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Abstract 

Aims/Objectives: Gestational outcomes are influenced by a variety of 

maternal factors, including diabetes, yet not all pregnant women with 

gestational diabetes experience abnormal variations. It is, therefore, essential 

to examine additional predictors of gestational variations amongst women. 

Subject/Methods: Data were obtained from the Biostatistics Department of 

the War Memorial Hospital in Navrongo, Ghana. Records of 1085 mothers 

and their children were collected between January 2014 and January 2017, and 

analysed using the quadratic discriminant analysis to evaluate the impact of 

maternal and neonatal characteristics on gestational variation. Results: 

Maternal parity, age, and the weight of the newborn were the principal 

discriminating variables. Of these, parity was the most significant factor in 

distinguishing between deliveries below the Estimated Date of Confinement 

(EDC) within EDC, and above EDC. Conclusion: Parity was identified as the 

leading factor influencing gestational variation. The study recommends 

further research into the biochemical and physiological mechanisms linking 

parity to gestational outcomes. 
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Introduction  

Gestation refers to the period between conception and birth. Clinically, 

gestational age is calculated from the last day of the mother’s menstrual cycle, 

with a typical duration of  40weeks (280 days). The due date is termed the 

estimated date of confinement (EDC), yet only about 4% of women deliver 

within the EDC (Ohuma E. et al., 2023). Deviation from EDC results in 

preterm and post-term births, both of which are associated with elevated risks 

of maternal and neonatal morbidity and mortality. Because of the scale of these 

risks and their contribution to global health burdens, the World Health 

Organization (WHO) proposed some measures in 2010 to minimize mortality 

related to premature deliveries by 50% between 2010 and 2015.  

Globally, preterm birth (PTB) affects over 13 million infants annually, 

representing more than 10% of all births (WHO, 2021). Sub-Saharan Africa 

and South Asia account for approximately 60% of these cases. In Ghana, 

preterm birth is a leading cause of neonatal mortality, contributing 

significantly to the estimated 29,000 newborn deaths each year (UNICEF-

WHO, 2015). Post-term pregnancies increase risks of macrosomia, maternal 

injuries, and perinatal complications (Sam, 2021). 

Previous research has associated PTB and post-term outcomes with 

factors such as maternal age, parity, birth weight, and maternal height 

(Bakhteyor et al., 2012; Yamoah, 2014; Derraik et al., 2016). However, 

limited studies have applied advanced classification methods to evaluate these 

predictors in Ghanaian populations. This study addresses this gap by 

employing quadratic discriminant analysis (QDA) to classify gestational 

outcomes among mothers in Navrongo, Ghana. 

 

Methods 

Sample  

Data were sourced from the War Memorial Hospital, Navrongo, 

covering January 2014 to January 2017. The sample consisted of a total of 

1085 mother-infant pairs. Variables included the maternal age, height, parity, 

complications, gestational period, and infant birth weight. 

 

Study Area 

The study was conducted in Kasena-Nankana Municipality, Upper 

East Region, Ghana. The municipality had a population of approximately 

163,620 (Ghana Statistical Service, 2010) and relies primarily on agriculture. 

The War Memorial Hospital serves as the principal referral centre. 

 

Analytical Approach  

The Quadratic Discriminant Analysis (QDA) was employed to classify 

gestational outcomes into three categories: below EDC (≤ 37weeks), within 
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EDC (38–40 weeks), and above EDC (≥ 41weeks). QDA was selected 

following diagnostic tests confirming unequal covariance matrices across 

groups. Cross-validation was applied to estimate error rates. 

 

Discriminant Analysis 

Discriminant Analysis (DA) is a multivariate statistical technique used 

to determine which variables discriminate between two or more naturally 

occurring groups. Through DA, one may classify women into two or more 

mutually exclusive and exhaustive groups on the basis of a set of independent 

variables. 

 

Linear Discriminant/Classification Model (𝛴𝑖 = 𝛴𝑗 = 𝛴 ) 

Assume that the two populations 𝜋1and 𝜋2 have multivariate normal 

densities  𝑋′ = [𝑥1, 𝑥2, . . . , 𝑥𝑝] and that their respective mean vectors and 

covariance matrices are,  𝜇1, 𝛴1 and  𝜇2, 𝛴2 correspondingly given by 

𝑓𝑖(𝑥) =
1

(2𝜋)
𝑝
2|𝛴|

1
2

 𝑒𝑥𝑝 [−
1

2
(𝑥 −  𝜇𝑖)′𝛴−1(𝑥 −  𝜇𝑖)]   𝑓𝑜𝑟 𝑖 = 1, 2 

(1) 

 

The allocation rule that minimizes the expected cost of  misclassification 

(ECM) is given by:  Allocate 𝑥0 to 𝜋1 if: 

(µ1  −  µ2)′𝛴−1𝑥0 −
1

2
(𝜇1 − 𝜇2)′𝛴−1(𝜇1 + 𝜇2) ≥𝑙𝑛 ln [(

𝑐 (
1
2)

𝑐 (
2
1)

) (
𝑝2

𝑝1
)] 

(2) 

 

Allocate 𝑥0 to 𝜋2 otherwise (Johnson and Wichern 2007). 

 

The population parameters in  (2) can be replaced by its sample estimates; 

𝑥1, 𝑥2 and Spooled . Given a special case when there are equal prior probabilities 

and equal misclassification cost, then we assign 𝑥0 to 𝜋1 if: 

(𝑥1  − 𝑥2)
′
 𝑆𝑝𝑜𝑜𝑙𝑒𝑑

−1 𝑥 −  
1

2
(𝑥1  − 𝑥2)

′
 𝑆𝑝𝑜𝑜𝑙𝑒𝑑

−1  (𝑥1 + 𝑥2)
′
   ≥ 0 

(3) 

 

We can estimate additional discriminant functions, such as the one shown 

above, when there are more than two groups. When there are three groups, for 

instance, we could estimate two functions: one to distinguish between group 

1 and the combination of groups 2 and 3, and another to distinguish between 

group 2 and group 3. We could, for instance, have a function that distinguishes 
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between high school graduates who attend college and those who do not 

(rather, go on to get a job or attend a professional school), and another function 

that distinguishes between graduates who attend professional schools and 

those who do not. The coefficients in those discriminant functions could then 

be interpreted as before. 

 

The Quadratic Classification Model (𝛴𝑖 ≠ 𝛴 𝑗) 

The density ratio serves as the decision boundary or the minimum 

estimated cost of misclassification f1(x)/f2(x). Substituting multivariate normal 

densities with different covariance matrices into (1) after taking natural 

logarithms and simplifying, the resulting classification regions are: 

𝑅1: −
1

2
𝑥′(𝛴1

−1 − 𝛴2
−1)𝑥 + (µ′

1𝛴1
−1 − µ′

2𝛴2
−1)𝑥 − 𝐾

≥𝑙𝑛 𝑙𝑛 [(
𝑐(1/2)

𝑐(2/1)
) (

𝑝2

𝑝1
)]  

𝑅2: −
1

2
𝑥′(𝛴1

−1 − 𝛴2
−1)𝑥 + (µ′

1𝛴1
−1 − µ′

2𝛴2
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≥𝑙𝑛 ln [(
𝑐 (

1
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𝑐 (
2
1)

) (
𝑝2

𝑝1
)]  

(4)  
 

By substituting sample estimates for population parameters, the allocation 

function that reduces the expected cost of misclassification is obtained, and 

the minimal ECM is given as follows: 

 

Allocate 𝑥0 to 𝜋1 if: 

−
1

2
𝑥′

0(𝑆1
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(5)  
 

Allocate 𝑥0 to 𝜋2 otherwise (Johnson and Wichern 2007). 

Where, 
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1
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1

2
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(
𝑐(1/2)

𝑐(2/1)
) is the expected cost ratio and (

𝑝2

𝑝1
) is the prior probability ratio. 

If we assume that there are equal prior probability and misclassification costs 

for each population, the allocation rule becomes, 

−
1

2
𝑥′

0(𝑆1
−1 − 𝑆2

−1)𝑥0 + (𝑥′
1

𝑆1
−1 − 𝑆2

−1𝑥′
2

) 𝑥0 − 𝐾 ≥ 1 

(7) 

 

Error Rate Estimation 

The holdout or cross-validation approach was used to assess the 

performance of the classification function. This method usually holds one 

observation and classifies the hold-out observation. The process is repeated 

until all observations are classified, producing unbiased estimates of the 

misclassification probabilities (Lachenbruch and Mickey 1968). 

 

Organization of Data 

Three categories, below EDC, within EDC, and above EDC, were used 

to categorize the gestational differences of mothers. Conceptually, the various 

gestational categories were viewed as follows: Within EDC is defined as 

delivery between 38 to 40 weeks of gestation, above EDC is defined as 

delivery after 41 weeks of gestation or above, while below EDC is defined as 

delivery in exactly 37 weeks of gestation or less. Some characteristics of the 

mothers and their neonates were examined quantitatively as the study's 

independent variables. These factors were as follows: the weight of the infant, 

the mother's height, her parity, and her age. 

 

Results and Discussion 

Table 1 displays the general characteristics of mothers and their 

newborns. According to the findings, women who give birth below the EDC 

have a mean age of 25, with a standard deviation of 5.91; those who give birth 

within the EDC have a mean age of 26, with a standard deviation of 6.64 and 

those who give birth above the EDC have a mean age of 32, with a standard 

deviation of 6.63. The result did not show much variation in mean maternal 

height between the various categories of time differences of birth. As 

compared to the parity of 1 for the two categories of women who give birth 

below and within the EDC of gestational differences, the results demonstrated 

a higher parity of 2 for women who deliver above EDC. Additionally, the 

results showed that babies born below EDC had a mean weight of 2.76 kg, 

babies born within EDC had a mean weight of 2.98 kg, and babies born above 

EDC had a mean weight of 2.95 kg. This demonstrates that babies born within 

the EDC are generally heavier than those born above or below the EDC. 
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Table 1: The Descriptive Statistics for  Selected Variables 

Variables Below EDC Within EDC Above EDC 

 Mean SD Mean SD Mean SD 

Maternal 

Age 

25.370 5.9149 26.791 6.6394 31.634 6.6345 

Maternal 

Height 

160.120 3.0584 160.670 3.4716 160.656 3.3281 

Parity 1.295 1.1457 1.597 1.2031 2.527 1.2648 

Baby’s 

Weight 

2.763 0.4251 2.980 0.3943 2.951 0.4252 

 

Quadratic Discriminant Analysis 

The Box M test of equality of population covariance matrices was 

initially ran in order to test the three groups under consideration for equal 

covariance matrices. The log determinant of the groups was as illustrated in 

Table 2. The Box M test was found to be significant at 1% level under the null 

hypothesis of equal covariance matrices, showing a violation of the 

assumption of equal covariance matrices. 
Table 2: Test for Equality of Population Covariance Matrices. 

Gestation Rank Log 

Determinant 

Chi 

Square 

df P value 

Below EDC 4 3.224 50.365523 20 0.0002* 

Within EDC 4 3.508    

Above EDC 4 3.200    

Pooled 4 3.431    

*Significant at 1% 

 

A diagnostic test for multicollinearity also revealed that there was no 

multicollinearity among the variables because the variance inflation (VIF) 

values of the independent variables ranged from 1 to 10, as shown in Table 3. 

Violations of the normality assumption are typically not "fatal" as long as it is 

caused by skewness and not outliers (Tabachnick and Fidell, 1996). The 

linearity assumption in discriminant analysis is frequently ignored, unless 

transformed variables are used as new predictor variables (Clelok, 2017). 
Table 3: Test for Multicollinearity 

Statistic Baby’s Weight Maternal Height Parity Age 

Tolerance 0.9255 0.9227 0.2942 0.2939 

VIF 1.0806 1.0838 3.3985 3.4030 

 

The data was then fitted with a quadratic classification function. The 

quadratic classifier's results demonstrated a significant performance at 1% 

significance level (Table 4). 
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Table 4: Test of Model Adequacy 

Test Statistic Value F Value Num DF Den DF P Value 

Wilks' Lambda 0.87260139 19.02 8 2158 <.0001* 

Pillai's Trace 0.13040666 18.83 8 2160 <.0001* 

Hotelling-Lawley Trace 0.14255142 19.22 8 1539.1 <.0001* 

Roy's Greatest Root 0.11168620 30.16 4 1080 <.0001* 

* Significant at 1% 

 

Table 5 presents the result of classification and misclassification rates. 

32.98 % of the women were correctly classified as below EDC of gestation 

with a misclassification rate of 67.02%. However, 14.94% of women Within 

EDC of gestation were misclassified and 85.06% correct classification was 

achieved. The results further indicated that for women above EDC of 

gestation, 7.53% were correctly classified whiles 16.13% and 76.34% were 

misclassified into below EDC and within EDC, respectively. Consequently, 

an overall error rate of 0.3963 was achieved under the classification model. 

Further, the cross-validation option provides a better assessment of 

classification accuracy. For this data, 84.42% of women who gave birth 

Within EDC were classified correctly with a misclassification rate of 15.58% 

into the Below EDC category. From the result, it can be observed that 

approximately 60.37% (1–0.3963) correct classification of gestation was 

achieved under classification with QDF, as well as 60.00% (1–0.4000) correct 

classification rate under the cross-validated results. 
Table 5: Quadratic Function Classification Results 

 Classified 

 Below EDC Within EDC Above EDC Total 

True/Original     

Below EDC 124 252 0 376 

Percent 32.98 67.02 0.00 100.00 

Within EDC 92 524 0 616 

Percent 14.94 85.06 0.00 100.00 

Above EDC 15 71 7 93 

Percent 16.13 76.34 7.53 100.00 

Total 231 847 7 1085 

Percent 21.29 78.06 0.65 100.00 

Error Rate 0.6702 0.1494 0.9247 0.3963 

Priors 0.3465 0.5677 0.0857  

Cross Validation     

Below EDC 124 252 0 376 

Percent 32.98 67.02 0.00 100.00 

Within EDC 96 520 0 616 

Percent 15.58 84.42 0.00 100.00 

Above EDC 15 71 7 93 

Percent 16.13 76.34 7.53 100.00 

Total 231 847 7 1085 

Percent 21.29 78.06 0.65 100.00 

Error Rate 0.6702 0.1558 0.9247 0.4000 
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The eigenvalue and canonical correlation coefficient were also used to 

examine the performance of the discriminant function. The canonical 

correlation's strength indicates how well the discriminant function can 

distinguish between different groups. According to Johnson and Wichern 

(2007), the total structure coefficient is deemed beneficial if it is equal to or 

higher than 0.30. The eigenvalue and canonical correlation coefficient in Table 

6 demonstrate a well-defined model. The hypothesis that the canonical 

correlation in the current row and all that follows are zero indicated 

significance at 5 % level of significance, which showed that QDF was 

correctly specified. 
Table 6: Test of Canonical Correlation 

 Can. Corr. Adj. Can. 

Corr. 

Approx. 

SE 

Square Can. 

Corr. 

Eigenvalue 

Function 1 0.316963                      0.310859 0.027321 0.100466 0.1117 

Function 2 0.173035                     0.169916 0.029463 0.029941 0.0309 

Test Likelihood 

Ratio 

F  

   Value 

Df 1 Df 2 P – 

Value 

Function 1 0.87260139                 19.02 8 2158 <.0001* 

Function 2 0.97005892                  11.11 3 1080 <.0001* 

* Significant at 5% 

 

The univariate test of class means (Table 7) reveals the minimum 

number of variables necessary for discrimination as well as the relevance of 

each variable in discrimination. The findings show that parity, age, and baby's 

weight were all significant at 1% (P < 0.01). While maternal height was 

significant at 5% (P < 0.05). The R-square and the adjusted R-square values 

show the amount of variation explained by each discriminating variable. 

Parity, Age and baby’s weight explained large proportions of the variability 

(7.45%, 6.63% and 6.28%) among the classes and hence indicated their level 

of contribution to the group separation (Table 7). In contrast to a previous 

study on maternal height by Derraik et al. (2016), which found that globally, 

idiopathic preterm births are likely influenced by maternal small stature, partly 

because of anatomical limitations, the results of this study showed that 

maternal height was not a contributing variable to the group separation. 

However, the findings showed that a woman's age had an impact on the 

gestational differences, which supported a previous publication by UNICEF, 

WHO, UNESCO, UNFPA, UNDP, UNAIDS, WFP, World Bank (2010), on 

facts of life, which stated that women between the ages of 15 and 18 are more 

likely to give birth prematurely, while those over 35 are more likely to have 

post-term birth. 
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Table 7: Univariate Test of Class Means 

Variable Total 

SD 

R-

Square 

Adjusted R-

Square 

F 

value 

P 

value 

Parity* 1.2313 0.0694 0.0745 40.32 <.0001 

Age* 6.5996 0.0622 0.0663 35.86 <.0001 

Maternal Height** 3.3289 0.0062 0.0062 3.35 0.0353 

Baby’s Weight* 0.4200 0.0591 0.0628 33.99 <.0001 

* Significant at 1%; ** Significant at 5% 

 

The Receiver Operating Characteristic (ROC) curve is shown in Figure 

1. ROC curve is a useful way to interpret sensitivity and specificity levels and 

to determine related cut scores. The area under the curve (AUC) of a ROC 

curve represents the overall diagnostic accuracy. The findings of this 

investigation supported the model's correct specification with an Area Under 

the Curve (AUC) of 65.4% which was fairly high and a significant P value at 

5% level.  

 
Figure 1: The Receiver Operating Characteristic (ROC) 

 

The structural matrix in Table 8 was used to analyze the significance 

of each variable in the discriminant function. According to the findings, the 

first function's main discriminating variables were parity, age and baby’s 

weight, while the second function's only most important discriminating 

variable is baby's weight. Therefore, these elements are what contribute to 

birth time discrepancies. However, because parity had the highest structural 

coefficient of the three factors, it was found to be the most important among 

the three variables. 
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Table 8: Structure Matrix 

Variables Function 1 Function 2 

Parity 0.762873          -0.603169 

Age 0.710869          -0.616739 

Maternal Height 0.216592           0.220065 

Baby’s Weight 0.645211           0.760002 

 

Table 9 displays the standardized and unstandardized canonical 

discriminant coefficients of the QDF for below EDC, within EDC, and above 

EDC of gestational differences in women, with first canonical class means of 

-0.40, 0.14, and 0.72 and second canonical class means of -0.11, 0.13, and -

0.43, respectively. The score functions for the quadratic discriminant analysis 

are computed using the standardized canonical discriminant function 

coefficients in the table. From the results it was observed that for both 

functions (1 and 2), baby’s weight had the greatest magnitude amongst the 

other variables. To classify future observations of pregnant women, the 

unstandardized canonical discriminant function coefficients of Table 9 can be 

used. For each function, women are classified as belonging to the class whose 

canonical coefficient is closest to the class mean. 
Table 9: Unstandardized and Standardized Canonical Discriminant Coefficients 

Variables Unstandardized Standardized 

 Canonical 1 Canonical 2 Canonical 1 Canonical 2 

Parity 0.464871473 -0.252724515 0.5724168710 -0.3111909080 

Age 0.039490654 -0.056991583 0.2606240095 -0.3761238007 

Maternal Height 0.018835953 -0.001096003 0.0627038206 -0.0036485304 

Baby’s Weight 1.541879715 1.865502707 0.6476329653 0.7835637492 

 

The results of this study supported earlier research on post-term and 

preterm births that found parity, age, and baby’s weight to be significant 

variables influencing the time variations in birth (Marie, et al., 2018: UNICEF, 

WHO, UNESCO, UNFPA, UNDP, UNAIDS, WFP, World Bank, 2010). The 

findings also support the conclusions made by Marie D. et al., (2018) that 

common risk factors underpin changes in the gestational age distribution 

among women. 

 

Conclusions 

Parity, maternal age, and infant birth weight are critical factors 

influencing gestational outcomes in Navrongo, Ghana. Parity emerged as the 

most influential predictor, underscoring its potential role in maternal health 

interventions. Further research should investigate the biological mechanisms 

underlying this relationship, with emphasis on parity-related physiological and 

biochemical processes. Monitoring these factors may enhance preterm birth 

prevention strategies and improve maternal and neonatal health outcomes. 
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