a strong association 
with time to first birth. Those who were married at age 
≤14 had the longest mean time to first birth (43.68 ± 
0.85 months, median 30), while those aged 15–19 had 

Table 1: A Comparative Analysis of the Key Characteristics of the Five Models 

Model Number of 
Parameters Shape of Hazard Function Special Cases 

Exponential 1 (rate λ) Constant hazard over time Special case of Weibull when γ = 1 

Weibull 2 (shape γ, scale λ) Monotonic: increasing if γ > 1, decreasing if γ < 
1  

Reduces to the Exponential distribution when 
γ=1  

Log-normal 2 (location µ,  
scale σ) 

Non-monotonic (unimodal); hazard increases  
to a peak and then decreases 

 

Gompertz 2 (shape b, scale 
θ) 

Exponentially increasing (or decreasing)  
over time 

Related to Makeham model 

Generalized 
Gamma 

3 (α, p, λ) Very flexible, increasing, decreasing, 
bathtub-shaped or unimodal 

• Gamma distribution when p = 1 
• Exponential distribution when p = α =1 
• Weibull distribution when α = p 
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Table 2: Demographic Characteristics of Women and their Kaplan-Meier Estimates for Time to First Birth (Months). 

Covariate Frequency (%)  
Time to First Birth 

Log Rank Test p-Value 
Mean ± SE Median  

Total  17146 (100.0) 40.12±0.50 26 
 

Place of Residence    0.051 

Urban 6078 (35.4) 40.80±0.89  27 
 

Rural 11068 (64.6) 39.48±0.59 26 
 

Age at first marriage    <.001 

≤ 14 4683 (27.3) 43.68±0.85 30 
 

15-19 9732 (56.8) 36.79±0.57 25 
 

≥ 20 2731 (15.9) 42.12±1.40 25 
 

Educational Attainment    <.001 

No Education 2038 (11.9) 47.22±1.56 29 
 

Incomplete Primary 2010 (11.7) 38.46±1.07 26 
 

Complete Primary 2214 (12.9) 37.21±0.92 25 
 

Incomplete Secondary 6124 (35.7) 37.33±0.77 25 
 

Complete Secondary 2011 (11.7) 35.06±0.95 26 
 

Higher 2749 (16.0) 40.39±0.94 30 
 

Sex of Household Head    0.644 

Male 15032 (87.7) 40.49±0.55 26 
 

Female 2114 (12.3) 36.72±0.87 26 
 

Wealth Index    0.001 

Poorest 2903 (16.9) 38.97±1.09 26 
 

Poorer 3312 (19.3) 39.80±1.06 26 
 

Middle 3404 (19.9) 39.93±1.09 26 
 

Richer 3608 (21.0) 37.50±0.92 26 
 

Richest 3919 (22.9) 41.24±1.01 28 
 

Division    <.001 

Barishal 1850 (10.8) 42.05±1.31 30 
 

Chattogram 2509 (14.6) 32.41±0.90 22 
 

Dhaka 2620 (15.3) 41.77±1.24 28 
 

Khulna 2253 (13.1) 39.98±1.18 28 
 

Mymensingh 1842 (10.7) 40.83±1.38 28 
 

Rajshahi 2248 (13.1) 43.13±1.62 28 
 

Rangpur 2075 (12.1) 39.43±1.19 27 
 

Sylhet 1749 (10.2) 36.43±1.48 21 
 

Religion    < 0.010 

Muslim 15371 (89.6) 40.21±0.53 27 
 

Non-Muslim 1775 (10.4) 38.46±1.43 25 
 

Contraceptive use    <.001 

No 2688 (15.7) 92.82±3.38 38 
 

Yes 14458 (84.3) 32.86±0.25 25 
 

Husband Education    <.001 

No Education 3435 (20.0) 41.62±1.05 27 
 

Primary 4704 (27.4) 36.69±0.77 24 
 

Secondary 5611 (32.7) 39.14±0.86 26 
 

Higher 3396 (19.8) 41.74±1.06 30 
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Table 2 (contd….) 

Covariate Frequency (%)  
Time to First Birth 

Log Rank Test p-Value 
Mean ± SE Median  

Frequency of Watching TV    0.157 

Not at all 7361 (42.9) 39.85±0.76 26 
 

Less than once a week 1277 (7.4) 39.81±1.62 26 
 

At least once a week 8508 (49.6) 39.66±0.65 27 
 

Respondent Occupation    <0.001 

Housewife 11178 (84.4) 40.21±0.63 26 
 

Professional 401 (2.3) 42.47±2.11 32 
 

Agricultural Worker 3368 (19.6) 36.42±0.77 26 
 

Skilled/Unskilled Woker 2199 (12.8) 42.80±1.57 27 
 

Husband Occupation 

   

<.001 

Not Working 620 (3.6) 43.03±2.30 28 
 

Professional 1955 (11.4) 38.86±1.00 29 
 

Agricultural Worker 3876 (22.6) 40.12±0.93 26 
 

Skilled/Unskilled Woker 10695 (62.4) 39.74±0.67 26 
 

Residing with Husband    <0.001 

Living with her 14478 (84.4) 40.13±0.55 26 
 

Staying elsewhere within Bangladesh 1279 (7.5) 40.57±1.37 29 
 

Staying abroad 1389 (8.1) 35.84±1.11 24 
 

 

the shortest (36.79 ± 0.57 months). Interestingly, 
women married at ≥20 had a relatively long mean time 
to first birth (42.12 ± 1.40) but a similar median of 25 
months. 

Educational attainment revealed a nonlinear pattern. 
Women with no education had the longest mean time 
to first birth (47.22 ± 1.56 months), while those with 
complete secondary education had the shortest (35.06 
± 0.95). Notably, women with higher education had a 
longer mean (40.39 ± 0.94) and median (30), implying 
delayed childbearing possibly due to educational. 

The wealth index showed a modest but statistically 
significant association (p = 0.001). Women in the 
richest quintile had the highest average time to first 
birth (41.24 ± 1.00 months), indicating delayed 
childbearing among wealthier groups. Conversely, 
women in the 'richer' quintile had the shortest average 
time to first birth (37.50 ± 0.92 months), although all 
quintiles shared a median of 26 months, except for the 
richest. 

Regional differences (Division) were significant (p < 
0.001). The longest average time to first birth was 
recorded in Rajshahi (43.13 ± 1.62 months) and 
Barishal (42.05 ± 1.31 months), both with a median of 
28–30 months. Conversely, Chattogram and Sylhet 
showed shorter averages (32.41 ± 0.90 and 36.43 ± 

1.48 months, respectively), with Sylhet having the 
lowest median at 21 months, reflecting considerably 
earlier childbearing in this area. 

Religion showed a statistically significant difference 
(p = 0.010). Muslim women had a slightly longer 
average time to first birth (40.21 ± 0.53 months) 
compared to non-Muslim women (38.46 ± 1.43 
months), although their median time to first birth was 
higher (27 vs. 25 months), suggesting that religion has 
a modest impact (Table 2). 

Using contraception to delay or prevent pregnancy 
had the most significant impact (p < 0.001). Women 
who did not use contraception experienced a much 
longer average time to first birth (92.82 ± 3.38 months) 
compared to users (32.86 ± 0.25 months), highlighting 
a notable behavioural effect on fertility timing. 

Husband’s education showed a strong association 
with the time to first birth (p < 0.001). Women whose 
husbands had higher education had the longest 
average time to first birth (41.74 ± 1.06 months), 
whereas those with husbands who had primary 
education had the shortest average (36.69 ± 0.77 
months).  

Respondent occupation significantly influenced the 
timing of the first birth after marriage (p < 0.001). 
Professional and skilled/unskilled workers had longer 
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mean time to first birth (42.47 ± 2.11 and 42.80 ± 1.57 
months, respectively), with medians of 27–32 months. 
In contrast, agricultural workers had a shorter mean 
time to first birth (36.42 ± 0.77 months), possibly 
reflecting rural, earlier fertility patterns (Table 2). 

Husband’s occupation also had a significant impact 
on time to first birth after marriage (p < 0.001). Women 
with unemployed husbands experienced the longest 
average time to first birth (43.03 ± 2.30 months), likely 
due to economic limitations. Other occupational groups 
showed less variation but generally ranged from 38.9 to 
40.1 months. 

The current living status with the husband 
significantly influenced the time to first birth after 
marriage (p = 0.001). Women living with their husbands 
had an average of 40.13 ± 0.55 months (median 26), 
while those whose partners were abroad had the 
shortest duration — 35.84 ± 1.11 months (median 24). 

Model Selection  

The foregoing bivariate analysis using the K-M 
method and the LR test identified 10 significant 
covariates out of 13 explanatory variables considered 
in this study. However, the bivariate analysis revealed 
an unadjusted association between the outcome and 
explanatory variables without controlling for potential 
confounders. Therefore, to establish an adjusted 
association between the outcome and the explanatory 
variables, we initially used the widely employed Cox 
PH model. The Cox proportional hazards model 
identified several significant predictors, including age at 
first marriage, women’s education, contraceptive use, 
administrative division, and living status with husband. 

However, the test of the PH assumption revealed that 
the PH assumption was extensively violated for most 
covariates, as indicated by Schoenfeld residual tests 
(global test: χ² = 516.64, df = 35, p < 0.001) (Table 3), 
raising concerns about the reliability of the Cox 
estimates. Out of the 13 covariates included in the 
model, only three variables—place of residence (χ² = 
1.52, p = 0.217), sex of household head (χ² = 2.54, p = 
0.111), and wealth index (χ² = 2.71, p = 0.608) 
—satisfied the PH assumption, while key predictors 
such as age at first marriage, education, contraceptive 
use, division, and living arrangement significantly 
violated it (Table 3).  

The extensive violation of the PH assumption 
underscores the need to consider parametric survival 
models that do not rely on this assumption. This study, 
therefore, extended its analysis beyond the Cox model, 
fitting multiple parametric alternatives—including the 
Exponential, Weibull, Log-normal, Gompertz, and 
Generalized Gamma distributions—to identify a more 
suitable model for explaining the timing of first birth.  

Table 4 presents the results of the Cox PH model 
alongside five parametric alternatives—Exponential, 
Weibull, Log-normal, Gompertz, and Generalized 
Gamma. The results were presented only for the 
significant variables, by removing those variables that 
appeared insignificant in all the models. Overall, there 
was considerable agreement across models in 
identifying the most influential predictors of time to first 
birth, though some variables showed inconsistent 
significance across model specifications. 

While both Cox and parametric models identified 
broadly  similar  core  predictors—age  at marriage, 

Table 3: Testing the Proportional Hazards Assumptions of Cox Regression 

Covariate χ² value Df p-Value 

Place of Residence 1.52 1 0.217 

Age at first cohabitation 139.74 2 <0.001 

Educational Attainment 13.20 5 0.022 

Sex of Household Head 2.54 1 0.111 

Wealth Index 2.71 4 0.608 

Division 253.09 7 <0.001 

Religion 4.52 1 0.034 

Ever used a contraceptive 123.97 1 <0.001 

Husband Education 44.28 3 <0.001 

Frequency of Watching Television 16.60 2 <0.001 

Respondent Occupation 17.34 3 0.001 

Husband Occupation 20.46 3 <0.001 

Currently Residing with Husband/Partner 56.67 2 <0.001 

Global Test 516.64 35 <0.001 
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Table 4: Results of Fitting the Cox Proportional Hazards Model (PH) and Parametric Models 

Covariates 
Cox PH Model Weibull Exponential AFT 

Model 
Log-Normal AFT 

Model Gompertz Model Generalized 
Gamma Model 

 p-Value 
 

p-Value ! p-Value 
 

p-Value ! p-Value ! p-Value 

Intercept     4.746 0.000 4.669 0.000 4.092 0.000 -4.854 0.000 3.609 0.000 

Age at first marriage 

≤ 14 Ref 1    1    1    1    1    1  1 

15-19 1.25 <0.001 -0.163 <0.001 0.159 <0.001 -0.168 <0.001 0.170 <0.001 -0.149 <0.001 

≥ 20 1.34 <0.001 -0.211 <0.001 0.195 <0.001 -0.227 <0.001 0.213 <0.001 -0.213 <0.001 

Educational Attainment 

No Education Ref 1    1    1    1    1    1 

 Incomplete Primary 1.12 <0.001 -0.132 <0.001 0.11 0.001 -0.076 <0.001 0.133 <0.001 -0.046 0.017 

Complete Primary 1.15 <0.001 -0.137 <0.001 0.125 <0.001 -0.098 <0.001 0.146 <0.001 -0.065 0.001 

Incomplete Secondary 1.25 <0.001 -0.220 <0.001 0.178 <0.001 -0.137 <0.001 0.210 <0.001 -0.087 <0.001 

Complete Secondary 1.26 <0.001 -0.25 <0.001 0.188 <0.001 -0.132 <0.001 0.227 <0.001 -0.075 0.001 

Higher education 1.10 0.026 -0.158 <0.001 0.09 0.033 -0.060 0.025 0.127 0.003 -0.028 0.237 

Wealth Index 

Poorest Ref 1    1    1    1    1    1  1 

Poorer 0.98 0.474 0.035 0.072 -0.021 0.447 0.003 0.850 -0.028 0.314 -0.004 0.787 

Middle 0.97 0.363 0.044 0.027 -0.024 0.395 0.011 0.555 -0.034 0.238 0.001 0.975 

Richer 1.02 0.506 0.016 0.458 0.014 0.638 -0.026 0.184 0.005 0.855 -0.029 0.095 

Richest 0.96 0.245 0.080 0.001 -0.030 0.372 0.012 0.580 -0.050 0.142 -0.002 0.898 

Division 

Barishal Ref 1    1    1    1    1    1  1 

Chattogram 1.40 <0.001 -0.229 <0.001 0.247 <0.001 -0.260 <0.001 0.258 <0.001 -0.247 <0.001 

Dhaka 1.10 0.003 -0.067 0.004 0.068 0.039 -0.082 <0.001 0.073 0.028 -0.086 <0.001 

Khulna 1.09 0.009 -0.024 0.304 0.041 0.224 -0.078 <0.001 0.034 0.314 -0.080 <0.001 

Mymensingh 1.11 0.002 -0.067 0.007 0.070 0.048 -0.087 <0.001 0.072 0.043 -0.090 <0.001 

Rajshahi 1.09 0.012 -0.043 0.071 0.047 0.173 -0.074 0.001 0.045 0.186 -0.071 <0.001 

Rangpur 1.15 <0.001 -0.081 0.001 0.093 0.007 -0.107 <0.001 0.093 0.007 -0.101 <0.001 

Sylhet 1.48 <0.001 -0.266 <0.001 0.283 <0.001 -0.289 <0.001 0.298 <0.001 -0.272 <0.001 

Contraceptive use 

No Ref 1    1    1    1    1    1  1 

Yes 2.28 <0.001 -0.820 <0.001 0.834 <0.001 -0.487 <0.001 0.927 <0.001 -0.262 <0.001 

Husband Education  

No Education Ref 1    1    1    1    1    1  1 

Primary education 1.03 0.271 -0.010 0.559 0.012 0.639 -0.031 0.059 0.012 0.618 -0.039 0.007 

Secondary education 0.95 0.058 0.031 0.094 -0.046 0.087 0.025 0.153 -0.044 0.099 0.015 0.343 

Higher education 0.84 <0.001 0.116 <0.001 -0.146 <0.001 0.111 <0.001 -0.147 <0.001 0.087 <0.001 

Frequency of Watching TV  

Not at all Ref 1    1    1    1    1    1  1 

Less than once a week 0.98 0.500 0.039 0.089 -0.032 0.321 0.020 0.334 -0.041 0.206 0.015 0.429 

At least once a week 0.97 0.112 0.018 0.176 -0.021 0.266 0.031 0.010 -0.021 0.264 0.033 0.002 

Respondent Occupation  

Housewife Ref 1    1    1    1    1    1  1 

Professional 0.88 0.030 0.080 0.045 -0.065 0.254 0.091 0.014 -0.071 0.213 0.074 0.025 

Agricultural Worker 1.04 0.069 -0.039 0.009 0.052 0.016 -0.025 0.074 0.055 0.011 -0.015 0.232 

Skilled/Unskilled Woker 0.94 0.022 0.050 0.004 -0.040 0.109 0.027 0.095 -0.045 0.071 0.010 0.516 

Residing with Husband  

Living with her Ref 1    1    1    1    1    1  1 

Staying elsewhere in 
Bangladesh 0.91 0.015 0.075 0.004 -0.088 0.017 0.044 0.056 -0.09 0.014 0.032 0.114 

Staying abroad 1.13 0.001 -0.123 <0.001 0.139 <0.001 -0.142 <0.001 0.155 <0.001 -0.132 <0.001 

 

education, contraceptive use, division, and 
religion—the parametric models detected additional 
significant predictors. For example, the husband’s 
education variable was not significant in the Cox model 

but was significant in all parametric models, particularly 
at higher education levels. Women’s occupation and 
husband’s occupation were inconsistently significant, 
showing effects in the Weibull, Log-normal, and 
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Generalized Gamma models but not in the Cox or 
Exponential models. Media exposure (watching 
television) reached significance in Cox and most 
parametric models, though its direction of effect varied 
slightly. However, the place of residence, wealth index, 
and sex of the household head were not significant in 
either the Cox or the parametric models, indicating a 
limited role in shaping first-birth timing after controlling 
for other covariates (Table 4). The results suggest that 
the parametric approaches provided more nuanced 
estimates by better capturing non-proportional hazards 
and complex hazard structures.  

Table 5 compares the Cox proportional hazards 
model to five alternative parametric survival models: 
Exponential, Weibull, Log-normal, Gompertz, and 
Generalized Gamma. The results show that the 
Generalized Gamma model outperformed the others, 
with the lowest AIC (131,143.5) and BIC (131,438.0), 
as well as the highest log-likelihood (-65,533.76). The 
Log-normal model ranked second, showing competitive 
fit, while the Weibull and Gompertz models provided 
moderate performance. In contrast, the Exponential 
model, which assumes a constant hazard over time, 
performed the poorest, with substantially higher AIC 
and BIC values. The superior fit of the Generalized 
Gamma model can be attributed to its flexibility in 
accommodating different hazard shapes—including 
increasing, decreasing, and non-monotonic hazard 
functions—making it well-suited to the heterogeneous 
first birth incidence patterns observed in the data. 
Compared to the Cox model, which relies on the 
proportional hazards assumption that was violated in 
this study, the parametric approaches—and particularly 
the Generalized Gamma model—provided more 
reliable and robust estimates by flexibly capturing the 
time-varying hazard of first birth, thereby offering a 
more accurate representation of the underlying fertility 
dynamics. Given that the Generalized Gamma model 
provided the best statistical fit, its results were 
examined in detail to identify the key determinants of 
time to first birth after marriage in Bangladesh.  

Determinants of Time to First Birth 

Table 6 presents the adjusted time ratios (TR) and 
corresponding 95% confidence intervals (CI) for 

various sociodemographic predictors of the time to first 
birth, derived from a Generalized Gamma model. A TR 
value less than one indicates a shorter interval to first 
birth, while a ratio greater than one indicates a longer 
time to first birth, relative to the reference category. The 
analysis revealed several important predictors of 
delayed first birth. Age at first marriage emerged as a 
strong predictor of FBI. Compared to women who were 
married at or before age 14, those who were married at 
ages 15–19 experienced a 14% shorter time to first 
birth (TR=0.86, 95% CI: 0.84–0.88), and those aged 20 
or above had a 19% shorter time to first birth (TR=0.81, 
95% CI: 0.78–0.84; p < 0.001 for both). 

Educational attainment demonstrated a significant 
association, with all schooling levels up to complete 
secondary significantly reducing the time to first birth 
compared to no education. Incomplete secondary 
education was linked to an 8% reduction in time to first 
birth (TR=0.92, 95% CI: 0.89–0.95), while higher 
education showed no significant difference from the 
reference group (TR=0.97, 95% CI: 0.93–1.02; p = 
0.237). Regional variation was considerable. Women 
from Sylhet (TR=0.76), Chattogram (TR=0.78), and 
Rangpur (TR=0.90) experienced significantly shorter 
time to first births than those in Barishal (p < 0.001 for 
all). Contraceptive users had shorter first birth interval 
than the noncontraceptive users (TR=0.77, 95% CI: 
0.75–0.79; p < 0.001), highlighting the impact of fertility 
preferences and behaviours (Table 6). Husband’s 
educational level also showed a positive link with 
delayed childbearing. Women whose husbands had 
higher education experienced a 9% longer time to first 
birth compared to those with uneducated husbands 
(TR=1.09, 95% CI: 1.05–1.14; p < 0.001). Media 
exposure was modestly associated with longer time to 
first birth, with women who watched television at least 
once weekly experiencing a 3% longer time to first birth 
(TR=1.03, 95% CI: 1.01–1.06; p = 0.002). Similarly, 
being in professional employment was associated with 
a longer time to first birth (TR=1.08, 95% CI: 1.01–1.15; 
p = 0.025) compared to housewives. Spousal 
temporary separation appeared as a significant 
predictor of time to first birth . Women whose husbands 
stayed outside Bangladesh at the time of the survey 
had shorter time to first birth compared to women who 

Table 5: Comparison of Five Parametric Models 

Model Log-Likelihood AIC BIC 

Weibull -68198.68 136471.4 136758.1 

Exponential -69793.29 139658.6 139937.6 

Log Normal -66037.64 132149.3 132436.0 

Gompertz -69730.61 139535.2 139822.0 

Generalized Gamma -65533.76 131143.5 131438.0 
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Table 6: Estimates of the Time Ratio (95% CI) and p-Value of the Generalized Gamma Distribution for Time to First 
Birth Across the Explanatory Variables 

Variable TR (95% CI) p-Value 

Place of Residence 

Urban Ref 1.00   

Rural .99 (0.97-1.01) 0.336 

Age at first cohabitation 

≤ 14 Ref 1.00   

15-19 0.86 (0.84-0.88) <0.001 

≥ 20 0.81 (0.78-0.84) <0.001 

Educational Attainment 

No Education Ref 1.00   

Incomplete Primary 0.95 (0.92-0.99) 0.017 

Complete Primary 0.94 (0.90-0.97) 0.001 

Incomplete Secondary 0.92 (0.89-0.95) <0.001 

Complete Secondary 0.93 (0.89-0.97) 0.001 

Higher 0.97 (0.93-1.02) 0.237 

Sex of Household Head 

Male Ref 1.00   

Female 1.01 (0.97-1.04) 0.634 

Wealth Index 

Poorest Ref 1.00   

Poorer 1.00 (0.97-1.03) 0.787 

Middle 1.00 (0.97-1.03) 0.975 

Richer 0.97 (0.94-1.01) 0.095 

Richest 1.00 (0.96-1.04) 0.898 

Division 

Barishal Ref 1.00   

Chattogram 0.78 (0.75-0.81) <0.001 

Dhaka 0.92 (0.88-0.95) <0.001 

Khulna 0.92 (0.89-0.96) <0.001 

Mymensingh 0.91 (0.88-0.95) <0.001 

Rajshahi 0.93 (0.90-0.97) <0.001 

Rangpur 0.90 (0.87-0.94) <0.001 

Sylhet 0.76 (0.73-0.79) <0.001 

Religion 

Muslim Ref 1.00   

Non Muslim 1.00 (0.97-1.03) 0.795 

Ever used anything to avoid/delay pregnancy 

No Ref 1.00   

Yes 0.77 (0.75-0.79) <0.001 

Husband Education 

No Education Ref 1.00   

Primary education 0.96 (0.93-0.99) 0.007 

Secondary education 1.01(0.98-1.05) 0.343 

Higher education 1.09 (1.05-1.14) <0.001 
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Table 6 (contd….) 

Variable TR (95% CI) p-Value 

Frequency of Watching Television 

Not at all Ref 1.00   

Less than once a week 1.02 (0.98-1.05) 0.429 

At least once a week 1.03 (1.01-1.06) 0.002 

Respondent Occupation 

Housewife Ref 1.00   

Professional 1.08 (1.01-1.15) 0.025 

Agricultural Worker 0.98 (0.96-1.01) 0.232 

Skilled/Unskilled Woker 1.01 (0.98-1.04) 0.516 

Husband Occupation 

Not Working Ref 1.00   

Professional 0.99 (0.93-1.05) 0.638 

Agricultural Worker 1.00 (0.94-1.05) 0.872 

Skilled/Unskilled Woker 0.98 (0.93 - 1.03) 0.386 

Currently Residing with Husband/Partner 

Living with her Ref 1.00   

Staying elsewhere(within Bangladesh) 1.03 (0.99-1.07) 0.114 

Staying elsewhere(Outside Bangladesh) 0.88 (0.84-0.91) <0.001 

 

were continuously living with their husbands (TR=0.88, 
98%CI: 0.84-0.91). Variables such as place of 
residence (urban vs. rural), sex of the household head, 
wealth index, religion, and most husband occupation 
categories were not significantly linked to time to first 
birth (p > 0.05). 

DISCUSSIONS 

This study provides a comprehensive investigation 
into the timing of first birth after marriage among 
Bangladeshi women, utilising the recent nationally 
representative 2022 BDHS data and a rigorous 
comparative survival analysis framework. By moving 
beyond the Cox proportional hazards model, which 
was found to be unsuitable due to violations of the 
proportional hazards (PH) assumption, the study 
implemented multiple parametric alternatives and 
identified the Generalized Gamma model as the 
best-fitting approach. This methodological decision 
ensured improved model performance and yielded 
more reliable estimations of covariate effects. 

In this study, the median time to first birth after 
cohabitation was found to be 26 months, a finding 
consistent with a previous study conducted in 
Bangladesh [22]. Another Bangladesh-based study 
also reported a median duration of 26 months for the 
first birth interval among ever-married women, further 
corroborating this result [23]. Studies in many African 

countries also reported median duration of marriage to 
first birth ranging from 23 to 30 months [24-26].  

To identify the factors influencing the time to first 
birth, we initially employed the semi-parametric Cox PH 
model. But it was found to be unsuitable due to 
violations of the proportional hazards (PH) assumption. 
The extensive violation of the PH assumption 
underscores the need to consider parametric survival 
models that do not rely on this assumption. This study, 
therefore, extended its analysis beyond the Cox model 
and examined five parametric survival models to 
identify a more suitable model for explaining the timing 
of first birth. While both Cox and parametric models 
consistently identified some core significant predictors, 
including age at first marriage, women’s education, 
contraceptive use, administrative division, and living 
status with husband, the parametric models also 
detected additional significant predictors. 

From a methodological perspective, this study 
makes a significant methodological contribution by 
demonstrating that traditional reliance on the Cox 
model, without testing or adjusting for PH violations, 
may obscure or distort key predictors. Our findings 
encourage future fertility studies—especially those 
using cross-sectional or censored data—to adopt 
model comparison strategies that include advanced 
parametric alternatives. Doing so can enhance both the 
statistical validity and substantive depth of 
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demographic analyses. The study further demonstrates 
that the advantages of applying flexible parametric 
survival models—particularly the Generalised Gamma 
(GG) model—are particularly relevant in time to first 
birth analysis contexts where the proportional hazards 
(PH) assumption is violated. The GG model's superior 
performance, as evidenced by its lowest AIC/BIC and 
highest log-likelihood, reflects its capacity to capture 
diverse hazard structures, including non-monotonic, 
unimodal, and bathtub-shaped risk patterns. Such 
flexibility is crucial when modeling fertility timing, where 
biological and socio-cultural factors produce complex 
temporal dynamics. Similar conclusions were drawn in 
prior research in Nigeria and Ethiopia, demonstrating 
that the Generalized Gamma or gamma-based models 
outperform Cox models in modelling time to first birth 
and detecting key covariates [2, 27]. These studies, 
along with more recent evaluations using parametric 
survival analysis frameworks [28], reaffirm the 
importance of adopting flexible parametric models in 
fertility timing research—especially when standard PH 
assumptions are not met. 

Since the Generalized Gamma model 
demonstrated the best fit in this study, its time ratios 
were used to assess how key covariates influence the 
timing of first birth. The best-fitting Generalised 
Gamma model identified several factors that have a 
significant association with the marriage-to-first-birth 
interval. These included age at first marriage, women’s 
level of education, administrative division, 
contraceptive use, residing with husband, media 
exposure, women’s occupation and husband’s 
education. 

Age at first marriage appeared as a significant 
predictor of time to first birth (TFB), with earlier 
marriage associated with significantly longer TFB. 
While seemingly paradoxical, this result aligns with 
prior findings indicating biological immaturity (i.e., 
delayed fecundity among younger adolescents, called 
adolescent sub-fecundity) [29], and social norms that 
delay cohabitation or fertility immediately after early 
marriage [30, 31]. In contrast, women married at ages 
15–19 or ≥20 exhibited shorter TFB, possibly reflecting 
greater reproductive readiness. Similar findings were 
reported by Shayan et al. [10] in Iran and Al-Shanfari 
and Islam [32] in Jordan. 

Educational attainment showed a nonlinear 
association with time to first birth. Secondary education 
was linked to shorter time to first birth—suggesting that 
early marriage despite moderate schooling accelerates 
fertility onset—whereas higher education was 
associated with delayed childbirth, likely reflecting 
women's autonomy, career pursuits, and contraceptive 
knowledge [33]. Our finding is consistent with the 

findings of Shayan et al. [10] and Al-Shanfari and Islam 
[32]. 

The study found that contraceptive users had a 
shorter time to first birth compared to women who did 
not use contraception, indicating that pre-first-birth 
family planning remains an important yet 
under-discussed aspect of fertility behaviour. Our 
findings align with those of the study in Jordan by 
Al-Shanfari and Islam [32] and another previous study 
in Bangladesh by Chowdhury & Karim [34]. Although it 
seems unlikely that contraceptive users have a shorter 
first birth interval than non-users, this may be because 
we considered contraceptive use status at the time of 
the survey, and most contraceptive users probably 
start using contraception to delay their next birth after 
having a first child quickly. In a cross-sectional survey 
data such as the BDHS, contraceptive use is typically 
reported at the time of interview. Hence, many women 
classified as "contraceptive users" may have initiated 
contraception only after their first birth, reflecting 
postpartum family planning rather than pre-pregnancy 
avoidance. This misalignment between the timing of 
contraceptive use and first birth could result in apparent 
but misleading associations. We also draw attention to 
socio-cultural dynamics, such as early pressure to 
conceive and have the first baby and delayed uptake of 
contraception until after childbirth, that may further 
contribute to this pattern. 

This study observed marked regional disparities in 
the marriage-to-first-birth interval, with the Sylhet and 
Chattogram regions showing the shortest delays, and 
the Rajshahi and Khulna regions exhibiting relatively 
longer first birth intervals than other regions, 
suggesting localised cultural or economic factors that 
encourage earlier fertility. These patterns are 
consistent with previous BDHS-based analyses, which 
indicate regional heterogeneity in fertility behaviour due 
to cultural norms, socioeconomic differences, and 
service delivery gaps [35]. This finding underscores the 
need for region-specific reproductive health strategies. 

Spousal separation due to the husband’s migration 
outside the country was associated with a significant 
increase in the marriage-to-first-birth interval. 
Compared to women living with their husbands, those 
whose husbands were residing abroad exhibited a 
significantly shorter delay in having their first child after 
marriage. The role of husbands’ migration in reducing 
the first birth interval mirrors findings from South Asian 
migration literature, which highlights how migration 
reshapes household reproductive strategies [36]. 

Women whose husbands had only a primary 
education tended to experience a shorter time to first 
birth compared to those whose husbands had no 
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formal education. In contrast, women whose husbands 
attained a higher level of education had longer time to 
first birth, indicating a negative association at higher 
levels of male education. 

Finally, media exposure and women’s employment 
showed somewhat unexpected results. Women with 
regular television exposure and those in professional 
employment tended to have earlier first births, 
suggesting that modernisation factors may not 
uniformly delay fertility.  

Strengths and Limitations 

The main strength of this study lies in its use of a 
large analytical sample of women, drawn from the most 
recent and nationally representative dataset, the 2022 
BDHSB. This robust sample enables the reliable 
generalisation of the findings to the Bangladeshi 
population, provides high statistical power, and 
facilitates meaningful subgroup analyses. The study 
employs a comprehensive set of parametric survival 
models (Exponential, Weibull, Log-normal, Gompertz, 
Generalised Gamma) in addition to the traditional Cox 
proportional hazards model. The inclusion of the 
Gompertz and Generalized Gamma models provides a 
more thorough analysis, as these models are not 
commonly used in earlier studies. The study also has 
some limitations. As the study was based on 
retrospective data, it does not account for causal 
inference. The study relies on self-reported survey data 
for age at marriage and birth, which may be subject to 
recall bias or social desirability bias—particularly 
among younger or less educated respondents. In 
addition, the study was limited to currently married 
women, excluding never-married, divorced, or widowed 
individuals who may follow different reproductive 
trajectories. Although this group is relatively small in 
the Bangladeshi context, the exclusion may limit 
generalizability. Future research should aim to include 
these populations where possible, to capture a more 
complete picture of fertility behaviour and to align with 
evolving social norms around marriage and 
childbearing. Finally, while the BDHS offers rich 
demographic variables, certain qualitative 
factors—such as marital quality, family expectations, or 
fertility intentions—remain unmeasured. 

CONCLUSION 

This study provides a comprehensive analysis of 
the socio-demographic and economic factors that 
influence the timing of the first birth among currently 
married women in Bangladesh. By systematically 
comparing traditional and parametric survival models, 
the research shows that the Generalized Gamma 
model provides the best fit for the data, outperforming 

the Cox proportional hazards model, which was found 
to violate key assumptions in this context. 

Key findings indicate that age at marriage, 
educational attainment (for both the respondent and 
husband), contraceptive use, regional residence, and 
living with a spouse significantly influence the timing of 
first birth. These findings reflect both personal and 
structural determinants of fertility behaviour. 

Policy implications emerging from this study are 
twofold. First, regions with notably shorter first birth 
intervals—such as in Sylhet division — should be 
prioritised for reproductive health programs that aim to 
delay early childbearing through enhanced access to 
counselling and contraception. Second, women with no 
or limited education, who are at higher risk of early first 
births, would benefit from tailored education and 
awareness campaigns that integrate reproductive 
health with broader empowerment initiatives. These 
targeted strategies could more effectively address the 
demographic disparities in fertility timing. 

From a methodological standpoint, the study 
underscores the importance of using flexible 
parametric models—such as the Generalised Gamma 
model—when dealing with time-to-event data where 
the proportional hazards assumption is violated. This 
approach provides more reliable effect estimates and 
improves the interpretability of covariate influences on 
fertility timing. 
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