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Abstract 
 

Many researchers had been carried out on the study of statistical modelling, making it easier for new researchers in many sectors (social 

sciences, economics, medical, and etc.) to obtain knowledge in order to ease their research study. Nevertheless, there is still no agreed 

guidelines in obtaining the best model for multiple binary logit (MBL) using model averaging (MA). This research will demonstrate the 

proper guidelines to obtain best MBL model by using MA. Upper Gastrointestinal Bleed (UGIB) data were studied to illustrate the pro-

cess of model-building using the proposed guidelines. This study will pinpoint the factors with high possibility leading to mortality of 

UGIB patients using obtained best model. Corrected Akaike Information Criteria (AICc) and Bayesian Information Criteria (BIC) were 

used to compute the weights in model averaging method. The performance of the models was computed by using Root mean square error 

(RMSE) and mean absolute error (MAE). Model obtained by using BIC weights showed a better performance since the RMSE and MAE 

values are lower compared to model obtained using AICc weights. The factors that affects the survivability of UGIB patients are shock 

score, comorbidity and rebleed. In conclusion, model-building of multiple binary logit using model averaging showed a better perfor-

mance when using BIC. 
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1. Introduction 

Model-building approach is needed when the researchers aims are 

to make prediction and to decide which variables should be in-

cluded in making prediction. For analysis with binary dependent 

variables taking on value 1 (yes) and 0 (no), MBL or often known 

as Logistic Regression (LR) is one of the suitable modelling ap-

proach. According to [19], MBL is the extension of logit model 

and known as qualitative choice model. Maximum likelihood 

(ML) is used for parameter estimation of multiple binary logit 

model.  

This research implemented MA method in the modelling analysis 

as it was proposed as an alternative to model selection (MS) which 

intended to overcome the underestimation of standard errors [6]. 

Statistical modelling using MS eliminates insignificant variables 

to form best fitted model with only contributing variables.  Ac-

cording to Burham and Anderson [3], the properties of standard 

parameter estimates obtained from the selected model do not re-

flect the stochastic nature of the model selection process. As an 

alternative, model averaging (MA) has been proposed to over-

come the underestimation of standard errors that is a consequence 

of model selection. 

The main idea of MA is to average the weight of each possible 

models being studied by using model selection criteria, 𝐼𝑚 to ob-

tain the coefficient estimates on the weaker term so that the best 

model will yield a better prediction. Two commonly used 𝐼𝑚 are 

Akaike Information Criteria (AIC) and Bayesian Information Cri-

teria (BIC) also known as SCHWARZ criteria. Previously, [4] had 

suggested Akaike Information Criteria AIC [1] to compute the 

weights of all possible models. There has been an issue when us-

ing AIC on small sample size as it will lead to high degree of neg-

ative bias. According to [8] as the number of parameters increases 

in comparison to sample size, AIC becomes a strongly negatively-

biased estimator. This negative bias in AIC limits its effectiveness 

as a model selection criterion and can lead to over-fitting models. 

[8] proposed that the corrected Akaike information criterion, AICc 

to solve the problem with small samples.  

This study illustrates the model-building approach by using UGIB 

patient’s data and aim to highlight the most significant factors of 

mortality for UGIB patients. Two   𝐼𝑚 (AICc and BIC) are com-

pared to determine which  𝐼𝑚  works best in MA method. Root 

Mean Square Error (RMSE) and Mean Absolute Error will be 

calculated to compare which model (using AICc or BIC) yield a 

better accuracy. The whole procedures of obtaining the best MBL 

model using MA were summarized and explained step by step to 

provide a clear guideline of model-building by using MBL model. 

2. Methodology 

2.1. Multiple binary logit 

MBL model is a form of regression with binary dependent varia-

ble. In this research, the outcome of the study is the patient’s sur-

vivability which takes on value 1(survive) and 0 (not survive).  

The general MBL model [10] is 

  

Y =  β0  +  β1𝑋1  + β2𝑋2 + . . . + β𝑞𝑋𝑞 +  u,                           (1)      

         

and  

 𝑌𝑖 = ln [
𝑃𝑖

1−𝑃𝑖
],                                                              (2) 
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where the binary dependent variable is denoted by 𝑌, 𝑋𝑗  is the 𝑗𝑡ℎ 

independent variable where 𝑗 = 1,2 … 𝑞, the constant term of the 

model is denoted by β0, β𝑗 is the 𝑗𝑡ℎ coefficient of 𝑗𝑡ℎ  independ-

ent variable  where 𝑗 = 1,2 … 𝑞, 𝑢 is the random error of the mod-

el and 𝑃𝑖 is the probability of event occurs. 

 

 𝑃𝑖 =
𝑒𝑥𝑝β̂0 + β̂1𝑋1 +β̂2𝑋2 + ...+β̂𝑞𝑋𝑞  

1+ 𝑒𝑥𝑝β̂0 + β̂1𝑋1 +β̂2𝑋2 + ...+β̂𝑞𝑋𝑞  
.                                     (3)    

2.2. Model selection criteria 

Model selection criteria is used to compute the weight of each 

possible model. AICc is an adjusted version of AIC which was 

proposed to solve the problem of small sample size. Bayesian 

Information Criterion which was proposed by [17] was developed 

from Bayesian idea where model with largest posterior probability 

should be chosen as the best model [7].  According to [14], choos-

ing model with minimum BIC is the same as choosing model with 

maximum posterior probability. The general form of AICc and 

BIC are 

𝐴𝐼𝐶𝑐 =  −2𝑙𝑜𝑔𝐿(𝑀) − 2p
n

n−p−1
,                          (4)         

    

𝐵𝐼𝐶 =  −2𝑙𝑜𝑔𝐿(𝑀) − 𝑝[ 𝑙𝑜𝑔(𝑛)],                        (5)  

 

where 𝐿(𝑀) is the minimum value for likelihood function of mod-

el M, n is the number of observation p is the number of parameter 

and 𝐼𝑚is type of model selection criteria. Different 𝐼𝑚 were tested 

to identify which 𝐼𝑚 produce model with minimum error. Model 

with minimum error indicate a best model. 

 

2.3. Modelling using model averaging 

Model averaging (MA) is an alternative to model selection in or-

der to overcome the underestimation of standard errors that is a 

consequence of model selection [6]. Instead of picking one best 

model with the lowest selection criteria value, model average es-

timator weighs all of the possible models and MA will shrink the 

estimates of a weaker variables [16].  

Modelling of MBL model start by listing all the possible models 

formed from all possible combination of variables. All possible 

models with no interaction variables can be calculated as 

 

𝐍 = ∑ (𝒒𝑪𝒋),
𝒒

𝒋=𝟏
                                            (6)                                               

 

where, 𝑁  represent the number of all possible models and 𝑞  is  

number of single independent variables 𝑗 = 1,2,3 … , 𝑞. The next 

step is to obtain weight, 𝑊𝑚  for each possible model. [2] present-

ed the weights 𝑊𝑚  for a model as 

 

𝑊𝑚 =  
exp(

𝐼𝑚
2

)

∑ exp
𝐼𝑚
2

𝑀
𝑚=1

 ,                                          (7) 

 

where m  represent the possible models, 𝑚 = 1, 2, 3 … , 𝑀 and 𝐼𝑚 

is the model selection criterion (AICc and BIC) for model M.  

The third step in MBL modelling using MA is to  estimate the 

parameters, 𝛽̂𝑝 for each variable. The formula is as follows 

 

𝛽̂𝑝 =  ∑ 𝑤𝑚𝛽̂(𝑝,𝑚)
𝑀
𝑚=1  ,                                                 (8) 

 

where β̂(p, m) is the estimate of βp under model for m = 1,2,…, M. 

This are the stage where the coefficient for each variable been 

studied were calculated based on its weight or importance in the 

model. Once all the coefficient had been calculated, the best mod-

el of MBL using MA using AICc and BIC are obtained. Figure 1 

below is the flowchart of MA to obtain best model. 

 

      
 

        
 

       

 

        

      
 

        

      
 

 

       

      
 

        

      
 

        

      
 

        

      
 

        

      
 

 

       

      
 

        

      
 

        

      
 

        

      
 

        

      
 

        

      
 

 

       

      
 

        

      
 

        

      
 

        

      
 

        

      
 

        

      
 

 

       

      
 

        

      
 

        

      
 

        

      
 

        

      
 

        

      
 

 

       

      
 

        

      
 

        

      
 

        
Fig.1: Flowchart of MA 

2.4. Model accuracy measure 

To compare the performance of model formed using AICc and 

BIC, Root Mean Square Error (RMSE) and Mean Absolute Error 

(MAE) are computed as suggested by [11]. The formula for these 

accuracy measure are as following: [4] 

 

𝑅𝑀𝑆𝐸 =  √
∑ (𝑦̂−𝑦)2𝑁

𝑖=1

𝑁
 ,                                                             (9) 

𝑀𝐴𝐸 =  
∑ |𝑌̂−𝑌|𝑁

𝑖=1

𝑁
 ,                                                       (10) 

 

where, N is the total number of sample, 𝑌 is the actual value of 

dependent variables and 𝑌̂ is the estimated value of Y. The small-

est value of accuracy measure indicates a better performance. 

3. Case Study: Upper Gastrointestinal Bleeed 

patients (UGIB) 

Patients with UGIB suffer from bleeding in their gastrointestinal 

tract (oesophagus, stomach or duodenum). The patients will expe-

rience UGIB is said to be one of the common medical emergen-

cies with 250 000 to 300 000 hospitalization every year [15]. This 

Start 

List out all the possible 

models  

Calculate the weight, 𝑊𝑚 for each 

possible models using Eq. (7) 

Estimate the coefficient for each pa-

rameter 𝛽̂𝑝  using equation Eq. (8) 

Obtained the Best 

Model 

 End 
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research is interested in identifying the factor of UGIB patient’s 

mortality.  Rockall [15] had come out with scoring system to de-

termine the patient’s risk of death. The scoring system classes the 

patients scores to a Rockall group which determine whether the 

patients have low, medium or high risk of death. Table 1 explains 

Rockall scoring system 
 

Table 1: Rockall Scoring System 

Rockall Score Rockall Group Risk Level 

0-2 1 Low 

3-7 2 Medium 

8-11 3 High 

 

The calculation of Rockall score were explains deeper in [15]. The 

five variables involved in the calculation of Rockall scores were 

studied in this research to pinpoint the factors with high possibility 

contributes to death of UGIB patients. Table 2 explains the varia-

bles of UGIB patient’s data used this study. 

 
Table 2: Variable Descriptions 

Variable Description 

𝑌 Survival of Patients 

1 if the patient survives 

0 if the patient not survives 

𝑋1 Age Score 

0: if age <60 

1: if age 60-79 

2: if age ≥80 

𝑋2 Shock Score 

0: No shock 

1: Tachycardia 
2: Hypotension 

𝑋3 Comorbidity 

0: Nil major 

1: Cardiac failure, IHD, others 
2: Renal failure, liver failure, disseminated malignancy 

𝑋4 Diagnosis Score 

0:Mallory-Weiss tear, no lesion 
1: All other diagnosis 

2: Malignancy of UGI 

𝑋5 Major Score 

0: None or Dark Spots 
1: Blood in Upper GIT, adherent clot, visible spurting/ 

vessel 

𝑋6 Rebleed 

1: Yes 

2: No 

𝑋7 Rockall Group 

1: Low Risk 

2: Medium Risk 

3: High Risk 

4. Data Analysis 

The process of obtaining the best model starts by listing all possi-

ble models. The number of all possible models were calculated 

using (4)  

 

𝑁 =  1(7𝐶1) + 1(7𝐶2) + 1(7𝐶3) + 1(7𝐶4) 

+1(7𝐶5) + 1(7𝐶6) + 1(7𝐶7)  
                 = 127 𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒 𝑚𝑜𝑑𝑒𝑙𝑠 

 
Table 3: All possible models for Rockall score data 

Number of varia-

bles 

Number of Models Model 

1 7 models M1-M7 

2 21 models M8-M28 

3 35 models M29-M63 

4 35 models M64-M98 

5 21 models M99-M119 

6 7 models M120-M126 

7 1 model M127 

Total 127 models  

 

Table 3 shows all possible models of UGIB which are 127 possi-

ble models in total. All possible model consists of all possible 

combination of variable in a model. The list of all possible model 

were attach on the appendix. 

The weight for each model were then computed based on the AICc 

and BIC values. Table 4 shows the example of weight for some 

models. 

 
Table 4: Weight of each possible model 

Model AICc BIC 𝑾𝑨𝑰𝑪𝒄
 𝑾𝑩𝑰𝑪 

M1 -290.63 -278.64 0.00 0.00 

M2 -297.72 -285.73 0.00 0.00 

M3 -305.98 -294.00 0.00 0.00 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

. 

M127 -313.64 -277.95 0.01 0.01 

     

 
The weight obtained from each model were used to estimate the 

coefficient 𝛽̂𝑝 for each variable. As an example, the estimated  𝛽0 

can be obtained as following using (8): 

 

𝛽̂0 =  
𝛽(0,1)𝑊1 + 𝛽(0,2)𝑊2 + 𝛽(0,3)𝑊3 + ⋯ + 𝛽(0,127)𝑊127

𝑊1 + 𝑊2 + 𝑊3 + ⋯ + 𝑊127
 

 

Since, 

 

∑ 𝑊𝐼𝑚

𝑀

𝑚=1

= 1 

 

Hence, 

 

 𝛽̂0 = 𝛽(0,1)𝑊1 + 𝛽(0,2)𝑊2 + 𝛽(0,3)𝑊3 + ⋯ + 𝛽(0,127)𝑊127  

 

In model-building using MA, no variable is eliminated and there-

fore each variable will be in the final model with its corresponding 

weight. The weight represents the importance of the variables in 

the model. The higher the weight, the higher the needs for the 

variable to be in the model to produce good model. Table 5 shows 

the best model using AICc and BIC. 
 

Table 5: Best Model of MA using AICc and BIC 

Model RMSE MAE 

Using AICc weights, 
 

𝑌̂ = 0.7652 + 0.0089 𝑥1 

−0.0271𝑥2 − 0.0288𝑥3 − 0.0067𝑥4

− 0.0073𝑥5

+ 0.1299𝑥6

− 0.0263𝑥7 

 
 

0.0270 

 
 

0.0791 

Using BIC weights, 

 

𝑌̂ = 0.7580 + 0.0074 𝑥1 

−0.0289𝑥2 − 0.0307𝑥3 

−0.0085𝑥4 − 0.0096𝑥5 + 0.1332𝑥6

− 0.0354𝑥7 

 

 
0.0261 

 

 
0.0579 

 
Based on Table 5, model obtained using BIC weights showed a 

better performance as it has the least value for both RMSE and 

MAE.  

 
Table 6: Coefficients and p-values of the best model 

Variable Coefficient 𝑝-value 

Constant 0.7580 2𝐸-16 

𝑋1 0.0074 0.6305 

𝑋2 -0.0289 0.0273 

𝑋3 -0.0307 0.0003 

𝑋4 -0.0085 0.6795 

𝑋5 -0.0096 0.3382 
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𝑋6 0.1332 0.0006 

𝑋7 -0.0354 0.0834 

 
Table 6 shows the coefficients and p-values the best model. 𝑝-

value is often used to identify significant and insignificant varia-

bles. Variables with 𝑝-value less than 0.05 indicate an insignifi-

cant variable [10]. From the results, only three variables are found 

to be significant which are rebleed (𝑋6), comorbidity (𝑋3) and 

shock score (𝑋2). 

 

𝑌̂ = 0.7580 − 0.0307 𝐶𝑜𝑚𝑜𝑟𝑏𝑖𝑑𝑖𝑡𝑦 + 0.1332 𝑅𝑒𝑏𝑙𝑒𝑒𝑑 

         −0.0289 𝑆ℎ𝑜𝑐𝑘 𝑆𝑐𝑜𝑟𝑒 − 0.0354 𝑅𝑜𝑐𝑘. 𝐺𝑟𝑜𝑢𝑝 

 −0.0096 𝑀𝑎𝑗𝑜𝑟𝑆𝑐𝑜𝑟𝑒 − 0.0085 𝐷𝑖𝑎𝑔. 𝑆𝑐𝑜𝑟𝑒 

+0.0074 𝐴𝑔𝑒. 𝑆𝑐𝑜𝑟𝑒 

 

The best model showed that when the values for all the variables 

in the model above are 0, the probability of UGIB patient’s sur-

vivability is 

 

𝑃𝑖 =
𝑒𝑥𝑝0.7580  

1 +  𝑒𝑥𝑝0.7580  = 0.6809 ≈ 0.68 

 

If there is one unit increase in shock score (X2), the  𝑌̂ will de-

crease by 0.0289. Therefore, the probability of UGIB patient's 

survivability will decrease also. Similarly, the probability of 

UGIB patient's survivability also will decrease if there is a comor-

bidity (X3).  The probability of UGIB patient's survivability will 

increase by 0.1332 if there is a rebleed (X6).  Whereas, the proba-

bility of UGIB patient's survivability will increase by 2 ×
0.1332 = 0.2664 if there is no rebleed.  

5.  Discussion and Conclusion 

Model-building of MBL can be applied on data with binary de-

pendent variable and continuous or categorical independent varia-

bles. The modelling of MBL model using MA requires four step 

to obtained the best model.  

Different 𝐼𝑚  is used to compute weight of each possible model 

results in different model performance. [2] suggested that the 

weights based on AIC value but in this research AICc and BIC 

were tested and the performance were measured using RMSE and 

MAE. It is a good idea to compare several 𝐼𝑚 with different per-

formance measure before choosing the final model as it helps to 

be more accurate in making final decision to choose the best mod-

el. From the analysis, the results indicate that BIC produce model 

with lower RMSE and MAE which indicate a better performance 

when compared with model produce using AICc. 

The factors comorbidity, rebleed and shock score are found to 

have significant contribution. From this information, the three 

variables were concluded as the most contributing factor that leads 

to mortality for UGIB patients.  

Comorbidity is a term use for patients with multiple chronic dis-

eases. [18] had stated that this multiple disease leads to a more 

complex clinical treatment and hence increased health care costs. 

Family doctors face with challenges in making decision about the 

treatment for patients with comorbidity because most of the clini-

cal studies do not consider patients with multiple disease [13]. 

Research conducted by [5] concluded that multiple comorbidity is 

an important factor to predict mortality. Similarly, this research 

also concluded that the presence of comorbid disease is found to 

be an important risk factor of mortality.  

Rebleed or hemorrhage is described as the most influential factor 

of mortality for UGIB patients according to [15]. Similarly, [18] 

also point out that rebleeding is an important factor of mortality 

and occurs in 10–30% of successfully treated patients. Research 

conducted by [5] and [12] also concluded that rebleeding is an 

influential factor of mortality. Even though there are advance 

treatments available in treating patients with UGIB, rebleed re-

mains the life-threatening factor of UGIB patients [9]. 

Shock score is a scoring that tells if there is an abnormality in 

blood circulation which result in hypertension and tachycardia. 

Research conducted by [5,12] also conclude that Rockall scores 

shows medical shock to be one of the risk factor of mortality. 

6.  Recommendation for Future Work 

This study did not involve interaction variables in building the 

best model. Interaction variable is very important in model-

building because it will influence the dependent variable different-

ly. It is unfair to consider a general model without including inter-

action variables [19] as researcher must consider all possible com-

bination of variables. Effects of interaction variables should be 

explored since there are less researchers are carried out on MBL 

model with interaction variables. 

 [10] stated that the cross-product between single independent 

variables is called as an interaction variable. This make forming 

an interaction variable harder when the independent variables are 

in categorical. Furthermore, most statistical software does not 

consider interaction variable as an option in finding best model. 

Therefore, R-package should be developed to obtain the best mul-

tiple binary logit models with interaction variables. 

The problems of under-fit and over-fit may occur when the model 

includes too many or too few parameter [7]. If the model includes 

too few parameters, it may lead to biased. Contrary, if the model 

includes too many parameters it will lead to poor precision. As a 

solution, a data screening method such as backward elimination 

can be implied. The backward elimination removes insignificant 

variables from the model based on the 𝑃-value.  
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