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Abstract. A prediction model for Obstructive Sleep Apnea (OSA) is developed based on a novel formulation approach by using 
customized Associative Rule (AR) Mining Techniques, i.e. Adaptive Apriori (AA) and Weighted Association Rule Mining 
(WARM), on visual inspected variables. This prediction model is based on the typical clinical data sets obtained from several hospi-
tals where from derivation of association rule mining (data-driven) techniques and medical knowledge on these variables 
(knowledge-driven) were applied separately to our training data sets. Application of our prediction framework to our testing data sets 
showed a significant improvement in terms of prediction accuracy and level of efficiency as compared with the classical approach of 
using medical Experts’ Rules (ERs). 

Keywords: Obstructive Sleep Apnea (OSA) • customized Associative Rule (AR) Mining Techniques • Adaptive Apriori 
(AA) • Weighted Association Rule Mining (WARM) • Experts’ Rules (ERs) 

1 Introduction 

 This research is using a combination of customized Associative Rule Mining         algorithms and neural network 
modeling approaches to derive clinical recognition patterns for predicting the clinical cases which are suspected of or 
having been diagnosed of having Obstructive Sleep Apnea (OSA). This is based on the visual inspected variables in 
clinical data sets. We applied this novel approach to a collection of existing patients’ records as our training data sets to 
develop a prediction framework for OSA. Then, we applied this prediction framework to another batch of existing, in 
addition to newly admitted patients’ records, as our testing data sets.  

In any non-typical data set, i.e. general population, OSA disease occurs in approximately two percent (2%) of women 
and four percent (4%) of men over the age of 35, and this illness gets worse with advancing age [2], [8], [15]. Normally, 
when OSA disease is suspected, the medical doctor sends the subject for a Polysomnography (PSG) test or a sleep test. 
This test is a gold standard to confirm whether a person has OSA disease or not. For this test, the patient has to sleep for 
at least one night in the sleep lab of a hospital, which is both very time-consuming and expensive [2], [8]. So, only those 
with quite strong suspicion of having OSA will be sent for the confirmatory PSG tests [2], [8], [15]. 

1.1 Novelty of Our Proposed Prediction Framework 

 The novelty of our OSA prediction framework is that we proposed customized Association Rule (AR) Mining 
techniques on visual inspected variables only. These variables can be easily ‘visually measured’ as screening tools for 
primary clinical examination during the 1st clinical consultation. Association rule mining consists of finding the 
frequent item sets [3], [5] (i.e. in this case, sets of items must satisfy a Minimum Support or Min Sup threshold) [3, 4, 5], 
from which strong association rules are generated. These rules must also satisfy a Minimum Confidence or Min Conf 
threshold, which is a pre-defined probability (please refer to Formulae 1 and 2) [3], [5]. Since our data sets were 
typically from clinical populations, the types of bias will be the sampling bias (as raw data were not randomly sampled, 
but consecutively sampled from patients’ serial medical records) and referral bias (as the accessed medical records are 
those subjects referred by the medical doctors from in-studied hospitals or other hospitals or private clinics to conduct 
sleep study tests). 
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These algorithms were chosen for our prediction framework because not all the strong association rules are 
interesting [3]. We introduced certain knowledge-driven techniques, i.e. Medical Expert Knowledge and Reasoning on 
OSA, to serve as background knowledge to guide our inferences [12, 13]. This is also to augment the support-
confidence framework [3] in our prediction framework. Associations can be further analyzed to uncover correlation 
rules, which convey statistical correlations between the item sets [1], [3, 4, 5].  

2 Research Aim, Objectives and Research Context 

2.1 Research Aim, Objectives and Research Context 

 Our previous prediction model for OSA was based preliminarily on a data set of the demographic, anthropomorphic 
and anthropometric measures that are the risk factors of OSA [2]. In this research, visual inspected variables are the 
prediction apriori for predicting OSA disease because almost all of these variables are typical and almost immediate 
causal variables (due to their patho-physiologic roles) for OSA disease. As these parameters can be ‘measured’ through 
quick visual inspections by medical doctors, they can be used as fast screening tools. 

 Since human inferences are guided by background knowledge [12, 13], in this case, we infer the medical knowledge 
from medical experts to augment our prediction framework to predict OSA disease. Purely using heuristic based algo-
rithms, which had been done in the past researches for OSA prediction, have had shown low success rates [2]. For in-
stance, some researchers have used a combination of several parameters (such as Body Mass Index or BMI, age, gen-
der, hypertension, respiratory data etc.) to predict OSA. However, such methodologies have made correct predictions in 
only one-thirds of the cases. In the remaining two thirds, prediction of the impending OSA cases were inaccurate [2], 
[8]. This severely limits the usefulness of using heuristics alone for predicting OSA. Therefore, in this research, we 
propose a better   approach to augment the heuristic or classical algorithms for predicting OSA disease.   

  Our main research aim is to apply a comprehensive but effective visual inspected prediction framework to derive 
more accurate decision support algorithms for early clinical diagnoses on OSA disease. We mainly look for a number of 
anatomical sites from the cranial facial aspects of every subject. These variables were easily           recognized during 
the routine primary clinical examination by medical doctors. In achieving the singularity of forms for having ‘more 
readable and everyone can instantly develop’ visualization effects (see Figure 1), the order of the visualization conver-
gence, which is really important [16], is considered for our collected visual inspected variables. The level of complexity 
and ease of feature extraction for mining the patterns during visualization is also taken into account [17, 18] during our 
pruning process for the decision trees. Figure 1 shows the First Order Iterative Learning (FOIL), or downward closure 
property of the decision tree developed when we computed the support constraint(s) for each item-set. 

2.2 Visual Inspected Variables as our Screening Tools for Multiple Supports Apriori of our 
Prediction Framework 

 As we want to explore data to find prominent intrinsic structures in these clinical data sets, the Associative Rule 
Mining algorithms were applied after the manifest variables (i.e. the known independent variables which are the risk 
factors of OSA) had been sorted out with the expected output variables (i.e. the patho-physiological defects found in the 
cranio-facial parts). Since our customized approaches were applied according to the data collected from clinical popula-
tions (i.e. subjects suspected of having OSA who were admitted to the hospitals), rather than general populations, we 
measured these parameters’ values as typical values from clinical data sets.  

Since most Association Rule Mining Algorithms employ a support-confidence framework [3, 4], while rule support 
and rule confidence are two measures of rule association and interestingness [3], we associate our intended variables 
(i.e. mostly cranio-facial features obtained by visual inspections before the need to implement any cephalometric meas-
ure, or expensive medical equipments) to the clinical Medical Experts’ Rules (ERs) of OSA using Support-Confidence 
Association Rules. For example, the Medical ERs for a subject to be likely of having OSA are that (I) Neck    Circum-
ference (NC) should be 40cm or more; (II) Body Mass Index (BMI) should be 40 or more, i.e. morbidly obese; (III) 
tonsils’ size to be 2 or more; (IV) Mallampati score (MP) to be 3 or more; (V) Epworth Sleepiness Scale (ESS) of 9 or 
more. 

 Apriori exploits the property of downward closure (see Figure 1), which is that if any k-itemset is frequent, all of its 
subsets must be frequent too [14]. By using Multiple Supports Apriori (MSApriori), we can deal with rare items. For 
OSA parameters collected, i.e. RN and MN, which have perfect high confidence threshold but really low support 
threshold to contribute to the rules generated by Apriori, we applied Minimum Item Support (MIS) approaches. By 
providing a different Minimum Item Support (MIS) for each different item, we can prune the item-sets with low support 
thresholds (please refer to Figure 1 for more details) to extract certain features from the raw data collected. 
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3 Research Methodologies 

3.1 Applying Customized Associative Rule Mining Algorithms to Visual Inspected Variables for OSA 
Prediction 

For the typical data sets obtained, the variables were selected based on the extent that they can fulfill the Min Sup 
threshold and/or Min Conf threshold. Most of these variables which are selected for constructing the Decision Tree (see 
Figure 1), have both high Min Sup and Min Conf thresholds (i.e. frequent data items which show significant causal 
relationships with OSA), while some other variables have low Min Sup threshold but high or perfect score for the Min 
Conf threshold (i.e. infrequent data items but show very strong causal relationships with OSA).  

 Please refer to Table 1 for the minimum support and minimum confidence thresholds as per stated i.e. (1) bilateral 
tonsils’ size (size ranges from 0 to 4, i.e. normal case to the worst case); (2) crowding of oropharynx (Mallampati score 
ranges from 1 to 4); (3) neck circumference (greater than or equal to 40cm); (4) Epworth Sleepiness Scale (i.e. ESS 
ranges from 0 to 24); (5) morbid obesity (BMI greater than or equal to 40);  (6) posterior pillar webbing; (7) retrogna-
thia / retro-positioned maxilla (overslung or jutting lower jaw); and (8) micrognathia / receding lower jaw or receding 
chin (short mentohyoid distance or inferiorly displaced hyoid bone).  
      Association Rules (ARs) are like classification rules [3], [6]. We are interested in finding association rules for the 
eight parameters listed in Table 1 which are either frequent (i.e. having high Min Sup threshold) or infrequent (i.e. 
having low Min Sup threshold). We augmented our model using certain correlation measures that we derived from asso-
ciative rule mining techniques. For Associative Rule Mining, see Formulae 1 and 2 below for derivation of minimum 
support and minimum confidence thresholds [3]:- 
      ||/|| RBASupport ∪= - - - - - - - - - - - - - - - - - - - - - - - - - - - -   (1) 

      ||/|| ABAConfidence ∪=     - - - - - - - - - - - - - - - - - - - - - - - - - -   (2) 

( )
||
)(1

X
jX

X
K k∑

= = ωω   - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - -   (3) 

        From Formula 3 as above, we are using Weighted Association Rule Mining (WARM) and Adaptive Apriori (AA) 
to get the best estimation of the measures for each parameter (please refer to Table 2). WARM is based on a weighted 
support measurement. Each item or item-set is assigned a weight based on its significance found in our clinical data sets 
[14]. The item-set weight, ω (X), is the mean of the item weight, ω (jk). 

                                                                        customized by WARM and AA 
  OSAbleectedVariaVisualInsp ⇒ [support, confidence]    
                                                                                                  pruned by using AA    
 
        The support constraints that we used and proposed in this research are that we applied support-based pruning for 
itemsets with low support thresholds, while confidence-based pruning for itemsets with high support thresholds. 

3.2 Technical details of using Adaptive Apriori and Association Rule Mining to Visual Inspected 
Variables for OSA Prediction 

       Adaptive Apriori (AA) has a variable minimum support threshold which introduces the notion of Support Con-
straints (SC) as a way to specify the general constraints on the minimum support [14] of an item-set. In the case for our 
OSA research, the AA will  associate a support constraint for each item-set as stated in Table 1. AA considers support 
constraints of the form to be SC1 (B1, B2, …Bs) ≥ Ѳ, where s ≥ 0.  Ѳ is a minimum support in the range of [0…1] (or a 
function that produces minimum support), while each B (which is called a bin) is a set of items that need not be distin-
guished by the specification of any minimum support [3],[14] (please refer to Table 1 for each B value as assigned for 
support-based pruning). 
      In Figure 1, if more than one support constraints is applicable to an item-set, the constraint specifying the lowest 
minimum support is chosen. When we refer to Table 1, we proposed to use support-based pruning as one of the main 
support constraints (SC) for the item-sets with low support threshold, i.e. as stated a nd drawn in the decision tree will 
be retrognathia (RN) and micrognathia (MN), the prediction accuracy with the testing data sets is 100%. 
      For the item-sets with high support threshold, we proposed to use confidence-based pruning as one of the main sup-
port constraints, the prediction accuracy with the testing data sets is around 87%. This approach is much better than the 
prediction models and computational approaches by using naïve Bayes classification and/or AdaBoost ensemble meth-
ods. Please refer to Table 4 for the results of comparative studies to the testing data sets by using naïve Bayes classifi-
cation techniques (i.e. Model 3) and AdaBoost ensemble methods (i.e. Model 4). 
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4 Experimental Outcome and Research Findings  

4.1 Prediction Outcome Obtained after Implementation of our OSA prediction framework to the 
Training and Testing Data Sets 

 The implementation outcome, after applying the above OSA prediction algorithms to existing 200 patients’ medical 
records (as training data sets) and then to the admitted 200 patients’ medical profiles (as testing data sets) using custom-
ized Associative Rule Mining techniques, i.e. AA and WARM, is shown in Tables 1, 2 and 3 as below. 

Table 1.  List of visually inspected variables included in our Association Rule (AR) Mining analyses as typical anatomical signs for 
clinical screening tools on OSA disease 

Visual Inspected  
 variables  
(based on indications 
from clinical notes) 

Minimum Support 
Threshold (see Formula 
1) from our clinical data 

sets customized by 
WARM and AA 

 Minimum      Confi-
dence Threshold (see 
Formula 2) from our  
clinical data sets 

List of all possible categorical or numerical values 
for each Visual Inspected variable after consid-
ering all possible outcomes 

(1) Tonsils’ Size  
 (X1) 

 
 (2)  Mallampati score  
       (MP) (X2) 
(3)  Neck  
       Circumference     
       (NC) (X3) 
(4)  Epworth Sleepiness 
        Scale (ESS) (X4) 
 
(5)   Morbid Obesity  
        (MO)(X5)  
 (6)  Posterior Pillar 
        Webbing (PPW) 
        (X6)    
 (7)  Retrognathia / 
        Overslung or Jutting 
        Lower Jaw (RN (X7) 
(8)  Micrognathia /    
       Receding Lower Jaw 
       or Chin (MN) (X8)    

         0.70 
         (140/200)    
 

         0.75 
    (150/200)    

 

               0.55 
          (109/200)    
 

         0.78 
     (155/200)    

     
         0.40 
      (79/200)    
 

          
       0.16   
      (32/200) 

   
         0.04 
       (8/200) 
  
         0.06 
       (12/200) 
 

  0.76 
(106/140)    
   
  0.81  

     (122/150)    
 

        0.81 

     (88/109)    
 
         0.85    
     (132/ 155) 
 
         0.91 

       (72/79)     

         
        0.94  

 (30/32) 
 
         1.00 

    (8/8) 
 
          1.00 

  (12/12) 

(1) Range:  0 to 4 (normal to worst) 
Both AR & ER: Sizes of 2 and above are ac-
counted for OSA +ve  

(2)  Range: 1 to 4 (normal to worst)  
ER: Sizes of 3 and above, AR: Sizes of 2 and 
above, are accounted for OSA positive.  
(3) ER: NC from 40cm and above, AR: NC from 
43.2cm and above,  are accounted for OSA posi-
tive. (4)Range:0 to 24 (normal to worst) 
ER: ESS ≥ 9, AR:  ESS ≥ 6 is considered as OSA 
positive. 25 possible outcomes.AR: Most cases 
with just ESS ≥ 6 are true positive. 
(5)  Morbid obesity – ER: BMI ≥ 40, AR:  BMI ≥ 
38   are considered as OSA positive.  
(6) Posterior Pillar Webbing - AR & ER: dichot-
omous output 0 or 1. 
 (7) & (8) Each of retrognathia and micrognathia 
has low min sup but perfect score min conf 
threshold. Both are infrequent data items but 
show full min conf. AR & ER: has a dichotomous 
output 0 or 1. 

4.2 Two-Item-sets per tier Decision Tree Development for Downward Closure Property (i.e. from the 
Greatest to the Least Min Sup) 

 
 
 
 
 
 
                  

 

 

 

 

 

 

 

Fig. 1. A convergent hierarchical (i.e. downward closure property) decision tree that shows how each weighting is obtained from 
the Min Sup Threshold of each variable listed in Table 1 
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Based on the 200 patients’ records, we developed Association Rules (ARs) by    using Adaptive Apriori and 
Weighted Association Rule Mining. We discovered more accurate readings on parameters such as MP, NC, ESS and 
MO by using AR, as opposed to ER (see Table 1). Clinical data sets which were collected based on the 8 parameters 
listed in Table 1 form a sequential two-item-sets per tier Decision Tree (see Figure 1). Each of the four parameters at 
lower half of the decision tree, i.e. MO, PPW, MN and RN, has almost full score or perfect score of Min Conf thresh-
old, i.e. strong association with OSA positive cases.  From the decision tree above, the downward closure property [14] 
can be achieved by using just two-itemsets while we traced down the tree. 

4.3   Development of Association Rules from Eight Parameters as assigned 

Table 2. Weighted Association Rules Mining (WARM) and Adaptive Apriori (AA) Algorithms applied to derive the Associative 
Rules which can contribute to true positive OSA cases:- 

A list of Associative Rules (ARs) generated from the Decision Tree deployed in Figure 1. The classifiers 
generated from these rules (as shown below) are from the 8 branches of the decision tree listed above:- 

 (1)   IF ESS ≥6 THEN OSA=yes; Accuracy=67.3% 
 (2)   IF ESS ≥6 AND MP ≥2 THEN OSA=yes; Accuracy=72% 
(3)   IF ESS ≥6 AND MP ≥2 AND Tonsils’ size ≥2 THEN OSA=yes; Accuracy= 80% 
 (4)   IF ESS ≥6 AND MP ≥2 AND Tonsils’ size ≥2 AND NC ≥43.2cm THEN OSA=yes; Accuracy=82.6%    
(5)    IF ESS ≥6 AND MP ≥2 AND Tonsils’ size ≥2 AND NC ≥43.2cm AND MO ≥38 THEN OSA=yes;  
         Accuracy=96.2% 
(6)   IF ESS ≥6 AND MP ≥2 AND Tonsils’ size ≥2 AND NC ≥43.2cm AND MO ≥38 AND PPW=yes  
        THEN OSA=yes; Accuracy=100%       
(7)   IF ESS ≥6 AND MP ≥2 AND Tonsils’ size ≥2 AND NC ≥43.2cm AND MO ≥38 AND PPW=yes  
        AND MN=yes THEN OSA=yes; Accuracy=100%       
(8)   IF ESS ≥6 AND MP ≥2 AND Tonsils’ size ≥2 AND NC ≥43.2cm AND MO ≥38 AND PPW=yes  
        AND MN=yes AND RN=yes THEN OSA=yes; Accuracy=100%       

 

A list of Medical Experts’ Rules (ERs) generated from the medical experts’ knowledge on OSA and indica-
tions from clinical case notes from all the UiTM hospitals. The criteria of a confirmatory positive OSA case 
(i.e. after  Polysomnography test) is that Apnea Hyponea Index (i.e. AHI) should be ≥ 40. The analyses and 
prediction accuracies on the testing data sets are as below:- 
 (1)   IF ESS ≥9  THEN OSA=yes; Accuracy=49.7% 
(2)   IF ESS ≥9 AND MP ≥3 THEN OSA=yes; Accuracy=54.7% 
(3)   IF ESS ≥9 AND MP ≥3 AND Tonsils’ size ≥2 THEN OSA=yes; Accuracy= 64.3%    
 (4)   IF ESS ≥9 AND MP ≥3 AND Tonsils’ size ≥2 AND NC ≥40cm THEN OSA=yes; Accuracy=61.5%       
(5)   IF ESS ≥9 AND MP ≥3 AND Tonsils’ size ≥2 AND NC ≥40cm AND MO ≥40 THEN OSA=yes;     
        Accuracy=88.6%    
(6)   IF ESS ≥9 AND MP ≥3 AND Tonsils’ size ≥2 AND NC ≥40cm AND MO ≥40 AND PPW=yes  
        THEN OSA=yes   Accuracy=93.8%    
(7)   IF ESS ≥9 AND MP ≥3 AND Tonsils’ size ≥2 AND NC ≥40cm AND MO ≥40 AND PPW=yes  
        AND MN=yes THEN OSA=yes; Accuracy=100%          
(8)   IF ESS ≥9 AND MP ≥3 AND Tonsils’ size ≥2 AND NC ≥40cm AND MO ≥40 AND PPW=yes  
        AND MN=yes AND RN=yes THEN OSA=yes; Accuracy=100%          

Table 3. Comparison of two model’s performance on our testing data sets is as follows: 

Prediction Measures 
for OSA (derived from 
the different two mod-
els, i.e. ARs vs. ERs) 

Application of Asso-
ciation Rules (ARs) 
to the Clinical Data 

Sets (Model 1) 

Application of Medi-
cal Experts’ Rules 
(ERs) to the Clinical 
Data Sets (Model 2) 

Discrepancies of these two models, i.e. the 
differences between Model 1 and Model 2 
(refer to Table 2 above) 

 
Accuracy Rate 
Ac = (TP+ TN) / 
(TP+TN+FP+FN) 

 
 

87.3% 

 
 

76.6% 

The prediction accuracy has a great im-
provement of 10.7% by using customized 
ARs, as opposed to using ERs. When reach-
ing 7-itemsets or more, for both AR and 
ER, prediction accuracy is the same, i.e. 
100%. 

Table 4. Comparative studies of our proposed approach with other computational approaches  (i.e. Naive Bayes Classifiers and 
AdaBoost ensemble) on our testing data sets is as follows: 

Prediction Measures 
for OSA (derived from 
another two different 
models, i.e. Naïve 
Bayes Classifiers vs. 
AdaBoost ensemble) 

Application of Naive 
Bayes Classifiers to 
the Clinical Data Sets 

(Model 3) 

Application of Ada-
Boost ensemble 
methods to the Clini-
cal Data Sets (Model 
4) 

Discrepancies of these two models, i.e. 
the differences between Model 3 and 
Model 4 respectively towards Model 1 

 
Accuracy Rate 
Ac = (TP+ TN) / 
(TP+TN+FP+FN) 

 
 

61.3% 

 
 

71.4% 

The prediction accuracy has a great 
improvement of 26.0% and 15.9% by 
using Naïve Bayes Classifiers and 
AdaBoost ensemble as opposed to 
using  customized ARs alone. When 
reaching 7-itemsets or more, for both 
approaches, prediction accuracy is the 
almost same, i.e. 99%. 
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4.4   Research Findings and Contributions of this research work 

 The contributions of our proposed prediction framework, as compared with the prediction framework using just 
medical experts’ rules (ERs), are indicated as below:- 

(1) Even the best classifier will perform very poorly if the features are not extracted well enough!! This is because 
feature extraction is the key contribution for pattern recognition [6]. In this research, we have successfully 
shown that when compared with medical Experts’ Rules (ERs), customized Associative Rules (ARs) can aug-
ment our prediction framework in terms of getting more proficient classifiers for predicting OSA. The sensitivi-
ty, specificity, and accuracy rates our prediction framework showed significant or great improvements.  

(2) Our prediction framework is arguably using customized Associative Rule Mining, i.e. WARM, to determine the 
minimum support threshold of each itemset. This is further streamlined by Adaptive Apriori (AA), which has a 
variable Min Sup threshold. When we compared between Model 1 and Model 2, its prediction accuracy is better, 
i.e. by 10.7%, as opposed to using medical Experts’ Rules (ERs) alone. WARM and AA are very suitable to be 
used because more accurate readings for each parameter can be derived after finding out the true OSA positive 
cases from the training data sets. 

(3) When we compared Model 3 and Model 4 respectively with Model 1, its prediction accuracy is even much bet-
ter, i.e. by 26.0% and 15.9% respectively. WARM and AA are very suitable to be used in this OSA research 
because more appropriate classification patterns and features can be derived and/or   extracted after finding out 
the true OSA positive cases from the training data sets. 

5  Conclusions and Discussions 

The advantages of incorporating these customized approaches to our OSA decision support system are as below:- 
(1) Less biased and more efficient because customized Associative Rule (AR) Mining is based on the values col-

lected from the clinical data sets, i.e. the typical values found specifically in clinical populations, while the 
support-confidence frameworks provide the ‘data-driven’ of values during the ‘weighted’ and ‘adaptive’  stages 
before we applied any classical Association Rule (AR) mining. The prediction accuracy is much higher. 

(2) Since the measurements on certain cranio-facial parameters are tedious and very time-consuming, using cus-
tomized Associative Rule (AR) mining      approaches from visual inspections can save a lot of time because 
visual inspections are just the screening estimations based on the medical doctors’ judgments during consulta-
tions, while clinical measurements on certain cranio-facial parameters may need the patient(s) to queue up for 
the equipments and/or devices which may usually take one day to a few weeks. 

(3) More economical in terms of cost saving since measuring cranial facial parts of every patient or suspected sub-
ject admitted for clinical examination on OSA needs professional medical equipments and devices, while using 
our customized AR approaches, we just need visual inspected readings and customized weighting. 
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