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ABSTRACT 
This study investigated the use of separate and combined stratified random sampling to estimate population mean 

scores for two important courses in Statistics using their pre-requisites, by comparing two estimators (ratio and 

regression). For Probability Distribution, the separate ratio estimator emerged as the optimal choice, providing a mean 

score estimate of 31.66 with a variance of 6612.18. This indicates that using the pre-requisites course score as auxiliary 

information improved the estimation accuracy compared to the combined ratio estimator. In contrast, Statistical 

Inference, the combined ratio estimator proved to be more effective, yielding a mean score estimate of 33.99 with a 

variance of 84.54. The separate regression estimator was also evaluated, demonstrating its suitability for Probability 

Distribution with a mean score estimate of 32.18 and a variance of 7.22. However, for Statistical Inference, the 

combined regression estimator offered a more precise estimate (32.99) with a lower variance (17.59). The findings 

highlight the effectiveness of auxiliary information when selecting estimation methods in stratified sampling.  

Keywords: Ratio, Regression, Pre-requisites, Auxiliary Information, Optimal, Stratified Sampling

 

1.0 Introduction 

Educational systems are structured in a procedural 

manner, with lower-level courses serving as the 

foundation for higher-level courses (Alyasin et al., 2023). 

Pre-requisite courses represent the lower-level courses 

that provide baseline knowledge and skills required for 

follow-on core courses (Islam et al., 2008; Rach & Ufer, 

2020; Shaffer et al., 2018). Statistically, pre-requisite 

courses can be viewed as independent variables that 

influence and help predict outcomes in core courses, 

which are the dependent variables. The performance and 

grades in a pre-requisite course provide auxiliary data 

that can inform estimates of central tendency (e.g. mean 

scores) and variation (e.g. variance) for student 

achievement in core courses (Ahmad, Ullah, et al., 2023; 

Ahmad, Zahid, Shabbir, Aamir, & Onyango, 2023; 

Ahmad, Zahid, Shabbir, Aamir, Emam, et al., 2023; 

Aslam et al., 2023; Balogun et al., 2020; Ibidoja et al., 

2016; Kumar & Choudhary, 2023). Pre-requisite course 

grades demonstrate qualification for enrolment in core 

courses (Hands & Limniou, 2023).  

 

In survey sampling, estimating population parameters 

often relies on information gathered from a limited 

sample (Bee et al., 2010; López, 2023; Pal & Singh, 

2022; Srivastava, 1967). Ratio and regression estimators 

utilize auxiliary information, known for some or all 

population units, to improve the accuracy and efficiency 

of these estimates (Subzar et al., 2023). This review 

explores both separate and combined approaches, 

examining their strengths, weaknesses, and comparisons 

in the literature. The ratio estimator leverages a strong 

correlation between the study variable (y) and an 

auxiliary variable (x) by calculating the ratio of their 

population means ([R = Y/X]). It then applies this ratio to 

the sample mean of the auxiliary variable (x̄) to estimate 

the population mean of the study variable (ŷ = R * 

x̄). This method performs well when the ratio is constant 

across the population (Särndal et al., 1992a). Regression 

Estimator approach utilizes a linear regression model to 

estimate the study variable based on the auxiliary 

variable (ŷ = β₀ + β₁ * x). By leveraging the relationship 

between y and x, it can offer improvements compared to 

the simple mean estimator, especially when the 

relationship is non-linear (Lohr, 2010; Theobald, 2014).  

 

Combined ratio estimator with a regression adjustment 

term (ŷ = R * x̄ + b(x̄ - X)). This can be beneficial when 

the ratio varies across subpopulations but the relationship 

between y and x within subpopulations remains linear 

(Nair, 1988). Regression-Ratio Estimator Swaps the 

order of operations, first regressing y on x to obtain 

residuals (e), then calculating the ratio of their means ([R' 

= E/X)] and applying it to the sample mean of the 

auxiliary variable (ŷ = R' * x̄). This can be advantageous 

when the relationship between y and x is non-linear 

(Sukhatme & Sukhatme, 1984). 
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Various modifications and extensions exist, each with 

specific advantages and drawbacks depending on the 

sampling design and population characteristics (Khare & 

Srivastava, 2012). Choosing between separate and 

combined estimators involves understanding their trade-

offs. While combined estimators often show higher 

efficiency in specific scenarios, they can be more 

complex to implement and require stronger assumptions 

about the relationship between variables. Additionally, 

their performance depends on the quality and relevance 

of the auxiliary information. 

 

The field of survey sampling continues to evolve, with 

ongoing research exploring new combined estimators, 

incorporating complex sample designs, and handling 

missing data. Machine learning techniques are also being 

investigated for their potential to enhance estimation 

accuracy. Separate and combined ratio and regression 

estimators offer valuable tools for improving survey 

estimates. Understanding their strengths, weaknesses, 

and comparisons in the literature is crucial for informed 

selection and application in diverse sampling contexts. In 

the realm of survey research, a critical consideration is 

the presence of information pertaining to every unit 

within the population under investigation. Occasionally, 

this information may not pertain directly to the variable 

of interest but serves a crucial role in refining the 

sampling strategy or augmenting the precision of 

estimates for the variable of interest. Such auxiliary 

information is referred to as an auxiliary variable, 

providing supplementary insights into the characteristics 

of the variable under scrutiny (Cochran, 1977). 

Importantly, this auxiliary variable is typically known 

before data collection commences and is directly linked 

to the variable of interest (Särndal et al., 1992b).   

 

In this research, the aim is to evaluate the efficiency of 

the ratio and regression estimators to determine the 

optimal approach.  The objectives are to estimate separate 

and combined ratio estimators, estimate separate and 

combined regression estimator and compare separate and 

combined estimator under the two estimators (ratio and 

regression). This is a rare study with the target population 

in this study. 

 

2.0 MATERIALS AND METHODS 

2.1 Data Description  

The data used for this study is secondary data collected 

from the Department of Statistics at Ladoke Akintola 

University of Technology on the scores of students in 

Probability Distribution III (STA302) and Statistical 

Inference II (STA411) along with their scores in 

Probability Distribution II (STA208) and Statistical 

Inference (STA204) which are their pre-requisite 

courses. The data was collected for 2021/2022 session.  

Microsoft Excel and RStudio were used for the statistical 

analysis. 

 

2.2 Determination of Sample Size 

 Several studies have used sample size to select the 

number of samples needed (Althubaiti, 2023; Aslam et 

al., 2023; Constantin et al., 2023; de Bekker-Grob et al., 

2015; Ko & Lim, 2021; Rajput et al., 2023; Salari et al., 

2023; Sim et al., 2022). The Cochran correction method 

is used to obtain the sample size from the population if 

the population in finite.  

  𝑛 =
𝑍2𝑝𝑞

𝑒2    (Bartlett et al., 2001; Cochran, 1977)      (1) 

where; e  is the desired level of precision (i.e. the margin 

of error = 5%). 

p  is the (estimated) proportion of the population which 

has the attribute in question (compuyed from the data). 

q  is 1 p− . 

The Z  value is found in z-statistical table ( )0.01 . =  

 

2.3 Ratio Estimation Method  

Let a simple random sample of n farming households be selected without replacement from N such households in the 

community. Using the sample, the estimates ỹ of the mean yam sales and x of the mean cassava sales are obtained. 

These estimates are then used to calculate the required ratio using the formula. 

                                                                𝑅̂ =  𝑦̅/ 𝑥̅ =  ∑ 𝑦𝑖
𝑛
𝑖=1  / ∑ 𝑥𝑖

𝑛
𝑖=1                                                       (2) 

The ratio estimator 𝑅̂ unlike its components 𝑦̅  and  𝑥̅ is biased. To obtain the bias of 𝑅̂, 

Let  𝑥̅ =  𝑋̅ +  𝑥̅ -  𝑋̅ =  𝑋̅ (1 + 𝛼𝑥̅̅̅̅ ); 𝛼𝑥̅̅̅̅  = (𝑥̅ -  𝑋̅ )/ 𝑋̅, 

B(𝑅̂) = E (𝑅̂) – R = E (𝑅̂ – R) = E (
 𝑦 ̅−𝑅  𝑥̅

 𝑥̅
) 

                                                E(𝑅̂ – R) = 
𝐸 (𝑦 ̅−𝑅 𝑥̅ (1+ 𝛼𝑥 ̅̅ ̅̅ ̅ −1 

𝑋̅
                              

𝑅̂-R = 
 (𝑦 ̅−𝑅 𝑥 ̅)  

𝑋̅
 (1 - 𝛼𝑥 ̅̅ ̅̅  + 𝛿2  𝑥̅ – 𝛿1 𝑥̅ +…)      

𝑅̂-R = 
 (𝑦 ̅−𝑅 𝑥 ̅)  

𝑋̅
 (1 - 𝛼𝑥 ̅̅ ̅̅ ) = 

 𝑦 ̅−𝑅 𝑥̅

 𝑋̅
 - 

 (𝑦 ̅−𝑅  𝑥̅)𝛼𝑥 ̅̅ ̅̅ ̅

 𝑋̅
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*𝐵(𝑅̂) = 
𝐸 (𝑦 ̅−𝑅 𝑥̅ ) 𝛼𝑥 ̅̅ ̅̅ ̅  

𝑋̅
 = 

𝐸 (𝑦 ̅−𝑅 𝑥̅ (𝑥̅+ 𝑋̅ ) 

𝑋̅2  

B(𝑅̂) = - 
1  

𝑋̅2 [𝐸 {𝑦 ̅( 𝑥̅ − 𝑋̅}] − 𝐸 {𝑅𝑥 ̅( 𝑥̅ − 𝑋̅)} 

                                                        = - 
1−∫

𝑛𝑋̅2  [𝑆𝑥𝑦 − 𝑅𝑆𝑥
2 − 𝑆𝑥𝑦  ]                                    (3) 

where  𝑆𝑥𝑦 =  ∑ (𝑋1
𝑁
|𝑛| - 𝑋̅) (𝑌1 - 𝑌̅) /(N -1) is the covariance between  y. 𝑆𝑥

2 is the population variance of the variable 

.x  

 

2.3 Regression Estimation of Population Mean 

Let ( 1,2,..., )h iy x I n=   be the values of the main 

character y and auxiliary character x respectively 

obtained on a simple random sample of size n selected 

without replacement from a population of size N. as 

estimator of the population mean of y is: 

                         𝑦̅𝑑 = 𝑦 ̅– B(𝑥̅ − 𝑋̅)                             (4) 

B is a suitably chosen constant. 

The estimator 𝑦̅𝑑 is called difference estimator, which is 

unbiased for  𝑌 ̅. 
The variance is : 

          V(𝑦̅𝑑) = V (𝑦 ̅) + B2V(𝑥̅) – 2BCov(𝑥̅, 𝑦̅) 

                = 
1−∫

𝑛
 [𝑆𝑦

2 + 𝐵22𝐵𝑆𝑥𝑦  ]               (5)

           

3.0 Results and Discussion  

In this research, the authors evaluated the use of This 

study investigated the use of separate and combined 

stratified random sampling to estimate population mean 

scores for two important courses in Statistics using their 

Pre-requisites as auxiliary information (Probability 

Distribution and Statistical Inference) for undergraduate 

students. Ratio and regression estimators were used to 

determine the optimal method. The data from the 

Department of Statistics at Ladoke Akintola University 

of Technology for the 2021/2022 academic session was 

used. These techniques stipulate a significant tool to 

appraise the consequences and expectations between the 

pre-requisite courses and the other courses, using the pre-

requisite courses as auxiliary information.  Various 

calculations were performed, including the sample size 

determination. Table 1 shows the summary statistics for 

Probability Distribution III (STA302) and Statistical 

Inference II (STA411) along with their scores in 

Probability Distribution II (STA208) and Statistical 

Inference (STA204) which are their pre-requisite 

courses.  Overall, STA 204 has the highest mean of 49.14 

when compared to other courses, and STA 302 has the 

lowest mean of 29.69 when compared to other courses. 

STA 411 has the highest standard deviation of 16.3806 

when compared to other courses, this indicates that 

STA411 course has scores with higher variability. 

 
Table 1:  Descriptive Statistics 

 STA302 STA208 STA411 STA204 

Mean 29.69 48.45 33.95 49.14 

Median 24.00 46.00 31.00 50.00 

Maximum 85.00 88.00 75.00 81.00 

Minimum 9.00 14.00 11.00 11.00 

Observation 137 137 123 123 

Standard Deviation 15.6114 16.3819 16.3806 15.0166 

 

Table 2 presents the estimates of the sample mean, 

variance, covariance, and correlation coefficient of the 

scores of students in STA 411 (study variable) and STA 

204 (pre-requisite course scores/auxiliary variable). The 

pre-requisite course scores/auxiliary variables STA 208 

and STA 204 have a higher mean of 51.97 and 49.90 

respectively, when compared to the mean of STA 302 and 

STA 411 respectively.  This means that the students’ 

performance was better in the pre-requisite courses.  The 

P-value (0.2816) for the probability courses means that 

there is no evidence of a linear relationship between STA 

302 and STA 208, because the p-value is greater than the 

level of significance 0.05 = . The or the correlation 

coefficient (0.3500) means that the correlation between 

STA302 and STA411 is weak, though in a positive 

direction. 

 

The P-value (0.0214) for the probability courses means 

that there is evidence of linear relationship between STA 

411 and STA 204, because the p-value is less than the 

level of significance 0.05 = .. The correlation 

coefficient (0.7191) means that the correlation between 

STA411 and STA204 is strong, and it is in a positive 

direction. 
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Table 2: Summary Statistics from the Sample Scores Selected Probability Distribution and Statistical Inference 

 STA302 ( y ) STA208 ( x ) STA411 ( y ) STA204 ( x ) 

Mean 37.34 51.97 33.30 49.90 

Variance 848.41 270.03 332.98 206.78 

Co-variance                        168.8                          188.69 

Correlation                         0.3500                          0.7191 

P-value                         0.2816                          0.0214 

 

 
Table 3: Mean scores and Variances using Ratio estimator for Statistical Inference and Probability Distribution 

 STA411 STA302 

Mean
r

y  
32.79 34.81 

Variance 
r

y  
0.9987 1.8792 

Ratio estimation r  0.6673 0.7185 

 

Table 3 shows the mean, variance and ratio estimation using the ratio method. Table 4 shows the slope, mean and 

variance using regression estimate. The regression method is a procedure of obtaining estimate of the population mean 

score by regressing the study variable on the auxiliary variable with the assumption that the study variable is 

significantly linearly related to the auxiliary variable. 

 
Table 4: Mean scores and Variances using Regression estimators for Statistical Inference and Probability Distribution 

 STA411 STA302 

Slope   0.9125 0.6251 

Mean reg
y  

32.41 35.14 

Variance var reg  
166.55 765.39 

 

The estimates of the mean score using the ratio and regression estimator have already been obtained for Statistical 

Inference (STA 411) and Probability Distribution (STA 302), the best estimates is then selected by comparing their 

variances, the best estimate is the one with the minimum variance. The smaller the variance of an estimate the better 

the estimate (De Menezes et al., 2021; Ibidoja et al., 2023a, 2023b; Jenkins & Quintana-Ascencio, 2020; Ravi et al., 

2024). 

 

The ratio estimation with a variance of 0.9987 for STA 411 and a variance of (1.8792) for STA 302 is the best estimator 

selected to obtain the mean score when compared to the regression estimation 

 

Table 5: Mean and Variance for Separate ratio estimator 

 STA411 STA302 

rs
y  

34.4546 31.6061 

Var(𝒚𝒓𝒔) 113.5561 6612.1824 

 

Table 5 shows the mean and variance using a separate ratio estimator. This employs first the stratified mean of the Y's 

and the X's and then defines the combined ratio estimator. 

 

Table 6: Mean and Variance for combined ratio estimator  

 𝒚𝒔𝒕 𝒙𝒔𝒕 𝒓𝟎 𝒚𝒄𝒓 Var(𝒚𝒄𝒓)  

STA411      33.3       49.9         0.6673         33.9931 84.5372  

STA302      32.6      51.95         0.6275                   31.6589 6913.1749  

https://portal.issn.org/resource/ISSN/3027-1118


 
 

90 

 

IJSGS FUGUSAU VOL10 (2)                                                                                    WEBSITE: https://fugus-ijsgs.com.ng 

DOI: https://doi.org/10.57233/ijsgs.v10i2.651 

 

 

ISSNp: 2488-9229; ISSNe:  3027-1118 

 

 

 

From Table 5 and Table 6 , the combined ratio estimate, 

the variance for the estimated variance score for STA 411 

(84.5372) and for separate ratio estimate the variance is 

(113.5561). The better estimate for the mean score 

STA411 is the Combined ratio estimate because it has the 

smaller variance when compared to the Separate ratio 

estimate. While for STA 302, the combined ratio estimate 

is 31.6589 with variance (6913.1749) and the separate 

ratio estimate is (31.6061) with variance (6612.1824); 

hence the separate ratio estimate is the better estimate 

compared to the combined ratio estimate because it has 

the smaller variance.Thus, the combined ratio estimator 

is the best estimator for estimating the mean score in STA 

411 while the Separate ratio estimator is the best for STA 

302. From Table 7 and Table 8, the variance of the 

separate regression estimate is (165.0716) and combined 

regression estimate has variance of (17.5881), for 

STA411, following the condition of minimum variance, 

Combined regression estimate is the better estimate 

compared to the separate regression estimate. While for 

STA302, the variance of the combined regression 

estimate is (2220.2234) and separate regression estimate 

has a variance of (7.2189), the better estimate is the 

Separate regression estimate due to its smaller variance. 

Thus, separate regression estimator is the best for 

estimating the mean score in Probability Distribution 

(STA302), while Combined regression estimator is the 

best for estimating Statistical Inference (STA 411). 

 

Table 7: Mean and variance for separate regression estimator 

 𝑦𝑟𝑒𝑔 𝑦𝑠𝑟𝑒𝑔 𝑉𝑎𝑟(𝑦𝑟𝑒𝑔) 

STA411 32.61 34.2433 165.0716 

STA302 35.14 32.1843 7.2189 

 

Table 8:  Mean and Variance for Combined regression estimator 

 𝑦𝑠𝑡 𝑥𝑠𝑡 𝛽0 𝑦𝑐𝑟𝑒𝑔 Var(𝑦𝑐𝑟𝑒𝑔) 

STA411 33.3 49.9  36.2368 17.5881 

STA302 32.6 51.95 0.0313 32.992 2220.2234 

 

4.0 CONCLUSION AND FUTURE WORK 

In this research, the authors evaluated the efficiency of 

the ratio and regression estimators to determine the 

optimal approach.  The objectives are to estimate 

separate and combined ratio estimators, estimate separate 

and combined regression estimators, and compare 

separate and combined estimators under the two 

estimators (ratio and regression). The limitation of the 

study is that it is difficult to find a recent study in the 

literature, where a similar method was used for the 

comparison. Another limitation is the accuracy of the 

data collected, this will affect the results.  A separate 

regression estimator is best for estimating the Probability 

Distribution (STA302) while combined regression 

estimator is best for estimating Statistical Inference (STA 

411). 

 

For further studies, the effects of interaction and gender 

performance can be incorporated into the model, because 

it is crucial to understand the effect of male and male on 

the performance of the models. A hybrid model can also 

be developed for better estimates. 
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