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Introduction
Low birth weight (LBW) is one of the 
fundamental hazard elements for newborn 
child morbidity and mortality.[1] As per 
World Health Organization (WHO), an 
infant weighing under 2500 g (5.5 pounds) 
during childbirth is named as LBW 
neonate.[2]

LBW is a multifactorial wonder. 
Numerous maternal and fetal variables are 
observed fundamentally to be connected 
with the LBW.[3] Although many risk 
factors associated with LBW have been 
distinguished, around half of all cases are 
of obscure ethology.[1]

LBW is connected with ahead of schedule 
and late bleak conditions, for example, 
coronary illness, noninsulin subordinate 
diabetes, adolescence hypertension, 
behavioral clutters, debilitated intellectual 
capacity, mental scatters, and these as 
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Abstract
Background: In this study, we evaluated assessed elements connected with low birth weight (LBW) 
and used decision curve analysis (DCA) to define a scale to anticipate the probability of having a 
LBW newborn child. Methods: This hospital‑based case–control study was led in Arak Hospital in 
Iran. The study included 470 mothers with LBW neonate and 470 mothers with natural neonates. 
Information were gathered by meeting moms utilizing preplanned organized questionnaire and from 
hospital records. The estimated probabilities of detecting LBW were calculated using the logistic 
regression and DCA to quantify the clinical consequences and its validation. Results: Factors 
significantly associated with LBW were premature membrane rupture (odds ratio [OR] = 3.18 [1.882–
5.384]), former LBW infants (OR = 2.99 [1.510–5.932]), premature pain (OR = 2.70 [1.659–
4.415]), hypertension in pregnancy (OR = 2.39 [1.429–4.019]), last trimester of pregnancy 
bleeding (OR = 2.58 [1.018–6.583]), mother age >30 (OR = 2.17 [1.350–3.498]). However, with 
DCA, the prediction model made on these 15 variables has a net benefit (NB) of 0.3110 is best 
predictive with the highest NB. NB has simple clinical interpretation and utilizing the model is what 
might as well be called a procedure that distinguished what might as well be called 31.1 LBW per 
100 cases with no superfluous recognize. Conclusions: It is conceivable to foresee LBW utilizing a 
prediction model show in light of noteworthy hazard components connected with LBW. The majority 
of the hazard elements for LBW are preventable, and moms can be alluded amid early pregnancy to 
a middle which is furnished with facilities for administration of high hazard pregnancy and LBW 
infant.
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a rule have long haul money‑related 
weight[4] what’s more, the event of 
hypertension, insulin resistance, 
hypercholesterolemia and hyperuricemia 
in grown‑up life and the occurrence of 
hypertension, insulin resistance, and 
hyperuricemia in adult life.[5]

LBW and prematurity are the second 
driving reason for newborn child mortality 
after congenital anomalies but contribute 
disproportionately to the infant mortality 
rate (deaths in the 1st year after birth).[6] 
Infants with an LBW are 40 times more 
likely to die than newborn children with 
normal birth weight (NBW). Newborn 
children with LBW are at a much higher 
danger of being conceived with cerebral 
paralysis, mental hindrance, and other 
tangible and intellectual disabilities, 
contrasted with infants of NBW.[7]

Prediction models are utilized to 
assess the probability of the presence a 
specific disease (diagnosis) or to assess 

[Downloaded free from http://www.ijpvmjournal.net on Tuesday, July 25, 2017, IP: 176.102.231.251]



Rejali, et al.: Predict a low birth weight with decision curve analysis

International Journal of Preventive Medicine 2017, 8: 532

and gestational diabetes], and medical record reviews of 
newborns) and 72 items in pregnant women consider that 
these same papers more was evaluated according to the 
number of variable items that were selected. The main part 
of the data was collected through face‑to‑face maternal 
interview and other parts with medical record reviews 
of newborns. In questionnaire survey, talk on ethical 
issues and all participants completed the questionnaires 
voluntarily and with consent.

Statistical analysis

In this study, using comparisons between groups were 
performed using the Chi‑square test with Yates correction (or 
Fisher’s exact test and likelihood ratio where appropriate) 
for nominal variables, and the Student’s t‑test for 
continuous variables, and then, exploratory factor analysis 
of four variables, socioeconomic status, preconception 
cares, pregnancy cares, and pregnancy‑related factors were 
made with principle component analysis method to reduce 
the data for subsequent analysis.

Second, aimed at fitting, logistic regression model on data 
obtained from the questionnaire to describe the relationship 
between the response variable (dependent) and a set of 
predictor variables (independent) in order of importance 
and the impact of each predictor variable on LBW 
infants, and selecting the best model with the highest NB 
using DCA. Accordingly, the most influential variables in 
predicting a LBW infant are determined.

This analysis is designed to calculate the clinical utility 
of prediction models. Using DCA, the relative impact of 
false‑positive and false‑negative results produced by the 
prediction model is measured to yield the “net benefit” for 
the model.[13]

The formula for NB goes back to work published long 
ago (first attributed to Peirce):[14]

(TP – FP)NB
N

=
w

Where

TP: True positive count,

1 –
= t

t

p
w

p
,

FP: False‑positive count,

N: Total number of patients.

In this method, we utilize the hypothetical relationship 
between the threshold probability of disease and the 
relative value of false‑positive and false‑negative outcomes 
to determine the value of a prediction model.[9] To judge, 
whether pi is high sufficiently, one should weigh the 
profit P acquired by diagnosed an individual with the 
problem and the loss L caused by diagnosed an individual 
without the problem. Threshold probability defined by 
pt = L/(L + P). The threshold probability pt, and hence, the 

the probability of developing a specific result in the 
future (prognosis). New method based on decision curve 
analysis (DCA) has recently been introduce.[8]

DCA is a novel technique for assessing diagnostic tests, 
prediction models, and molecular markers. The key idea 
for this type of assessment is the “net benefit.”[9,10]

DCA joins the mathematical simplicity of accuracy 
measures, such as sensitivity and specificity, with the 
clinical applicability of decision analytic approaches. 
Most critically, DCA can be applied straightforwardly 
to a data set[10] and could identify the range of threshold 
probabilities, in which a model was of value, the magnitude 
of advantage, and which of several models was ideal.[9]

Diagnostic and prognostic models are ordinarily assessed 
with measures of accuracy that do not address clinical 
outcomes. Decision‑analytic techniques permit assessment 
of clinical outcomes, but frequently require accumulation 
of extra data (costs, benefits, and preferences), and may be 
bulky to apply to models that yield a persistent outcome.[9]

However, in recent years, many researchers on the risk 
factors influencing the LBW have been working; however, 
for the first time, we looked a technique for assessing and 
contrasting prediction models that incorporates clinical 
outcomes, requires just the dataset on which the models 
are tested, and can be applied to models that have either 
continuous or dichotomous outcomes and the requirement 
for such a scale was strongly felt, and this study was 
attempted with the objective of ensuing a prediction scale 
for LBW.

Methods
This hospital‑based case–control study was conducted 
in Arak Hospital in Iran. The sample size was calculated 
based on the LBW prevalence of 9.1%.[11]

Totally, 470 mothers of LBW infants (2500 g or less) 
referred to one of the hospitals in Arak town for delivery 
in 2014 were chosen as case group, and 470 mothers with 
NBW infants (weighing 2500–4000 g) participated in this 
study from that hospital as control group. In this study, 
the data were collected using pretested interviewer guided 
semi‑structured checklist. The instrument was prepared 
reviewing similar literature[12] and was reviewed and 
completed by Arak Health Department.

The checklist consisting of ten parts (demographic 
specification, socioeconomic status, preconception cares, 
prenatal care, factors associated with childbirth, maternal 
exposure to tobacco products [passive smoker], medical 
history [specific drug consumption, history of heart disease, 
and diabetes], previous high‑risk pregnancy [false labor, 
recurrent or late miscarriage, infants weighing <2500 g], 
complications of pregnancy and childbirth in the recent 
pregnancy [hypertension, premature membrane rupture, 
last trimester bleeding, false labor, multiple pregnancy, 
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decision to selector not to select for the diagnosed, is thus 
a one‑to‑one function of the ratio L/P which is educational 
of how a clinician or a patient weighs the relative harms of 
false‑positive and false‑negative outcomes.[15]

When displayed graphically, the resulting curves illustrate 
the NB across all possible threshold probabilities (0–1) 
through weighing the relative harm of a false‑positive or 
false‑negative result to the benefit of a true‑positive or 
true‑negative result. As an additional assessment of clinical 
utility, the DCA curves of each model were also compared 
to two other theoretical scenarios: One, in which every 
cases be have LBW (all cases are correctly predicted and as 
sensitivity is 100% and specificity 0%) and one, in which 
no cases have LBW (zero), regardless of the probability 
of LBW. Description of the decision curve relies on 
comparing the NB of the test, model or marker with that of 
a procedure of “treat all” and “treat none” (parallel to the x 
axis at NB of zero).[10]

Moreover, the favorable strategy is that with the highest 
clinical NB. Take note of that the unit for NB is the number 
of true cases discovered per patient and therefore has most 
extreme esteem at the prevalence π: All cases found, with 
no false positives.[16]

Code for executing DCA in both R and Stata is accessible 
from https://www.mskcc.org/departments/epidemiology‑
biostatistics/health‑outcomes/decision‑curve‑analysis‑01.

The R code spares threshold probabilities with the NB 
for every model; this can then be utilized to diagram the 
decision curve. The Stata code makes a graph directly, 
optionally sparing NBs at every threshold as a data set.[17]

In this research, the data were analyzed using SPSS 
software‑version 20, and we have written statistical formula 
to implement DCA in Microsoft Excel 2013 version.

Results
In this study, the mean age of LBW and NBW infant mothers 
was approximately 29 years (29.8 ± 4.8 vs. 29.8 ± 5.6) 
[Table 1]. However, in mothers aged ≤30 years, LBW rate 
increased 2.17 times which was statistically significant 
(P < 0.001, odds ratio [OR] = 2.17). With increasing levels 
of parental education, the LBW percentage increased among 
mothers so that college‑educated mothers (25.3%) or those 
with college‑educated husbands (26.8%) will experience 
LBW with a higher percentage while it was contrary to 
uneducated mothers. In addition, 26% of those surveyed 
were housewives and others were employed women.

The prevalence of underweight in twin or multiple 
pregnancy was more than in singleton (24% vs. 0.6%, 
P < 0.000). LBW infant percentage in the first child (55.1%) 
was more than other children, and the percentage of LBW 
decreased with increasing birth rate. The time interval to 
the recent pregnancy was approximately 36.9 months in 
both groups of mothers (37.7 vs. 36.1).

Besides, the results of the study showed that most LBW 
infants were delivered by cesarean (71.9%) and not by 
normal vaginal delivery (28.1%) which was statistically 
significant (P < 0.004, OR = 1.5), and some of their 
mothers had experienced LBW (11.7%) (OR = 2.99, 
P < 0.002), premature membrane rupture in current 
pregnancy (21.3%) (OR = 3.18, P < 0.000) and false 
labor (23.6%) (OR = 2.70, P < 0.000) and last trimester 
bleeding (5.3%) (OR = 2.58, P < 046).

1.5% of the mothers participating in the study had 
experienced a history of cardiovascular disease 
(0.9% vs. 2.1%), 10.1% of them had suffered from 
hypertension (14.5% vs. 5.7%) in their pregnancy, 20.5% 
of mothers had experienced passive smoker exposed to 
tobacco products (21.7% vs. 19.4%), and 5.1% of them 
had diabetes (4.7% vs. 5.5%) among which the birth of 
a LBW infant just with hypertension was statistically 
significant (OR = 2.39, P < 001).

Forty‑seven percent of mothers had experienced prenatal 
cares, counseling and pregnancy history examination and 
were suffering from underlying diseases, of which 18.7% 
of these cares had been carried out in the public sector, and 
the percentage of LBW infants was less among mothers 
referred to the health centers to receive prenatal cares than 
those admitted to a private clinics. In addition, 90% of 
mothers have consumed iron supplements, folic acid, and 
multivitamins during their pregnancy.

According to the predictor variables, 13 logistic regression 
models were obtained to identify factors affecting LBW 
infants’ data. We began from single models (one‑variable) 
and continued to the last model that included 18 
variables. Using Hosmer–Lemeshow test statistics (it 
suggests that the data are well fitted with the model), 
the significant models (test statistic ≥0.05) were selected, 
and then, the model with highest Nagelkerke’s statistics 
was selected. This statistic shows the extent the model 
was able to explain changes of the dependent variable 
[Tables 2 and 3].

The threshold probability exists in predictive models, 
diagnostic tests, and molecular markers and can lead to a 
variety of decision curves. In the present study, according 
to the WHO criteria for LBW infant and also considering 
that the researchers in this study used logistic regression 
models to identify the most influential variables to predict 
the LBW infant. The resulting probability for an infant 
weighing less than 2500 g in this model was used as the 
threshold probability [Tables 4 and 5].

The NB amount in this model was 0.311, which is 
equivalent to this strategy that can predict 31 LBW infants 
in 100 cases with no unrealistic reported cases [Figure 1].

Univariate model unlike the best model does not have any 
desired net profit for our predictor. In addition, since the 
NB from predictive model (0.049) is equaled with the NB 
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Table 1: Demographic and obstetric characteristics in the two groups
Variable LBW (n=470), n (%) NBW (n=470), n (%) P
Number of family members*, mean±SD 3.29±1.223 3.14±1.007 0.051
Gravidity*, mean±SD 1.88±1.060 1.83±0.929 0.531
Distance between your maternity (mount)*, mean±SD 36.10±46.438 37.74±46.395 0.590
Mother education**

Illiterate 8 (1.7) 5 (1.1) 0.201
Primary 80 (17) 75 (16)
Secondary 78 (16.6) 84 (17.9)
High school 35 (7.4) 34 (7.2)
Diploma 150 (31.9) 180 (38.2)
Academic 119 (25.3) 92 (19.6)

Employment status**
Homemakers 346 (49.8) 349 (50.2) 0.084
Inside the room 60 (42.9) 80 (57.1)
Private sector 16 (57.1) 12 (42.9)
Public sector 42 (61.8) 26 (38.2)
Other 6 (66.7) 3 (33.3)

Car usage**
No 242 (51.5) 191 (40.6) 0.003
Use for income 56 (11.9) 70 (14.9)
Just commuting 165 (35.1) 191 (40.6)
Over 7 (1.5) 18 (3.8)

Pregestational care**
Yes public 234 (49.8) 264 (56.2) 0.005
Yes private 79 (16.8) 97 (55.1)
Yes both 131 (27.9) 95 (20.2)
No 26 (5.5) 14 (3)

Question about background disease**
Yes public 301 (64) 304 (64.7) 0.007
Yes private 50 (10.6) 80 (18)
Yes both 89 (18.9) 71 (15.1)
No 26 (5.5) 13 (33.3)
Not now 4 (66.7) 2 (2.8)

Prenatal visit**
Yes public 166 (35.3) 197 (41.9) 0.044
Yes private 189 (40.2) 146 (31.1)
Yes both 61 (13) 62 (13.2)
No 49 (10.4) 56 (11.93)
Not now 5 (1.1) 9 (1.93)

Supplementation with iron**
Yes 433 (92.1) 437 (93) 0.736
Often 25 (5.3) 20 (4.3)
No 12 (2.6) 13 (2.8)

Supplementation with multivitamins**
Yes 401 (85.3) 419 (89.1) 0.206
Often 39 (8.3) 30 (6.4)
No 30 (6.4) 21 (4.5)

Other smoker**
Yes 102 (21.7) 91 (19.4) 0.210
No 368 (78.3) 379 (80.6)

Diabete**
Yes 17 (3.6) 12 (2.6) 0.346
No 453 (96.4) 458 (97.4)
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Table 1: Contd...
Variable LBW (n=470), n (%) NBW (n=470), n (%) P
Last trimester bleeding**

Yes 36 (7.7) 11 (2.3) 0.000
No 434 (92.3) 459 (97.7)

LBW**
Yes 55 (11.7) 15 (3.2) 0.000
No 415 (88.3) 455 (96.8)

Multiple pregnancy**
Yes 113 (24) 3 (0.6) 0.000
No 357 (76) 467 (99.4)

Gestational diabetes**
Yes 22 (4.7) 26 (5.5) 0.553
No 448 (95.3) 444 (94.5)
Parity*, mean±SD 1.59±0.810 1.62±0.726 0.641
Number of abortion*, mean±SD 0.32±0.733 0.23±0.547 0.030

Location**
Rural 94 (20) 96 (20.4) 0.871
Urban 376 (80) 374 (79.6)

Wife education**
Illiterate 10 (2.1) 11 (2.3) 0.182
Primary 79 (16.8) 67 (14.3)
Secondary 85 (18.1) 93 (19.8)
High school 35 (7.4) 39 (8.7)
Diploma 135 (28.7) 162 (34.5)
Academic 126 (26.8) 98 (20.8)

Residence status**
Rental 213 (52) 197 (48) 0.036
Partnership 57 (59.4) 39 (40.6)
Owner 200 (46.1) 234 (53.9)

Income**
<200 53 (11.3) 52 (11.2) 0.954
200‑500 250 (53.2) 259 (55.1)
500‑1000 137 (29.1) 134 (28.5)
1000‑2000 26 (5.5) 22 (4.7)
>2000 4 (0.9) 3 (0.6)

Question about previous pregnancy**
Yes public 265 (56.4) 290 (61.7) 0.000
Yes private 59 (12.6) 89 (18.9)
Yes both 109 (23.2) 75 (16)
No 33 (7) 13 (2.8)
Not now 4 (0.9) 3 (0.6)

Recent prenatal care**
Yes public 167 (35.3) 210 (44.7) 0.017
Yes private 212 (25.1) 173 (36.8)
Yes both 85 (18.1) 77 (16.4)
No 6 (1.3) 10 (2.1)

Check the history of underlying disease**
Yes public center 145 (30.9) 187 (56.3) 0.011
Yes private center 168 (35.7) 128 (27.2)
Yes both 48 (10.2) 59 (12.6)
No 106 (23.6) 92 (19.6)
Not now 3 (0.6) 4 (0.9)
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of the treated all model (0.049), an accurate prediction 
cannot be achieved [Figure 2].

Discussion
In recent years, with advances in perinatal cares and with 
setting up Neonatal Intensive Care Unit, survival rate of 
low‑weight and very low‑weight premature infants had 
a significant increase. However, the increased survival 
of these infants was not concurrent with reducing LBW 
effects and those babies who survived are more susceptible 
to problems such as severe disabilities, mental retardation, 
cerebral palsy, and vision and hearing issues.[18] Social 
Development Plan (2007–2011) was aimed to reduce the 
LBW incidence to lower than 7% of all births.[19] The 
incidence of LBW in Arak Hospital was 9.1% in 2006. It is 

important to identified risk factors of LBW to protect this 
problem.[11]

Like different studies from developing countries,[4,12,20‑24] 
the present study has found that danger of having a LBW 
infant is multifactorial in origin. Numerous maternal, 
biosocial, medicinal, and obstetric variables contribute to 
the occurrence of LBW.[25]

Ghavy et al. in a historical cohort study with multiple 
logistic regression (back Wald and Lemeshow test) found 
that referred to health centers to receive prenatal cares than 
those admitted to the public hospital or private clinics/
health centers have dependent effect in causing LBW.[12] 
In this study, the mothers referred to public health centers 
to receive preconception cares experienced less LBW rate 
than those referred to private clinics.

Table 2: Net benefit obtained from use decision curve analysis on logistic regression prediction models
Models Threshold 

probability (Pt)
Treat 

none (NB0)
Treat 

all (NB1)
Net 

benefit (NB)
Model 1 0.47371 0 0.0499 0.0499
Model 2 0.27634 0 0.309 0.311
Model 3 0.27931 0 0.3062 0.3078
NB0=The net benefit for the strategy of supposing no cases is defined as zero, NB1=The net benefit for the strategy of supposing all cases. As 
sensitivity is 100% and specificity 0%, NB=The net benefit for the logistic regression models, Model 1=Fac3 (recent prenatal care, prenatal 
visit and underlying disease, supplementation with iron, folic acid and multivitamins) (profitable single model), Model 2=Profitable model to 
predict LBW in pregnant mothers, Model 3=End model that all variables that considered. LBW=Low birth weight

Table 1: Contd..
Variable LBW (n=470), n (%) NBW (n=470), n (%) P
Supplementation with folic acid**

Yes 420 (89.4) 428 (91.1) 0.618
Often 32 (6.8) 25 (5.3)
No 18 (3.8) 17 (3.6)

Hypertension**
Yes 68 (14.5) 27 (5.7) 0.000
No 402 (85.5) 443 (94.3)

Heart disease**
Yes 4 (0.9) 10 (2.1) 0.106
No 466 (99.1) 460 (97.9)

Special drug**
Yes 85 (18.1) 77 (47.5) 0.490
No 385 (49.5) 393 (50.5)

Abortion**
Yes 22 (55) 18 (16.4) 0.518
No 448 (95.3) 452 (96.2)

Premature membrane rupture**
Yes 100 (21.3) 24 (5.1) 0.000
No 370 (78.7) 446 (94.9)

Premature pain**
Yes 111 (23.6) 31 (21.8) 0.000
No 359 (76.4) 439 (93.4)

Mother age**
>30 83 (17.7) 39 (8.3) 0.000
<30 £ 387 (82.3) 431 (91.7) 
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Sharma et al. identified that one of the most significant 
findings to emerge from this study is the maternal age. 
Analysis by age group revealed a significant positive 
relationship between age more than 30 years and risk of 
LBW.[23] In the present study, there was a statistically 
significant relationship between high maternal age (<30) 
and an LBW (P < 0.001, OR = 2.17). Besides, this was 

one of the best predictive logistic regression model variable 
based on the DCA.

Muchemi et al. in a study entitled, “Factors associated 
with low birth weight among neonates born at Olkalou 
District Hospital, Central Region, Kenya” on logistic 
regression found a significant positive relationship 
between LBW delivery in a past birth (OR = 4.7, 
95% confidence interval [CI] =1.53–14.24), premature 
membrane rupture (OR = 2.95, 95% CI = 1.14–7.62), 
premature births (OR = 3.65, 95% CI = 1.31–10.38).[26] 
In another study by Mirzarahimi et al., they reported that 
risk of LBW in term newborn children expanded by 
multiple pregnancy (OR: 3.77, CI: 1.41–10.0), bleeding 
and spotting (OR: 2.23, CI = 1.22–4.07).[27] The results of 
this study are consistent with that of the aforementioned 
studies on the relationship between previous history of 
LBW (OR = 2.99, P < 0.002), premature membrane 
rupture (P < 0.000, OR = 3.18), false labor (OR = 2.70, 
P < 0.000), and last trimester of pregnancy 
bleeding (P < 0.046, OR = 2.58) and these variables were 
included as best predictive model variables based on the 
DCA.

A study from India by Mumbare et al. on logistic 
regression at revealed that the primary hazard components 
for SGA recognized were exposure to tobacco, maternal 
hypertension were associated with delivery of a LBW 

Table 3: Factors affecting the birth weight as determined 
by a multiple regression analysis (profitable model)

P OR (95% CI)
Fac2 0.192 1.049 (0.976‑1.126)
Membran rupture 0.000 3.183 (1.882‑5.384)
LBW in previous 
pregnancies

0.002 2.993 (1.510‑5.932)

Premature pain 0.000 2.706 (1.659‑4.415)
Hypertension 0.001 2.396 (1.429‑4.019)
Other smoker 0.11 1.355 (0.933‑1.969)
bleeding 0.046 2.588 (1.018‑6.583)
Heart disease 0.137 0.333 (0.078‑1.420)
Fac1 0.252 0.958 (0.891‑1.031)
Fac3 0.464 1.067 (0.897‑1.269)
Diabete 0.071 0.411 (0.157‑1.078)
Fac4 0.291 0.997 (0.991‑1.003)
Mother age >30 0.001 2.173 (1.350‑3.498)
Fac 1, 2, 3 and 4, are variables obtained from factor analysis and 
used in interpretation of the component results with extraction ≥0.8. 
Fac1=Number of family, location, mother education, employment 
status, wife education, residence status, car usage, income, 
Fac2=Pregestational care, question about previous pregnancy, 
question about background disease, Fac3=Recent prenatal care, 
prenatal visit, underlying disease, supplementation with iron, folic 
acid, multivitamins, Fac4=Delivery, parity, gravidity, number 
of abortion, distance between your maternity. OR=Odds ratio, 
CI=Confidence interval, LBW=Low birth weight

Table 4: Relationship between true low birth weight 
status and result of prediction model with a positivity 
criterion of 0.2763 predicted probability of low birth 

weight (profitable model (12) with the highest net benefit)
Prediction 
model 
threshold 
probability

Observation
n=940 Weight ≤2500 g Weight >2500 g

P≤0.2763 Yes 457 431
No 13 39

Table 5: Calculate the net benefit for profitable model and treat all (n=940)
Negative True 

positive
False‑positive Net benefit calculation Net benefit

Case if 
risk 
≥0.2763

52 457 431 457 – 431(0.276 ÷ 0.7233 7)
940

0.311

All 0 470 470 470 – 470 (0.276 ÷ 0.7233 7)
940

0.309
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Figure 1: Decision curve analysis for profitable model to predict LBW in 
pregnant mothers. Solid  line: Prediction model. Dotted  line: assume all 
cases be have LBW (all cases are correctly predicted). Thin line: assume 
no cases be have LBW. The graph gives  the  expected net benefit per 
case relative to no LBW in any case (“treat none”). The unit is the benefit 
associated with  report  a  LBW baby  in  pregnant mother without  any 
false‑positive report. LBW: Low birth weight
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infants.[22] Another study from India by Jena et al. showed 
that the maternal factor like passive smoking is significant 
risk factor for LBW babies.[20] In this study, hypertension 
during the recent pregnancy and maternal exposure to 
tobacco products (passive smoker) based on DCA was 
included as the variables of the Best Predictive Logistic 
Regression Model.

In a study by Vega et al., multivariate logistic regression 
analysis demonstrated that some variables: Number of 
pregnancies, past adverse result, and past LBW were 
significantly associated with LBW.[24] Moreover, in a same 
article, Aregay et al. in the first step bivariate analysis were 
employed to see the association between exposures versus 
outcome variables. Eventually, factors that are discovered 
statistically significant under bivariate investigation were 
entered into multiple logistic regression models to recognize 
independent predictors of LBW that found gravidity greater 
than 5 and 1, parity greater than 5 and 1, gestational 
age <37 weeks, and inter‑pregnancy interval (<18 month) 
were significant maternal risk factors of LBW.[21] In this 
study, there was not a statistically significant relationship 
between the LBW infant and the number of pregnancies, 
the number of previous childbirths, and the time interval 
with the last delivery or abortion. However, based on 
DCA, they were included as Predictive Logistic Regression 
Model variables.

Christian in a double‑blind randomized controlled trial that 
fitted generalized estimating equations binomial regression 
models found folic acid‑iron expanded mean birth weight 
by 37 g (95% CI: 16–90 g) and lessened the rate of 
LBW babies (<2500 g) from 43% to 34% (16%; relative 
risk = 0.84, 0.72–0.99) and multivitamins supplementation 
expanded birth weight by 64 g (12–115 g) and decreased 
the rate of low birth weight babies by 14% (0.86, 0.74–
0.99).[28] In this study, the use of iron supplements, folic 
acid, and multivitamins are some of the preventers of LBW 
infants by a pregnant mother and included as the Best 
Predictive Model variables with highest NB.

Research to date has been restricted regarding assessment 
of the capacity of maternal factors to predict the risk 
of LBW. In spite of huge effect of LBW on neonatal 
mortality and morbidity, little work has been done to 
foresee its plausibility only two studies directed in 
Ohio, USA (proposed a four‑figure scale low family 
working, unpleasant occasions, Quetelet’s Index and 
cigarette smoking) which anticipated LBW that used 
receiver operating characteristic curve analysis with 65% 
sensitivity, 84% specificity and 42% PPV[29] and the latter 
in India (proposed a six–factor scale deficient weight pick 
up by the mother amid pregnancy [<8.9 kg], insufficient 
proteins in eating regimen [<47 g/day], past preterm child, 
past LBW infant, pallid mother and passive smoking) with 
a sensitivity of 71.58% and specificity of 66.98%.[25]

Utilizing the after effects of record study, the creators 
used DCA to comparatively assess the maternal 
parameters concerning their capacity to anticipate LBW 
delivery and formulated a prediction model or scale to 
foresee LBW with supplementation with iron, folic acid, 
and multivitamins during pregnancy, twin or multiple 
pregnancy, premature membrane rupture, former LBW 
infants (weighing >2500 g), false labor, hypertension in 
pregnancy, maternal exposure to tobacco products (passive 
smoker), last trimester of pregnancy bleeding, a history 
of cardiovascular disease, mother and spouse’s education 
level, mother age >30, preconception cares, counseling 
about pregnancy and underlying diseases history in the 
private sector, history of diabetes, number of pregnancies, 
and parities that used DCA with 0.3110 NB.

NB has simple clinical interpretation, and this model with 
NB of 0.3110 at pt of 0.2763 had profitable among other 
and utilizing the model is what might as well be called 
a methodology that distinguished what might as well be 
called 31.1 LBW per 100 cases with no unnecessary detect.

Other researchers also have used the DCA in their studies. 
A common point of all these studies is prediction of an 
outcome using available clinical results. For example, Mr. 
Vickers and Ms. Elkin used a prostate cancer study data in 
their research for the introduction of this method. In this 
study, prostate‑specific antigen was used to predict seminal 
vesicle invasion.[9] Many researches have been carried out 
on the subject using this model.[13,30‑32]

Furthermore, Bevevino et al. also used this model in 
their study entitled “A Model to Predict Limb Salvage 
in Severe Combat‑related Open Calcaneus Fractures” to 
examine the possibility of amputation of an injured person 
in the open bone fractures which is a major challenge in 
making decision for clinician and patient on limb salvage 
or amputation.[13] Moreover, this method has been widely 
used for comparing different statistical models in predicting 
clinical results.[33‑36]

A restriction of this study is that the specimens were taken 
from hospital center conveyances, and this was a solitary 
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Figure 2: Decision curve analysis for single variable model to predict LBW 
in pregnant mothers. Solid  line: Prediction model. Dotted  line: Assume 
all cases be have LBW. Thin line: Assume no cases be have LBW. LBW: 
Low birth weight
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site study. Extra constraints relate to any case–control 
ponder – i.e., failure to calculate relative risk, unforeseeable 
risk factor incidence, and memory/recall bias.

Conclusions
It is conceivable to foresee LBW utilizing a prediction 
model. The biostatistical writing has solely been worried 
with strategies for assessing the precision of predictive 
models, diagnostic tests, and molecular markers. While we 
have to know not just whether a diagnostic test, predictive 
model or molecular marker is precise, yet whether it is 
useful clinically. A large portion of the hazard elements 
for LBW is preventable. This model will do chance 
stratification of moms and to distinguish those at danger 
of having a LBW infant. Subsequently, these moms can be 
alluded amid early pregnancy to a center which is outfitted 
with facilities for administration of high hazard pregnancy 
and LBW babies.
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