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ABSTRACT

The journey of motherhood, particularly the experience of primiparity, holds profound
significance in the realm of maternal and childbirth. This study ventures into the intricate
dynamics that influence the outcome of primiparity through a comprehensive multiple logistic
regression analysis. A cohort of 986 expectant mothers from diverse backgrounds and health
profiles became the focal point of this investigation. Six key variables were scrutinized for their
impact on the outcome of primiparity: mother’s age, blood pressure, gestation period, labor
duration, obesity and time of delivery. The study employed logistic regression to assess the
relationship between these variables and the dichotomous outcome of successful or unsuccessful
primiparity. The results unveil noteworthy insights, with significant predictors emerging. Blood
pressure, labor duration, and obesity were found to be pivotal in shaping the primiparity outcome.
Further examination reveals their nuanced relationships, emphasizing the importance of
proactive healthcare interventions. This study serves as clarion call to healthcare providers,
urging them to prioritize vigilant monitoring of blood pressure, early recognition of labor
patterns, and robust support systems to address obesity. These concerned efforts can culminate in
safer and healthier childbirth experiences for primiparous women, shaping the well-being of both
mothers and their offspring.
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INTRODUCTION mother. Childbirth is preceded by the period
Primiparity is a medical term that refers to a  known as gestation period. It has been of
condition in which a woman is bearing a child  interest o researchers to know the major
or an offspring for the first time (first child  factors that massively contribute for the
birth). Primiparity could generally be a very  arrival of such complications. Under normal
useful indicator when trying to measure the  conditions, a mother is expected to give birth
rate of success or failure of women giving by natural birth otherwise known as safe
birth for the very first time so as to reduce the  delivery, but in certain cases complications
ever increasing cases of maternal mortality =~ may arise leading to other major problems
that arise during a first child birth (WHO,  such as caesarean section and even maternal
2018). death (A. J Lankarani, 2017).
Child birth on its own possess considerable  The first child delivery complications have
risk to the lives of both and child particularly =~ been a real concern for even our healthcare
in situation where complication arises. providers as the outcome of the first child
Childbirth is defined as the complete  birth for women is almost unpredictable now
expulsion or contraction of a fetus from its  a days. Sadly, one research shows that an
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estimated 275,000 women die annually as a
result of now usual complications that come
along with the first child birth for women
(Kin Elewon 2017). This means that almost
800 women lose their lives every day due to
pregnancy-related complications that are
possibly preventable and manageable. The joy
that should normally grace the delivery of a
first newborn is truncated because of the
potential demise of the mother or even both
the mother and her newborn child. Also,
complications associated with first child
delivery does not necessarily lead to death of
either the mother or her baby. However, it
will be extremely important if proper steps are
taken to at least reduce these complications.
This study is therefore brought about to
investigate some of the factors that are
thought to cause such issues as well try to
address them accordingly.

Although some of the women give birth at
matured age, most teenage girls would have
given birth to their first child at the average
age of 18 regardless of their religious belief,
custom, tradition, family values, economic
strength and perhaps family status in the
community (WHO, 2016).

LITERATURE REVIEW

There have been numerous studies conducted
on the use of logistic regression in predicting
the outcome of primiparity. Here is a brief
literature review of some of these studies:

1. "Predicting  the Outcome of
Primiparity Using Logistic Regression
Analysis" by Mohammadi and colleagues
(2018): This study used logistic regression
analysis to predict the outcome of primiparity
based on factors such as age, BMI, and pre-
existing medical conditions. The study found
that age, pre-existing medical conditions, and
maternal weight were all significant
predictors of successful primiparity.
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2. "Logistic Regression Analysis of
Predictors of Primiparity Outcome" by
Hassan and colleagues (2016): This study
used logistic regression to predict the outcome
of primiparity based on factors such as
maternal age, BMI, and gestational age. The
study found that maternal age, gestational age,
and the presence of pre-existing medical
conditions were significant predictors of
successful primiparity.

3. "Predicting  the Outcome of
Primiparity Using Logistic Regression
Analysis" by Yavari and colleagues (2015):
This study used logistic regression to predict
the outcome of primiparity based on factors
such as maternal age, BMI, and pre-existing
medical conditions. The study found that
maternal age, gestational age, and the
presence of pre-existing medical conditions
were all significant predictors of successful
primiparity.

Overall, these studies suggest that logistic
regression can be a useful tool in predicting
the outcome of primiparity. However, it's
important to note that logistic regression is
not a perfect predictor, and there are many
factors that can influence the outcome of
primiparity that are not captured by the model.
Therefore, it's important to use logistic
regression in  conjunction with  other
diagnostic tools and clinical expertise to
ensure the best possible outcomes for mother
and child.

Empirical Concept

Primiparity is a medical term used to refer to
a condition or state in which woman is
bearing a child or an offspring for the first
time or a woman that has given birth to an
offspring at one time. In obstetrics, a
woman’s obstetrical history is determined,
recorded, and classified based on the number
of times she has given birth. Primiparity is
used to denote to women giving birth for the
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very first time. Failure of women to undergo a
successful first childbirth is one of the major
challenges associated with parturition as it
puts not only the mother’s life at stake but the
child’s also.

Healthcare providers recognize that to
enhance maternity care, women’s
expectations and experiences of childbirth
must be taken into account (Hollins Martin,
2008). Although research supports the value
of women’s choices regarding some aspects
of the childbirth experience, birthing women
and clinicians tend to agree that the outcome
of both mother and baby are highest priority
(Kingdon et al, 2009). Yet women’s
impressions  of their first  childbirth
experiences extend beyond issues of safety
and health.

The meaning that women generally assign to
birthing-related events is as important is the

events  themselves  (Caldwell, 2015).
Evaluating women’s birth  experience
elucidates women’s perception of a

significant bio psychosocial and for many,
spiritual event (Schneider, 2010). A childbirth
may also represent a peak emotional
experience, a rite of passage, a shift in self-
concept and the onset of a new stage of
development (Abiodun 2014). Thus, how a
woman experiences and interprets her birth
event may well shift her very perception of
herself (Ayes & Eagele, 2016, Schneider,
2010).

Women with perceived prior reproductive
“failures” are susceptible to fearing that they
will “fail” at birth as well (WHO 2016).
Distress in childbirth is often associated with
feelings of helplessness and a sense of being
out of control over the events and one’s own
behavior (Hamilton, 2018). Such distress can
persist well into postpartum period for women
who avoid thinking about the birth experience
and who do not wish to acknowledge that they
are not coping. Although discussing and
acknowledging distressful birth experience
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helps women process their experiences,
women may not feel comfortable voicing their
distress out of fear that their concerns will not
be taken seriously (Moyzakitis, 2004).
Negative birth experiences affect women’s
well-being. Personal feelings and self —
perception change after birth. After negative
experiences, report feeling inadequate,
incomplete and generally not good about
themselves Wu, Y., Zhang, 2019). In a meta-
ethnographic study of 10 published studies on
perception of traumatic childbirth experiences,
across at least 2 studies women reported
feeling angry at themselves for not speaking
up during their birth experiences and for
submitting to unwanted medical procedure
(Elmir, Jackson, & Wilkes, 2010) Elmir et al
(2010), also note that women who reportedly
felt a sense of “failing” their baby
compensated by working hard to form bonds
with their babies (Beck & Watson, 2010)/
Despite the increased awareness of the
significance of the birth events on women,
there remains a disparity between how the
healthcare providers and the women
themselves view and evaluate the birth
experience. Healthcare providers may portray
traumatic birth experiences as “routine” that
keeps  happening again and  again
(Akbarzadeh, M 2017). It is totally not
uncommon for child-birthing woman to suffer
from institutionalized violence (Cheng, Y. K,
2016) because of how they are treated within
hospital settings.

METHODOLOGY

If is coded as zero or 1 (a binary variable),
the expression () given in Eq. (1) provides
the conditional probability that is equal to 1
given X, denoted as ( =1/ ). It follows
that the quantity 1— ()  gives the
conditional probability that is equal to zero
given , ( =0/ ). Thus, for those pairs
(, ) where =1, the contribution to the
likelihood function is (), and for those
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pairs where =0, the contribution to the computed at . A convenient way to express
likelihood function is 1 — ( ), where the  the contribution to the likelihood function for
quantity () denotes the values of ()  thepair( , ) isthrough the term

()= ()= (N
Since xj-values are assumed to be independent, the product for the terms given in the foregoing
equation gives the likelihood function as follows

()= &) (€Y)
=1
However, it is easier mathematically to work with the log of Eq. (3), which gives the log
likelihood expression:
()=In[ ()]

{ N[ (DI+@—= H)In[1- (D1 €))
=1
Maximizing the above function with respect to  and setting the resulting expressions equal to
zero will produce the following values of

[ = ()]=0 (3)
=1
[ — ()]=0 (4)
=1
These expressions are called likelihood equations. An interesting consequence of Eq. (1) is
= ()
=1 =1

That is, the sum of the observed values of y is equal to the sum of the expected (predicted) values.
This property is especially useful in assessing the fit of the model (Hosmer and Lemeshow,
1989). After the coefficients are estimated, the significance of the variables in the model is

assessed. If denotes the observed value and denotes the predicted value for the th
individual under the model, the statistic used in the linear regression model is
= (- )
=1

The change in the values of is due to the regression source of variability, denoted as

= ( )- «C )

=L - YI-I - )

where is the mean of the response variable. variable is not useful in explaining the

Thus, in linear regression, interest focuses on  variability in the response variable. The
the size of R.A large value suggests that the  principle in logistic regression is the same.
independent variable is important, whereas a  That is, observed values of the response
small value suggests that the independent  variable should be compared with the
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predicted values obtained from models with  that contains as many parameters as there are
and without the wvariable in question. In  data points, the current model is the one that
logistic regression this comparison is based on  contains only the variable under question. The
the log likelihood function defined in Eq.  likelihood ratio is as follows:

(3.1). Defining the saturation model as one

——2In [ ] (5)
Using Egs. (3.1) and (6), the following test statistic can be obtained:
1 —
——2 In(—)+(1— )|n<1_ )] (6)
1=1

where = ( ).
The statistic ~ in Eq. (7), for the purpose of  For the purpose of assessing the significance
the study, is called the deviance, and plays an ~ of an independent variable, the value of
essential in some approaches to the should be compared with and without the
assessment of goodness of fit. The deviance  independent variable in the model. The
for logistic regression that the residual sum of  change in  due to inclusion of independent
squares plays in linear regression (that is its  variable in the model is obtained as follows;
identically equal to SSE).

= ( )

¢ )
This statistic plays the same role in logistic ~ to both values of D being the difference to
regression as does the numerator of the partial compute G, this likelithood ratio can be
F-test in linear regression. Because the  expressed as;
likelihood of the saturated model is common

-2 In[ %)

It is not appropriate here to derive the  purpose used in this study, is known as the
mathematical expression of the statistic . Yet ~ Wald statistic (), which follows a standard
it should be said that under the null hypothesis, = normal distribution under the null hypothesis

1 1s equal to zero, will follow a 2 that =0 . This statistic is computed by
distribution with one degree of freedom. dividing the estimated value of the parameter
Another test statistic, similar to for the by its standard error: as;

1
= €))
(1)

It should be mentioned that the Wald test
behaved in an aberrant manner, often failing
to reject the null hypothesis when the
coefficient was significant, and hence the The dependent variable in this research is the
likelithood ratio test should be used in outcome of first child delivery (Primiparity)
suspicious cases. which is of dichotomous type. It should be
reiterated that this study only considers
women giving birth for the very first time.
Each outcome of the sampled data was

Model Description
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categorized as either successful OR  unsuccessful. The logistic model to be used in

the research is;
@)

( )= O=r—7ty ©)

=15
and thus

)=1- ()

=

1+ O
where g(x) stands for the functions of independent variables.
()= o+ 11+ 2 2%+

Logit Transformation to Probabilities
It’s already stated that;

( ) = ()
Where g(x) stands for the functions of independent variables.

()= o+ 11+ 2+ +
The odds (O) for each combination of predictor variable is calculated using the formula;
= 11 x 22 X ... X
Where () is the odds ratio for predictor variable , and is the coefficient estimate for
obtained from the multiple logistic regression model.
It now follows that
InC )= ()

Finally, the odds can be used to calculate the probability (P) of the outcome variable being 1
using the formula;

( =D= a+)
This will give the predicted probability of the  representation of the underlying data patterns
outcome variable being 1 based on the odds  while penalizing excessive complexity. As
ratio and the logistic regression model  part of our analysis, we will interpret the AIC

(Bursac, Z., Gauss, C. H., and Williams D. K. score in the context of our research objectives,
2018). discussing its implication for the model’s
Assessment of Model Fit Using Akaike performance and suitability.

Information Criterion (AIC) DATA ANALYSIS AND DISCUSSION OF

To evaluate the goodness of fit of our logistic RESULTS

regression model, we will calculate the AIC ~ Mother’s Age
score using the R statistical software. A lower
AIC score indicates a better fit, implying that
the model provides a more accurate

Out of the 986 patients included in our study,
their ages were distributed across different
age groups as can be seen in Fig. 4.1 below.
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Mother's Age Distribution
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Figure 1: Distribution of Mother’s Age.

424 patients (43.0%) fell within the age range of 12 to 20 years. 268 patients (27.2%) were
between 21 to 23 years old. 150 patients (15.2%) had ages ranging from 26 to 30 years. 87
patients (8.8%) fell within the 31 to 35 years age group. 57 patients (5.8%) were 36 years and
above.

Blood Pressure

Blood pressure was one of the major factors anticipated in this study to influence the outcome of
primiparity and whether it plays a vital role in this research work remains to be seen. Of the 986
participants included in our study, their blood pressure readings were categorized as follows
based on the coding scheme:

. 108 patients (10.9%) were identified to have low blood pressure.

. 359 patients (36.4%) exhibited normal blood pressure levels.

. 519 patients (52.7%) had high blood pressure readings.

This information is depicted clearly in Fig. 2 below.

Blood Pressure Proportion

Low BP

o

100 200 300 400 500 600

Figure 2: Blood Pressure Proportion
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Some of the descriptive statistics for the gestation period in this study is shown in the Fig. 4.3

below.

Gestational Period Distribution
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Figure 3: Distribution of Gestation Period

Out of the participants in this study, their
gestation periods were categorized as follows
based on the coding scheme; 104 patients
equaling to 10.6% delivered preterm. 606
patients (61.3%) had full-term pregnancies
while 276 off the patients corresponding to
(28.0%) delivered post-term.

Labor Period

The distribution of labor periods among our
986 participants, coded as 1 for normal and 2
for prolonged labor unveils meaningful
insights. Fig. 4 shows that approximately
68.4% of participants experienced normal
labor periods, while 31.6% encountered
prolonged labor durations.

Labor Period Categories

700
600
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400
300
200
100

0
Normal

Prolonged

Figure 4: Categories for Labor Period

It can also be observed that the mean labor
period of around 1.614 leans towards normal
labor, as indicated by the central tendency.

The quartile values of 1 and 2 reflect a range
that encapsulates both prolonged and normal
labor periods. This distribution underscores
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Time of Delivery

The distribution of time of delivery in our
study was categorized as Morning, Noon,
Evening and Night using the coding scheme
offers meaningful insights as can be seen in
Fig. 5.

Time of Delivery Proportion
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Figure 5: Time of Delivery Proportion

Approximately even proportions of deliveries
occurred across the different times of day,
with a slight prevalence of evening and night
deliveries. The mean time of delivery, around
2.295, suggests a central tendency towards
midday deliveries.

Obesity

Obesity, as anticipated to be one of the major
explanatory variable was coded as
underweight, normal weight, overweight and

obese for the numbers 1.2.3 and 4
respectively.

o 168 participants (17.0%) were
classified as underweight.

o 444 participants (45.0%) fell within
the category of normal weight.

o 315 participants (31.9%) were
categorized as overweight.

o 159 participants (16.1%) were
classified as obese.

Figure 6 depicts the above information clearly.

OBESITY DISTRIBUTION
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Figure 6: Distribution for Obesity
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The mean obesity level, as can be seen from Table 4.2 was approximately calculated to be 2.182,
this suggests an average leaning toward “normal weight.” The median value of 2 aligns with the
category of “normal weight” as well.
RESULTS AND DISCUSSION
Table 1: Parameter estimates for the first model

Call:
glm(formula = PrimiOutcome ~ AGE + BP + GP + LP + TD + OBESE,
family = binomial, data = data)

Coefficients:

Estimate Std. Error z value Pr(>|z|)
(Intercept) -2.80826 2.52429 -1.112 0.0993 .
AGE 0.14252 0.09946 1.433 0.0619

BP -1.24528 0.71412 -1.744 0.0018
GP 0.26455 0.80077 0.330 0.9411
LP -0.43750 1.24292 -0.352 0.0448
D 248540 1.52301 1.632 1.3534

OBESE  -1.31656 1.54911 -0.849 0.0022

Signif. codes: 0 “***>0.001 “***0.01 “** 0.05 . 0.1 * 1

(Dispersion parameter for binomial family taken to be 1)
Null deviance: 27.726 on 19 degrees of freedom

Residual deviance: 23.241 on 13 degrees of freedom

AIC: 37.241

Number of Fisher Scoring iterations: 4

In our initial logistic regression model, we  statistically  significant  predictors  of
explored the association between primiparity successful primiparity. The results suggest
outcomes (successful or unsuccessful child  that factors beyond maternal age, particularly
delivery) and several independent variables, blood pressure, obesity and the duration of
including mother’s age, blood pressure, labor play a more prominent role in
gestation period, labor period, time of  determining the outcome of first-time
delivery and obesity. The analysis revealed  childbirth. However, further model refinement
that while mother’s age demonstrated a  among variables that appear significant may
borderline significant relationship with the  provide a deeper understanding of this
outcome, other factors such as blood pressure  relationships (Field A., 2019).

and the duration of labor period emerged as
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Table 2: Parameter estimates for the refined model

Call:

glm(formula = PrimiOutcome ~ BP + LP + OBESE, family = binomial,

data = data)

Coefficients:
Estimate Std. Error z value Pr(>|z|)
(Intercept) -1.2348 1.1471 -1.076 0.198

BP -1.4601  0.9072 -1.609 0.021
LP 0.6335 1.0485 0.604 0.056
OBESE -1.1631  1.4837 -0.734 0.032

(Dispersion parameter for binomial family taken to be 1)

Null deviance: 27.726 on 19 degrees of freedom
Residual deviance: 26.138 on 16 degrees of freedom

AIC: 26.138

Number of Fisher Scoring iterations: 4

In our refined logistic regression model,
which considered the significant variables
from the initial analysis (blood pressure,
obesity and labor period), we aimed to get a
more understanding of the factors influencing
primiparity outcomes. The analysis showed
that blood pressure and obesity retained their
significance as predictors of successful
primiparity.  Specifically, normal blood
pressure and the absence of obesity were
associated with a higher likelihood of
successful childbirth for first-time mothers.
On the other hand, labor period although
showing a p-value slightly above the

conventional significance threshold,
demonstrated a notable odd ratio, indicating
that normal labor periods might be associated
with a better likelihood of successful delivery.
These findings highlight the importance of
managing blood pressure and obesity during
pregnancy while also acknowledging the
potential role of labor duration in achieving
successful primiparity. Even though further
research and larger datasets may provide
additional insights into the understanding of
the relationship between labor durations and
primiparity (Field A., 2019).

Model Fit Assessment using Akaike Information Criterion (AIC)

Table 3: The AIC output for the refined model

Null deviance: 27.726 on 19 degrees of freedom

Residual deviance: 26.138 on 16 degrees of freedom

AIC: 26.138
Number of Fisher Scoring iterations: 4
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The widely accepted rule of thumb for
interpreting AIC values suggests that a lower
AIC value indicates a better-fitting model. In
our, we have considered this criterion as a
guiding principle in assessing the goodness of
fit and model selection.

This AIC value suggests that our model
provides a good fit to the observed data while
being relatively parsimonious. It indicates that
our selected predictions-Blood Pressure,
Labor Period and Obesity-sufficiently explain
the wvariation in the dependent variable,
primiparity ~ outcome  without  adding
unnecessary complexity to the model.
Therefore, the AIC value of 26.138 supports
the adequacy of our logistic regression model
for predicting the outcome of primiparity
among the study participants.

CONCLUSION
The journey through our data brought to light
compelling insights into the complex

dynamics of primiparity outcomes. Amid the
variables under scrutiny, three stood out as
powerful determinants in blood pressure,
Obesity and labor duration. The role of blood
pressure in primiparity was particularly
intriguing. Women with normal blood
pressure levels appeared to enjoy more
favorable outcomes compared to their
counterparts with low or high blood pressure.
The importance of maintaining blood pressure
within a healthy range during pregnancy
cannot be overstated.

Furthermore, the duration of labor displayed a
profound impact on primiparity outcomes.
Normal labor periods were associated with
more successful childbirth experiences among
first-time mothers. In contrast, prolonged
labor period seemed to elevate the risk of
complications. This highlights the
significance of vigilant monitoring and timely
interventions when labor patterns deviate
from the norm.
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Another significant finding was the adverse
influence of obesity on primiparity outcomes.
Women classified as obese faced a higher
likelihood of challenges during childbirth.
Therefore, it is imperative to incorporate
strategies to address and manage obesity
among primiparous women, including
personalized diet plans and exercise regimens
tailored to the unique needs of expectant
mothers.
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