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Abstract. Roadside vegetation classification is an essential task for roadside fire risk assessment and environmental 

surveys. The vegetation such as type of grasses and their biomasses are used to identify the fire risk, however it is 

very difficult to distinguish vegetation, in particular, the type of roadside grasses. The purpose of this study is to 

develop a technique which can distinguish vegetation structure and automatically identify fire risk. This paper 

presents a novel hybrid learning technique for the classification of roadside vegetation with a new feature extraction 

strategy. The hybrid technique is based on texture feature and fusion of three classifiers: Support Vector Machine 

(SVM), Neural Network (NN) and k-Nearest Neighbor (k-NN). The segmented image regions are created from image 

data and texture features are extracted. The three diverse classifiers are trained with extracted features and decisions 

are fused using the majority vote. The proposed hybrid learning technique has been evaluated on roadside data 

obtained from Queensland Transport and Main Roads and results are discussed.   

Keywords: Hybrid Learning, Neural Networks, Feature Extraction, Support Vector Machine, k-Nearest Neighbor. 

1 Introduction 

Recognizing different kinds of vegetation, especially different types of grass regions, is a recurrent and important task 

for roadside fire risk identification. Hence we present a novel idea for roadside vegetation classification. Although a 

variety of vegetation can be found on the roadside, we initially focus distinguishing dense and sparse grasses.  

A designing and implementing automatic image classification algorithm has been an important research field for 

decades. Many approaches to solve the classification problem have been developed using various classifiers such as k-

Nearest Neighbour [1], Adaptive boost [2], Artificial Neural Network [3], Support Vector Machine [4] and Wavelet [5].  

In recent years, the combination of multiple classifiers and fusion of classifiers [6] rather than traditional use of a 

single classifier, has received much more attention due to its effectiveness in classification problems. The aim of this 

paper is to combine the NN, SVM and k-NN together with a novel feature extraction for vegetation classification. 

Considerable research has been conducted on image based object classification such as  fish species classification [7], 

date fruit classification [8], [9], automatic vegetable classification [10], and apple classification [11]. There has been 

little research work dedicated to vegetation classification and most of the literatures is focused on  agricultural 

landscape classification [12], [13].     

A comparison study for vegetation classification with fuzzy clustering is described in [14]. This study concludes with 

an idea that probabilistic C-means (PCM) is robust than noise clustering (NC) and fuzzy C-means (FCM). More 

recently, a complete image analysis system is proposed in [15]. The process starts with the extraction of vegetation 

areas using SVM. The vegetation classification rate for the proposed method was 98.5% and only 87.5% for the 

Normalized Difference Vegetation Index (NDVI) based method. The main drawback with this method lies in the fact 

that training areas have to be defined and the classifier has to be re-trained when data acquisition conditions change. In 

addition, some research concerning classification on different types of potatoes has also been published [16]. An 

automatic sorting system for agro-product is presented in [17]. However, the system produces high misclassification in 

terms of similar shapes and sizes of objects, such as apples and oranges or bananas and carrots. To overcome the 

shortcomings, color feature is added into the system in [18] because of its importance in object classification [19]. The 

feature extraction was included for studying shape of fruit, especially on papaya to check whether it is in original form 

or deformed using wavelet and feature fusion [20]. 

The current state of the art shows that using a single technique, it is impossible to improve the classification 

accuracy. In [8], texture feature and classification strategy for image-based date fruit classification are used. Another 

interesting technique is proposed in [10] for automatic fruit and vegetable classification from images in the super-

market. The major limitation of this work is that when features are not properly preprocessed and normalized, it can 

yield unexpected classification results. Among the reported research works on different types of classification 

performed by the different researchers, it is clear that only few research works exist on vegetation classification. In this 

research, we focus on fusion of classifiers with a novel feature extraction technique to classify dense and sparse grasses.  

The rest of this paper is organized as follows: Section 2 presents the proposed hybrid technique for vegetation 

classification. Section 3 presents experimental results and analysis. Finally, section 4 presents the conclusion and future 

research directions. 
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2 Proposed Hybrid Technique  

The foundation of the proposed hybrid technique is that the vegetation features can be learnt and distinguished by the 

fusion of different base classifiers. The technique consists of 5 stages: data acquisition, preprocessing, feature extraction 

and training of base classifiers and classification with trained base classifiers, fusion of classifier decisions and 

calculation of accuracy. An overview of the proposed hybrid technique is shown in Fig. 1.  

 

 

Fig. 1. Overview of the proposed hybrid technique.   

2.1 Data Acquisition 

The data for this research has been collected from state roads in Central Queensland region. The data has been divided 

into training and tests sets. The data contain 110 images extracted from the images captured by the camera in daylight. 

At the moment, we manually segment the grass region and focus on differentiating between dense and sparse grasses. In 

the future, we will segment the whole region from the video data and identify all objects from the image and finally 

identify the risk region. A sample of dense and sparse grasses is shown below in Fig. 2. 

 

 

Fig. 2. Images of sparse and dense grasses.   

2.2 Image Pre-processing 

The pre-processing steps include standard image filtering and resizing techniques. All images in the training and test 

datasets are processed using matlab functions (medfilt2, imresize) for filtering and resizing before extracting features.    
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2.3 Feature Extraction 

Feature extraction is one of the crucial steps for all classification. The proposed technique used texture feature for 

vegetation classification as dense and sparse grasses can be visually separated by smoothness or the distance between 

the grass stalks. Initially from the gray scale images we will try to calculate the local variability of the intensity value of 

the pixels in an image, and then calculate the covariance of the gray value. The approach is described below. 

 To calculate the intensity value of the image, we partition the image into 3-by-3 image blocks. When calculating the 

new value of the center pixel from the block, first we find the minimum and maximum values around the corresponding 

pixel in the block. The new value of the center pixel is replaced using the difference (maximum value - minimum value) 

and all the values are updated accordingly. Formation of the texture feature at initial stage is illustrated in Fig. 3.  

 
Fig. 3. Determining pixel values for further processing of texture feature. 

To calculate the final feature vector, a gray-level co-occurrence matrix for each image using the updated value 

(shown in Fig. 3) is constructed. Gray-level co-occurrence matrices indicate how often a pixel with gray-level (gray 

intensity) value horizontally adjacent to a pixel with each other. The distance between the pixel of interest and its 

neighbor were observed. Finally, using the numbers of instances of all possible neighborhoods, the co-occurrence 

matrix was constructed. The formation of the gray-level co-occurrence matrix from a sample image is shown in Fig. 4. 

This new matrix is used as the feature vector for training and testing purposes. 

 

Fig. 4. Formation of gray-level co-occurrence matrix for texture feature extraction. The Element (1, 2) in the matrix contains the 

value 2 because there are two instances in the image where two, horizontally adjacent pixels have the values 1 and 2. 

Texture filter functions were chosen before calculating the feature vector as they provide standard statistical 

measurements. We obtain the local variability of the intensity value of the pixels from our target image. If the range of 

the values in the neighborhood around a pixel provides small value, then the area will be areas with smooth texture and 

vice versa, the range will be larger for rough texture. In order to derive texture feature from image grey-level co-

occurrence matrices (GLCM) have been successfully used for many applications [23]. To compute the relationship 

between the pixel values, a spatial co-occurrence matrix is used. In this paper, we use the following GLCM feature 

vector: correlation, entropy and homogeneity. Correlation feature represents the linear dependency of grey-scale of an 

image. If within an image pixel values vary greatly, correlation value becomes small, while the value will be large if all 

the elements in the matrix are equal. If the texture areas of an image are similar in certain direction, the value of 

correlation will be big. Entropy describes the measure of randomness in the neighborhood of current feature. If pixels in 

an image vary greatly in an unexpected way, the entropy value will be high. If the same value is found then the entropy 

will be zero. Homogeneous texture descriptor represents the closeness of the distribution of the elements. It is an 

important visual primitive for searching similar looking patterns within image data. Little variation in image represents 

high homogeneity within image and 1 represents the no variation in image homogeneity. Therefore, a texture that 

contains ideal repetitive structures has high homogeneity, while a big variation in both, texture elements and their 

spatial arrangements has low homogeneity. In grass images we also have to look for the variation of patterns, therefore 

homogeneity is added as a texture feature. 
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2.4 Hybrid Classification  

Once the feature extraction stage is completed, the next procedure involves assigning grasses to classes or categories 

according to their features. Initially, we chose three classifiers as base classifiers.  

 

The reason for choosing the three classifiers lies in the fact that they are diverse classifiers and they can learn different 

patterns. Also all these three classifiers are widely used for broad and narrow weed classification. As our application 

area is novel, there is no existing work for grass classification, but grass classification is similar to weed classification. 

The reason for choosing SVM is adopted from the reference [21], which achieved optimum performance in terms of 

computational complexity and memory requirements. A new method for classification of broadleaf weed images based 

on k-Nearest Neighbor (k-NN) classifier has been presented in [22]. The overall recognition accuracy achieved by the 

proposed method was 93.13% with an average recognition time 1.5s, which was very promising. The reason for 

choosing BP-ANN as a base classifier is its generalisation ability and performance on broad and narrow weed 

classification in [23]. Based on the features obtained using a combination of Gradient Field Distribution (GFD) and 

Grey Level Co-occurrence Matrix (GLCM), ANN was able to classify the weed according to their classes correctly.  

3 Experimental Results and Discussions 

This section provides experimental results and analysis for the classification accuracy and also describes the reason for 

choosing a hybrid technique. The experiments were performed on real dataset of dense and sparse grasses. Three 

classification techniques, namely Support Vector Machine, Neural Network and k-Nearest Neighbor were used for 

training the base classifiers. The experimental results and analysis are presented in Tables 1-4. The filtering technique 

along with feature extraction has been applied for classification of dense and sparse grasses.  

Table 1.   Results using SVM 

Exp Kernel Function Train Accuracy (%) Test Accuracy (%) 

1 'linear' 90 85 

2 'polynomial' 85 80 

3 'rbf' 85 80 

 

 First we started with the SVM classifier and prepared class levels for training. We have arranged labels 1 & 2 for 

our convenience because it is better to label images numerically. The class “1” represents dense grass and “2” 

represents sparse grass. Table 1 shows the result obtained using SVM classifier.  

In the above table, train and test accuracies for different kernel function are listed. It shows that the linear function 

achieves highest accuracies in all cases which are 90% for training and 85% for testing dataset, whereas polynomial and 

linear functions show lower performance. The train accuracy and test accuracy achieved using polynomial were 85% 

and 80% and using rbf were 85% and 80% respectively. 

Table 2.   Results using NN 

Exp 

 

#Hidden 

Unit 
Iterations RMS Error 

Train 

Accuracy (%) 

Test 

Accuracy (%) 

1 6 500 0.0003 80 75 

  1000 0.0004 75 75 

  3500 0.0001 80 75 

2 10 500 0.0005 80 80 

  1000 0.0001 80 80 

  3500 0.0003 85 85 

3 12 500 0.0001 85 80 

  1000 0.0002 85 85 

  3500 0.0001 90 85 

4 15 500 0.0002 85 80 

  1000 0.0003 90 80 

  3500 0.0001 90 80 

5 20 500 0.0004 85 80 

  1000 0.0003 85 80 

  3500 0.0002 85 80 
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The second classifier used in the proposed hybrid technique is a NN classifier which is also popularly used for 

classification.We also observed the results obtained using different parameters of NN listed in Table 2. NN produces the 

highest accuracy with the number of hidden unit=12, iterations=3500, learning rate=0.01, momentum=0.15 and RMS 

error=0.0001. The accuracies for training and testing datasets were 90% and 85% respectively. This indicates that both 

SVM and NN can achieve similar performance if appropriate parameters for NN are chosen. 

The third classifier used in the proposed hybrid technique is k-NN with the closest feature vector, which is known as 

one of the lazy learning algorithms but works well for some data. Table 3 provides classification results obtained using 

k-NN. The train and test accuracies for different values of k were analyzed to choose the best value of k.  

 

The highest accuracies on training and test datasets were obtained using k =7 for k-NN classifier. Though results 

obtained using the k-NN are lower than the other two classifiers. The accuracies for training and test data were 80% and 

85%.  

Table 3.   Results using k-NN  

Exp K Train Accuracy (%) Test Accuracy (%) 

1 5 75 70 

2 7 85 80 

3 9 75 70 

     In order to compare the accuracy of the classification system, the results with different classifiers are summarized in 

Table 4. Results shown in Table 4 indicate that the hybrid technique achieved the highest classification accuracy when 

linear kernel function was chosen for SVM; number of hidden unit and iterations were chosen 12 and 3500 respectively 

for NN and the value of k was chosen as 7 for k-NN. 

Table 4. Results using proposed hybrid technique 

Exp 
SVM 

parameter 

NN 

parameter 

k-NN 

Parameter 

Overall Train 

Accuracy (%) 

Overall Test 

Accuracy (%) 

1 linear 
H.U= 12, Iterations= 

3500 
7 95 90 

 polynomial 
H.U= 10, Iterations= 

3500 
5 85 80 

 rbf 
H.U= 15, Iterations= 

1000 
9 80 75 

2 Linear 
H.U= 10, Iterations= 

3500 
9 85 80 

 polynomial 
H.U= 15, Iterations= 

1000 
5 80 75 

 rbf 
H.U= 12, Iterations= 

3500 
7 85 80 

3 Linear 
H.U= 15, Iterations= 

1000 
5 80 75 

 polynomial 
H.U= 12, Iterations= 

3500 
9 80 80 

 rbf 
H.U= 10, Iterations= 

3500 
7 80 75 

 

Highest training and test accuracies were 95% and 90% respectively. After training of all three classifiers along with 

different image descriptors, they were combined to make the final decision. The majority vote is used to combine the 

three classifiers. The decision of each classifier is collected and the class which has majority wins. So in proposed 

technique we label the class of a test image as dense or sparse class, where any of the two classifiers provide the same 

result. The overall accuracy of the hybrid technique shows the best performance in overall case but some 

misclassifications occurred.  

The analysis shows that SVM and NN outperformed in all cases with the 90% accuracy on training data and 85% 

accuracy on test data. The results using k-NN produce 85% accuracy on train data and 80% accuracy on test data. 

Finally, the highest classification accuracies were obtained by using the proposed hybrid technique, which are 95% on 

training data and 90% on test data. 
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4 Conclusion 

In this paper, a hybrid learning technique for roadside vegetation area classification has been presented. The proposed 

technique incorporates a novel texture feature for grasses and a fusion of multiple classifiers in order to improve the 

classification accuracy.  

A set of experiments on a vegetation dataset were conducted. The obtained results for individual classifiers and 

proposed hybrid technique are presented. A comparison of results showed performance improvement by the proposed 

hybrid technique which achieved over 90% accuracy on training and test data.  

The experiments were conducted on dense and sparse grasses which are the most important factor in identifying 

roadside fire. In addition to grasses, roadside vegetation contains many other types of vegetation like trees and shrubs. 

In our future research, more base classifiers will be added and optimized using evolutionary algorithms. The optimized 

hybrid technique will be evaluated on large vegetation data.    
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Abstract. The genetic epidemiology behind the complex diseases are characterised by multiple factors acting togeth-
er or independently. The complex network of these multiple factors induces pathological mechanisms which lead to 
disease manifestation. Advances in genotyping technology have dramatically increased the understanding of single 
nucleotide polymorphisms (SNPs) associated with complex diseases. The interactions between SNPs responsible for 
disease susceptibility are being intensively explored in this era of genome wide association studies (GWAS). Several 
machine learning and data mining approaches have been proposed to track the inheritance of the disease and its sus-
ceptibility towards the environmental factors. However, detecting these interactions continues to be a critical chal-
lenge due to bio-molecular complexities and computational limitations. The goal of this research is to study the effec-
tiveness of associative classification for detecting the epistasis in balanced and imbalanced datasets. The proposed 
approach was evaluated for two locus epistasis interactions using simulated data. The datasets were generated for 5 
different penetrance functions by varying heritability, minor allele frequency and sample size. In total, 23,400 da-
tasets were generated and several experiments conducted to identify the disease causal SNP interactions. The accura-
cy of classification by the proposed approach was compared with the previous approaches. Though the associative 
classification showed small improvement in accuracy for balanced datasets, it outperformed existing approaches for 
higher order multi-locus interactions in imbalanced datasets. 

 

Keywords: Epistasis, multi-locus, associative classification, SNP interactions 

1 Introduction 

The advances in technology helped biologists, geneticists and computer professionals to develop outstanding methods in 
exploring human genome. A major goal in this new era of genetics is to discover the susceptibility of diseases. A substan-
tial number of GWA studies were carried out to identify the sources of complex diseases. SNPs have become most com-
monly used biomarkers in case-control based GWA studies. A polymorphism is a single variation in DNA sequence and is 
present in one percent of the population. Despite the success in identifying thousands of genetic variances associated with 
complex human diseases, these studies present a number of challenges to the researchers. These include population stratifi-
cation, missing heritability, low effect size of associations, difficulties in addressing the role of rare variant, and genes in-
volved in the locus and mechanism which lead to the disease[1].  

Often in genetic epidemiology, the biological phenomenon is not merely interpreted just as linear models; it may 
also be due to interference of interaction between genes and gene-environmental factors. Interaction is a nonlinear effect 
that depends at least on two independent factors that may influence phenotype. Gene-gene interaction or epistasis is of two 
types, biological and statistical. Biological epistasis is a phenomenon of physical interactions between biomolecules such as 
DNA, RNA, proteins and enzymes. Statistical epistasis occurs at population level due to inter-individual variation in DNA 
sequences. It is intuitively difficult to produce biological interpretations from statistical results due to inherent nonlinearity. 
However, interaction studies are challenging mathematically and computationally. For example, in a study of 300,000 
SNPs in GWA, there are 4.5*1010 pair wise two-way interactions. It further grows to 4.5*1015 for three way interac-
tions[2]. Hence analyses of higher order interactions hit the limits of current computational technology. These challenges 
have been addressed by developing a number of tools and approaches. 

Recent research has explored the use of varying and modifying logic regression[3], penalized logistic regres-
sion[4], classification and regression tree (CART)[5], multivariate adaptive regression splines (MARS)[6], focused interac-
tion testing framework[7] and automated detection of informative combined effects (DICE)[8].The evolution of huge high 
dimensional data in genomics has led to the application of data mining and machine learning approaches including data 
reduction and pattern recognition. These approaches discover interesting interactions by considering all genomic variables 
in vast search spaces. Data reduction approaches reduce high dimensional data to low dimensional data. They include com-
binatorial partitioning method (CPM)[9], restricted partition method (RPM)[10], set association[11], and multifactor di-
mensionality reduction (MDR)[12]. Pattern recognition approaches extract patterns from the data using techniques such as 
cluster analysis[13], support vector machines (SVM)[14], self-organizing maps (SOM)[15]and neural networks (NNs) [14]. 
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Variable selection, model building and model interpretation are the three primary challenges in these approaches. In ad-
dressing these challenges, new strategies and methods are developed to improve genome-wide interaction studies.  

Tree based epistasis association mapping (TEAM), Boolean operation based screening and testing (BOOST), and 
GPU-based BOOST (GBOOST) are some of the exhaustive search approaches. Even though these approaches are feasible, 
they are computationally intensive and execution time increases exponentially by number of SNPs. In order to overcome 
these limitations, filtering approaches are used to analyse interesting SNPs. They include Random Forest (RF), 
epiFOREST, SNPInterForest, Random Jungle (RJ), forest based haplotype approach, bayesian approach, Bayesian epistasis 
association mapping (BEAM), fast epistatic interactions detection using markov blanket (FEPI-MB), Bayesian network 
based epistatic association studies (bNEAT),  andMega SNPHunter and biological filters [2]. Though several after men-
tioned approaches are developed, SNPs with weak marginal effect may be filter out that may significantly contribute the 
disease. The contingency table will have many empty cells which may lead to unstable estimation with large variance. 

Although research has progressed with application of new technologies and methods, none of the current ap-
proaches reveals the unexplained features of complex diseases due to interactions. Hence, efficient techniques have to be 
added to address the interaction effects between SNPs. Many researchers have shown that Associative Classification (AC) 
is more accurate than traditional classifiers[16].The rules generated in AC can be stored and can provide reasoning to the 
classification.AC is also suitable for both categorical and discrete data. Mapping SNP-SNP interactions to disease can be 
improved by integrating association rules and classification. In this paper, a new approach based on associative classifier is 
implemented to identify the interactions more effectively than the existing methods. The proposed approach will classify 
the subjects by determining the complexity of interactions and their associations with the disease. The goal of this study 
was to evaluate the proposed approach on the simulated data by varying heritability, minor allele frequencies and case con-
trol ratio. The study identified two way SNP-SNP interactions for both balanced and imbalanced datasets. Finally, the ap-
proach is validated in terms of accuracy and compared with previous methods under same simulated scenarios.  

The associative classification is briefly reviewed and then applied to the present problem in Section 2.1. Data 
Simulation scenarios and Data Analysis are explained in Section 2.2 and Section 2.3. Results are demonstrated in Section 3. 
The discussion and conclusion are included in Section 4 and Section 5 respectively.  

 

2 Methods 

2.1 Associative classifier 

Associative classification (AC) is a promising approach in data mining to build accurate and efficient classifiers for large 
datasets. The association rule mining is integrated into classification to obtain valuable rules that cannot be generated by 
other traditional classification approaches. These rules are easily interpretable and provide confidence probability to resolve 
the uncertainty of the classification problem. The AC algorithm is of three phases. They are: rule generation, building clas-
sifier and classification. In rule generation phase, association rule mining is used to generate frequent items from the large 
dataset. The association rule mining identifies interesting associations and correlations between attributes. In particular, 
class based association rules (CARs) are generated in this phase. The syntactic constraint of an association rule is that the 
consequents are restricted to be as class label and all other attributes are antecedents. In building classifier phase, redundant 
rules are removed and they are ordered to form a classifier. Ordering the rules is performed by criteria such as confidence, 
support, and rule length. Finally, test data is classified from the ordered rules in a classifier phase. Some of the common 
ACs are classification based on association (CBA)[17], classification based on multiple association rules (CMAR)[18], 
classification based on predictive association rules (CPAR)[19], lazy associative classification (LAC) and live and let live ( 
L3)[20].  

To formulate SNP interactions as an AC problem, let D be a relation of tuples, whose schema is represented by n 
distinct attributes SNP1, SNP2,…..,SNPn and a class attribute C. Let C be a finite set of class labels with case c1 and con-
trol c2 respectively, where, c є C. The attributes are treated as categorical where the class labels are known in training data 
instances in D and the class labels are unknown in testing data instances. Each instance tuple in D is represented as ti = 
(vi1, vi2, …, vin, ci) where vi1 is an item value for SNP1, vi2 for SNP2, etc and ci is a class label.  

Association rule R is generated in the form of X → Y which matches a tuple t є D when X ⊆ t. X is the antecedent 
which represents interacting SNPs associated with class label and Y the consequent which represents case or control. Sup-
port and Confidence are the two parameters used to measure the quality of association rules. Support is the number of tu-
ples in D containing X∪Y and confidence is the number of tuples matching X∪Y divided by the number of tuples contain-
ing X. The CARs are organised and ranked by computing support and confidence along with the rule cardinality (measure 
of number of elements of the rule). Redundant and noisy rules are discarded in the rule pruning phase that passes minimum 
support and confidence thresholds. Several pruning techniques (such as pessimistic error, database coverage, chi-square, 
redundant rule and lazy pruning) are adopted to reduce the size of AC. Hence, most significant and high quality rules are 
selected to form a more accurate and efficient classification model. These rules are used to predict the test data. Finally, the 
accuracy of the dataset is calculated as the ratio of number of objects correctly classified to the total number of objects in 
the test data.  
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2.2 Data Simulation 

The goal of this simulated study is to detect interactions between multi-locus SNPs using the AC approach. Two simu-
lated scenarios are considered to evaluate the accuracy AC with the previous approaches in the absence of main effect. 
Absence of main effect is considered to provide a high degree of complexity while identifying the associations of inter-
acting SNPs related to the disease. 

Scenario I.  
 
In first the scenario, six two locus epistasis (gene-gene interactions) models with different penetrance values are simulat-

ed for 20 SNPs with two functional SNPs (P1 and P2) and 18 independent non-functional SNPs. Case-control datasets are 
simulated with 200 cases and 200 controls in accordance to Hardy-Weinberg proportions. Figure 1 represents the overview 
of model dependent allele frequencies along with their penetrance tables. A simple model of two alleles (p and q) necessari-
ly sums to unity.  That is, p+q = 1 where p is minor allele frequency and q is the alternative allele frequency. Model 1 is 
based on nonlinear XOR function described by [21, 22] in which all high risk genotype combinations (AaBB, Aabb, AABb 
and aaBb) have a penetrance value of 0.1. Model 2 is described by [22, 23] in which high risk genotype combinations 
(AAbb, AaBb and aaBB) have penetrance values 0.1, 0.05 and 0.1 respectively. Other four models are described by [22] 
with Minor Allele Frequencies (MAFs) of 0.25, 0.25, 0.1 and 0.1 respectively. Ratios of 1:1, 1:2, 1:4, and 1:6 cases and 
controls are generated. 100 datasets are simulated for each model in order to evaluate the power of AC by estimating the 
number of times the approach successfully identified two functional SNPs. In total, 2,400 datasets are generated and ana-
lysed in the absence of main effect. 

Scenario II.  
 
In the second scenario, datasets are replicated as in the simulated study performed by Velez, D.R., [24] with 20 SNPs. 

Among these 2 SNPs are functional and 18 SNPs are non-functional. The two locus interaction models are generated from 
publicly available tool GAMETES [25]. The tool generates randomly pure and strict n-locus disease models with specified 
heritability, minor allele frequency and population. In this simulated scenario, two locus epistasis models are distributed 
across seven heritability (0.01, 0.025, 0.05, 0.1, 0.2, 0.3 and 0.4) and two different minor allele frequencies (0.2 and 0.4). 
Five models for each 14 heritability-allele frequency combinations are generated to develop 70 models in accordance to 
Hardy-Weinberg proportions. The penetrance tables are generated for these 70 models in the absence of main effect. These 
are available in the appendix as Table 1. One hundred datasets are generated for each model with sample size of 400.  The 
penetrance tables are generated for these 70 models in the absence of main effect. These are available in the appendix as 
Table 1. One hundred datasets are generated for each model with sample size of 400. The case-control ratios of the samples 
are 1:1, 1:2, and 1:4. In total, 21,000 datasets are generated and analysed to identify the two way interactions in the absence 
of main effect. 
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2.3 Data analysis  

The datasets for both scenarios are analysed using the latest MDR software tool available from www.epistasis.org. All the 
possible two locus interactions between SNPs are exhaustively evaluated on the data using the naïve Bayes classifier. Naive 
Bayes classifier is assessed using balanced accuracy. Balanced accuracy (arithmetic mean of sensitivity and specificity) is 
estimated using 10 fold cross validation for both training and testing data. Finally, the best MDR model with maximum 
testing balanced accuracy and highest cross validation consistency is selected. The power of MDR to detect SNP interac-
tions has been estimated by the number of times the functional SNPs are identified in 100 datasets of each model. The final 
results are statistically evaluated with a 1000 fold permutation test and whose p-values are compared with 0.05 in determin-
ing the significance of the findings. The datasets for both scenarios are analysed using associative classifier algorithms. The 
accuracy of AC algorithms is analysed using 10 fold cross validation and the disease causal interacting SNPs are investi-
gated. There are numerous methods and software implementations that have been used to investigate the interactions be-
tween SNPs. The most prominent approaches for identifying genetic effects in the presence of interactions are MDR, RF, 
SVM and NN [14]. Further, Naïve Bayes algorithm is also considered in this paper as it is a well-established machine 
learning method and has been successfully applied in analysing GWAS data [26, 27]. Both scenarios are analysed using 
RF, SVM, NN and Naïve Bayes algorithms. Ten Fold cross validation is performed to reduce the possibility of biased esti-
mation due to the division of data. 
 

3 Results 

Several experiments are performed over 23,400 datasets to evaluate the accuracy of AC over other approaches. The 
accuracy of AC for all six models in Scenario-I is presented in Table 2 to Table 4. Table 2 represents the accuracy of 
AC along with other previous approaches with 400 samples of 1:1 ratio of cases and controls. The accuracy of AC is 
higher for model 5 when compared to other approaches. Table 3 represents the results of AC and other current ap-
proaches for 1:2 ratios of cases and controls. The accuracy of AC is high for model 3, models 5 and model 6. Table 4 
and Table 5 represent accuracy of AC for 1:4 and 1:6 ratios of cases and controls respectively. The results show that AC 

Model MAF MDR RF AC-CPAR AC-CBA SVM NN Naïve Bayes
1 0.5 76 57.75 59.5 70 48 59.5 47.75
2 0.5 81.5 57.25 62.5 74 55.5 64.75 57
3 0.25 63 58.25 58.75 60 56 56.5 60.5
4 0.25 74.5 66 69.25 65.75 62 61.5 62
5 0.1 47.75 50.5 53.75 52 49.75 51.25 48.25
6 0.1 57 52 55 54.5 57.75 53.25 56.25

Model MAF MDR RF AC-CPAR AC-CBA SVM NN Naïve Bayes
1 0.5 76.78 63.33 64.83 66.75 66.67 65.17 62.67
2 0.5 81.46 62.5 68.5 69.75 66.75 65.5 62
3 0.25 53.12 65.25 63 66.75 66.75 56.75 62.5
4 0.25 76.75 70.25 73 65.5 71.25 73.75 72.5
5 0.1 51.59 61.25 61.5 66.75 66.75 57 66
6 0.1 56.88 62.5 62.5 66.75 66.75 62.75 62

Model MAF MDR RF AC-CPAR AC-CBA SVM NN Naïve Bayes
1 0.5 76.25 78.6 76.6 80 79.25 73.9 79.8
2 0.5 82.66 79.75 79.5 80 79.5 72.75 79.25
3 0.25 53.28 78.25 78.25 69.75 80 66.75 77.75
4 0.25 76.09 79 78.25 80.25 72.25 78 79
5 0.1 57.66 76.5 77.5 80 67.5 68.75 78.25
6 0.1 54.84 75.5 78.5 80 68.5 75.5 79

Model MAF MDR RF AC-CPAR AC-CBA SVM NN Naïve Bayes
1 0.5 76.16 91.5 91.75 91.25 82.25 86.75 91.25
2 0.5 82.7 91.25 91.75 91.75 85.25 84 90.25
3 0.25 45.94 91.5 91.5 91.75 87 85.75 91.5
4 0.25 71.8 91 91.25 91.25 87 85 90
5 0.1 43.47 90.5 90 93.4 83 85.75 91.5
6 0.1 44.02 91 91.25 91.75 86 87.75 90.25

Table 2: Accuracy of 6 models with 1:1 ratio of cases and controls

Table 3: Accuracy of 6 models with 1:2 ratio of cases and controls

Table 4: Accuracy of 6 models with 1:4 ratio of cases and controls

Table 5: Accuracy of 6 models with 1:6 ratio of cases and controls
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outperforms in all 6 models compared to the current approaches. The performance of AC is seen to be better with im-
balanced data than with balanced data.  

In scenario II, the accuracy of AC for 70 models is presented in Appendix from Table 6 to Table 8 and compared 
with previous methods. Table 6 represents the results of AC and other current approaches for 1:1 ratio of 400 samples. 
The accuracy of AC is higher only in two cases (MAF=0.2, H=0.01 and MAF=0.4, H=0.025) when compared with 
existing approaches. Table 7 and Table 8 shows the results of 1:2 and 1:4 ratios of cases and controls respectively. The 
accuracy of AC is higher in majority of the models in 1:2 ratios. AC performed well when the heritability is ≤ 0.1 for 
both cases of MAF = 0.2 and 0.4. However, as shown in Table 8, AC outperformed other approaches in all 70 models 
for the ratio of 1:4. The results of scenario II confirm that the accuracy of AC is higher over other current approaches in 
imbalanced datasets. 

 

4 Discussion 

The goal of this study is to determine whether AC is a better approach for identifying the higher order SNP interactions 
in absence of main effect. The approach considers the ratio of cases and controls for each SNP combination at different 
locus. It generates statistically significant genotype combinatorial associations in terms of rules based on cases and con-
trols. Predicting class labels of test objects from these rules retains higher accuracy in genetic combinations that con-
tribute to a disease. Despite the increase in accuracy, the approach will still reduce the false positive error by permuta-
tion testing under the null hypothesis. The results have been obtained on two simulated scenarios to identify complex 
associations between genotype and phenotype. 

In the first scenario, as stated in the results, the approach is validated for both balanced and imbalanced datasets. Fig-
ure 2a shows the accuracy of AC over MDR, RF, SVM, NN and Naïve Bayes classifiers in 1:1 ratios of cases and con-
trols for 400 samples. On an average of 100 datasets for each model, MDR significantly performed well for 1 to 4 mod-
els. However, AC performed better than other algorithms when allele frequencies are 0.1 and 0.9. SVM performed 
equally as MDR with difference of less than 1% in accuracy for model 6. Figure 2b shows the accuracy of AC over 
other algorithms in 1:2 ratios of cases and controls in a sample size of 400. On average, AC achieves an improvement in 
accuracy of 13% compared to MDR for model 3, 5 0.1. It is observed that both for balanced and imbalanced data, AC is 
more accurate when the allele frequencies are 0.1 and 0.9. Figure 2c exhibits accuracy of samples with 1:4 ratios. On 
average, the accuracy of AC is about 12% higher than MDR. However, it is observed that the accuracy of AC is slightly 
reduced by about 2% in model 2 where allele frequencies are equal. Figure 2d shows that the accuracy of AC is much 
higher than MDR in 1:6 ratios of all 6 models. Accuracy of AC is about 50% higher than MDR when MAF values are 
0.1 and 0.25.   

The results of second scenario of simulations, demonstrated that the AC performed well across a wide range of SNP-
SNP interaction models. Figure 3a illustrates accuracy of AC over other approaches in balanced data of 400 samples. 
MDR predominantly outperformed AC and other approaches. However, AC is more accurate than other approaches up 

11

Volume 14, No. 1 Australian Journal of Intelligent Information Processing Systems



 

                                                                                                                                                              
to 10% for allele frequencies 0.2 and 0.8 with heritability of 0.01. Further experiments were performed to observe the 
performance of AC when there is no genetic influence over the phenotype. It performed significantly better than all 
other approaches including MDR. Figure 3b illustrates the accuracy along y-axis and heritability along x-axis for 1:1 
ratio with MAF equal to 0.4. MDR performed significantly better in balanced data compared to other methods. Howev-
er, accuracy of AC improved up to 4% when heritability is 0.025. It also significantly performed better than other ap-
proaches when there is no genetic influence over the phenotype. Figure 4a and Figure 4b graphically represents accura-
cy of AC for 1:2 ratio of sample size 400 with MAF 0.2 and 0.4 respectively. For average of MAF 0.2 and 0.4, the ac-
curacy of AC is higher by up to 14% and 16% respectively compared to MDR for heritability values of 0.01, 0.025, 
0.05 and 0.1. It is also been observed that, Naive Bayes’ algorithm significantly performed better than MDR.  However, 
on average AC was more accurate than Naive Bayes’ algorithm for MAF 0.2 and 0.4 by upto 3% and 5% respectively. 
AC had the same accuracy as MDR for heritability 0.2, 0.3 and 0.4 for both MAF values (0.2 and 0.4).  Figure 5a and 
5b illustrates accuracy of AC for 1:4 ratios with MAF 0.2 and 0.4 respectively. AC predominantly outperformed in all 
70 models compared with other existing approaches. These results demonstrate that the power of AC increases in im-
balanced data with higher proportions of controls than cases.  
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5 Conclusion and Future works 

In this paper, association based classification approach was implemented for detecting interactions in balanced and 
unbalanced data. The approach was evaluated for two locus interactions using simulated data. The approach performed 
significantly better than the existing approaches in imbalanced data. However, the experimental results showed only 
small improvement in accuracy for balanced data. Further studies will investigate the performance of AC over three-
way to ten-way genotype interactions and how these contribute to associated phenotype. The approach will be further 
applied to real data to confirm the success rate of identifying the interactions between SNPs in high dimensional ge-
nome. Further, the empirical power of the approach will be determined in the presence of genotyping error, missing 
data, phenocopy and genetic heterogeneity. 
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Appendix 

 

MAF = 0.2, H = 0.01, K=0.117 MAF = 0.2, H = 0.01, K=0.623 MAF = 0.2, H = 0.01, K=0.096 MAF = 0.2, H = 0.01, K=0.079
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.117 0.12 0.0954 BB 0.598 0.6701 0.661 BB 0.086 0.12 0.062 BB 0.092 0.056 0.062
Bb 0.117 0.123 0.0677 Bb 0.664 0.5533 0.535 Bb 0.119 0.0485 0.107 Bb 0.058 0.124 0.0682
bb 0.119 0.02 0.8509 bb 0.71 0.4369 0.736 bb 0.069 0.0936 0.544 bb 0.048 0.097 0.4439

MAF = 0.2, H = 0.01, K=0.942 MAF = 0.2, H = 0.025, K=0.065 MAF = 0.2, H = 0.025, K=0.611 MAF = 0.2, H = 0.025, K=0.046
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.931 0.961 0.9613 BB 0.066 0.0649 0.039 BB 0.644 0.5518 0.57 BB 0.056 0.03 0.0166
Bb 0.961 0.902 0.9423 Bb 0.067 0.0685 3.706 Bb 0.531 0.7593 0.705 Bb 0.03 0.081 0.0186
bb 0.959 0.947 0.6225 bb 0.022 0.034 0.995 bb 0.733 0.3785 0.529 bb 0.013 0.026 0.7333

MAF = 0.2, H = 0.025, K=0.089 MAF = 0.2, H = 0.025, K=0.936 MAF = 0.2, H = 0.05, K=0.677 MAF = 0.2, H = 0.05, K=0.593
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.11 0.048 0.0812 BB 0.919 0.9695 0.952 BB 0.663 0.6758 0.927 BB 0.544 0.703 0.5154
Bb 0.051 0.171 0.0363 Bb 0.97 0.8668 0.967 Bb 0.676 0.7472 0.153 Bb 0.7 0.361 0.753
bb 0.057 0.085 0.6268 bb 0.951 0.9694 0.449 bb 0.928 0.1517 0.883 bb 0.538 0.708 0.5728

MAF = 0.2, H = 0.05, K=0.168 MAF = 0.2, H = 0.5, K=0.098 MAF = 0.2, H = 0.5, K=0.052 MAF = 0.2, H = 0.5, K=0.052
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.211 0.084 0.1493 BB 0.132 0.0362 0.048 BB 0.075 0.0124 0.015 BB 0.075 0.012 0.0147
Bb 0.083 0.34 0.153 Bb 0.033 0.2245 0.125 Bb 0.012 0.1355 0.038 Bb 0.012 0.136 0.0385
bb 0.16 0.132 0.5883 bb 0.071 0.0779 0.694 bb 0.015 0.0388 0.778 bb 0.015 0.039 0.7783

MAF = 0.2, H = 0.1, K=0.364 MAF = 0.2, H = 0.1, K=0.178 MAF = 0.2, H = 0.1, K=0.118 MAF = 0.2, H = 0.1, K=0.921
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.44 0.204 0.4594 BB 0.242 0.0612 0.104 BB 0.172 0.016 0.091 BB 0.878 1 0.9841
Bb 0.217 0.684 0.1818 Bb 0.052 0.4223 0.255 Bb 0.021 0.3184 0.079 Bb 0.999 0.768 0.9111
bb 0.352 0.398 0.3171 bb 0.179 0.1039 0.762 bb 0.047 0.1663 0.881 bb 0.992 0.896 0.0026

MAF = 0.2, H = 0.2, K=0.470 MAF = 0.2, H = 0.2, K=0.070 MAF = 0.2, H = 0.2, K=0.071 MAF = 0.2, H = 0.2, K=0.209
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.389 0.667 0.1984 BB 0.609 0.2485 0.424 BB 0.602 0.9223 0.743 BB 0.311 0.028 0.0328
Bb 0.666 0.016 0.9821 Bb 0.265 0.9067 0.661 Bb 0.918 0.2946 0.71 Bb 0.025 0.545 0.4747
bb 0.209 0.961 0.7352 bb 0.295 0.9197 0.076 bb 0.775 0.6457 0.191 bb 0.059 0.422 0.9064

MAF = 0.2, H = 0.2, K=0.174 MAF = 0.2, H = 0.3, K=0.421 MAF = 0.2, H = 0.3, K=0.658 MAF = 0.2, H = 0.3, K=0.662
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.264 0.003 0.1174 BB 0.541 0.161 0.587 BB 0.513 0.9159 0.926 BB 0.528 0.928 0.6957
Bb 0.001 0.519 0.1857 Bb 0.156 0.9935 0.077 Bb 0.908 0.2235 0.147 Bb 0.937 0.125 0.5846
bb 0.13 0.16 0.9939 bb 0.623 0.0047 0.516 bb 0.986 0.0269 0.477 bb 0.628 0.721 0.7591

Table 1: Penetrance tables for 70 models in Scenario II 
Model 1 Model 2 Model 3 Model 4

Model 5 Model 6 Model 7 Model 8

Model 9 Model 10 Model 11 Model 12

Model 13 Model 14 Model 15 Model 16

Model 17 Model 18 Model 19 Model 20

Model 21 Model 22 Model 23 Model 24

Model 25 Model 26 Model 27 Model 28
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MAF = 0.2, H = 0.3, K=0.266 MAF = 0.2, H = 0.3, K=0.752 MAF = 0.2, H = 0.4, K=0.604 MAF = 0.2, H = 0.4, K=0.627
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.396 0.006 0.2733 BB 0.623 0.9992 0.844 BB 0.448 0.8803 0.902 BB 0.473 0.96 0.447
Bb 0.04 0.734 0.1641 Bb 0.992 0.2837 0.662 Bb 0.942 0.0039 0.01 Bb 0.913 0.012 0.9929
bb 0.007 0.696 0.9823 bb 0.903 0.5439 0.003 bb 0.409 0.9975 0.596 bb 0.825 0.236 0.6026

MAF = 0.2, H = 0.4, K=0.656 MAF = 0.2, H = 0.4, K=0.664 MAF = 0.2, H = 0.4, K=0.299 MAF = 0.4, H = 0.009, K=0.670
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.505 0.946 0.7615 BB 0.509 0.9718 0.696 BB 0.449 5.4303 0.301 BB 0.648 0.653 0.7766
Bb 0.98 0.038 0.4295 Bb 0.978 0.0427 0.621 Bb 0.003 0.9049 0.209 Bb 0.67 0.673 0.6631
bb 0.488 0.977 0.7962 bb 0.643 0.7272 0.519 bb 0.282 0.2477 0.999 bb 0.723 0.703 0.4549

MAF = 0.4, H = 0.009, K=0.429 MAF = 0.4, H = 0.009, K=0.347 MAF = 0.4, H = 0.009, K=0.398 MAF = 0.4, H = 0.009, K=0.227
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.4 0.456 0.4162 BB 0.423 0.3147 0.276 BB 0.352 0.4489 0.351 BB 0.283 0.194 0.1999
Bb 0.404 0.445 0.4388 Bb 0.312 0.3714 0.356 Bb 0.456 0.3552 0.4 Bb 0.189 0.263 0.2046
bb 0.571 0.323 0.4302 bb 0.285 0.3493 0.482 bb 0.331 0.4153 0.501 bb 0.215 0.193 0.3566

MAF = 0.4, H = 0.025, K=0.343 MAF = 0.4, H = 0.025, K=0.370 MAF = 0.4, H = 0.025, K=0.514 MAF = 0.4, H = 0.025, K=0.471
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.387 0.369 0.1676 BB 0.307 0.4246 0.351 BB 0.633 0.4716 0.378 BB 0.356 0.574 0.4235
Bb 0.335 0.343 0.3629 Bb 0.344 0.3739 0.421 Bb 0.424 0.54 0.643 Bb 0.55 0.415 0.4643
bb 0.269 0.287 0.6793 bb 0.593 0.2396 0.263 bb 0.52 0.5372 0.436 bb 0.496 0.41 0.6008

MAF = 0.4, H = 0.025, K=0.780 MAF = 0.4, H = 0.05, K=0.307 MAF = 0.4, H = 0.05, K=0.634 MAF = 0.4, H = 0.05, K=0.395
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.698 0.832 0.8079 BB 0.358 0.3404 0.092 BB 0.726 0.5405 0.711 BB 0.41 0.29 0.678
Bb 0.837 0.721 0.8283 Bb 0.315 0.3013 0.307 Bb 0.607 0.6329 0.703 Bb 0.357 0.486 0.2105
bb 0.794 0.839 0.5726 bb 0.168 0.2498 0.793 bb 0.513 0.8521 0.257 bb 0.478 0.361 0.3137

MAF = 0.4, H = 0.05, K=0.746 MAF = 0.4, H = 0.05, K=0.755 MAF = 0.4, H = 0.1, K=0.675 MAF = 0.4, H = 0.1, K=0.566
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.616 0.831 0.7832 BB 0.615 0.8437 0.807 BB 0.583 0.6369 0.999 BB 0.718 0.597 0.1351
Bb 0.806 0.674 0.8288 Bb 0.839 0.6753 0.808 Bb 0.676 0.6812 0.657 Bb 0.476 0.525 0.8966
bb 0.859 0.772 0.4142 bb 0.821 0.7968 0.483 bb 0.882 0.7452 0.001 bb 0.499 0.624 0.5463

MAF = 0.4, H = 0.1, K=0.558 MAF = 0.4, H = 0.1, K=0.585 MAF = 0.4, H = 0.1, K=0.757 MAF = 0.4, H = 0.2, K=0.432
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.527 0.704 0.1905 BB 0.319 0.7223 0.774 BB 0.573 0.8764 0.817 BB 0.192 0.438 0.9564
Bb 0.617 0.417 0.8491 Bb 0.774 0.4913 0.445 Bb 0.882 0.6363 0.842 Bb 0.46 0.498 0.1719
bb 0.452 0.653 0.5118 bb 0.62 0.5603 0.584 bb 0.801 0.8547 0.369 bb 0.888 0.223 0.0332

MAF = 0.4, H = 0.2, K=0.403 MAF = 0.4, H = 0.2, K=0.484 MAF = 0.4, H = 0.2, K=0.611 MAF = 0.4, H = 0.2, K=0.828
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.108 0.543 0.6526 BB 0.645 0.3206 0.616 BB 0.88 0.3895 0.674 BB 0.622 0.944 0.9452
Bb 0.589 0.388 0.037 Bb 0.212 0.6739 0.529 Bb 0.332 0.7902 0.706 Bb 0.948 0.698 0.9522
bb 0.515 0.14 0.9454 bb 0.941 0.2852 0.055 bb 0.847 0.5758 0.189 bb 0.935 0.96 0.1951

MAF = 0.4, H = 0.3, K=0.434 MAF = 0.4, H = 0.3, K=0.496 MAF = 0.4, H = 0.3, K=0.460 MAF = 0.4, H = 0.3, K=0.482
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.173 0.444 0.998 BB 0.953 0.3002 0.059 BB 0.052 0.8053 0.349 BB 0.144 0.693 0.6135
Bb 0.457 0.563 0.0016 Bb 0.304 0.5577 0.746 Bb 0.608 0.3085 0.587 Bb 0.846 0.227 0.4337
bb 0.958 0.032 0.4684 bb 0.046 0.7556 0.733 bb 0.939 0.1436 0.337 bb 0.156 0.777 0.336

MAF = 0.4, H = 0.3, K=0.743 MAF = 0.4, H = 0.4, K=0.493 MAF = 0.4, H = 0.4, K=0.423 MAF = 0.4, H = 0.4, K=0.438
AA Aa aa AA Aa aa AA Aa aa AA Aa aa

BB 0.439 0.948 0.818 BB 0.026 0.72 0.865 BB 0.077 0.8168 0.022 BB 0.984 0.17 0.0122
Bb 0.971 0.518 0.9084 Bb 0.709 0.478 0.054 Bb 0.5 0.2441 0.787 Bb 0.092 0.625 0.6573
bb 0.748 0.961 0.0829 bb 0.899 0.0289 0.974 bb 0.971 0.0754 0.235 bb 0.247 0.481 0.7387

MAF = 0.4, H = 0.4, K=0.575 MAF = 0.4, H = 0.4, K=0.729
AA Aa aa AA Aa aa

BB 0.047 0.887 0.8291 BB 0.361 0.9957 0.758
Bb 0.965 0.347 0.3838 Bb 0.992 0.459 0.947
bb 0.595 0.56 0.5796 bb 0.767 0.9397 0.012

Model 29 Model 30 Model 31 Model 32

Model 33 Model 34 Model 35 Model 36

Model 37 Model 38 Model 39 Model 40

Model 41 Model 42 Model 43 Model 44

Model 45 Model 46 Model 47 Model 48

Model 49 Model 50 Model 51 Model 52

Model 53 Model 54 Model 55 Model 56

Model 57 Model 58 Model 59 Model 60

Model 61 Model 62 Model 63 Model 64

Model 65 Model 66 Model 67 Model 68

Model 69 Model 70
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Model MAF Heritability MDR RF AC-CPAR AC-CBA SVM NN Naïve Bayes
1 0.2 0.01 47 53 57 54.75 50.25 50.5 50.75
2 0.2 0.01 49.5 50.25 52.5 49.5 54 49 50.75
3 0.2 0.01 52.25 54.25 54.5 53 53.75 49.25 50.5
4 0.2 0.01 59.25 53.5 52.75 46.75 52.5 51.25 50.25
5 0.2 0.01 49.25 48.25 53.25 55 49 48.5 49.5
6 0.2 0.025 48.75 46.75 52.5 52.25 44 46.5 45.25
7 0.2 0.025 52 48.5 54.25 53.5 49 51.75 52.25
8 0.2 0.025 55.5 49.5 53.75 50.75 52.5 51.75 51.25
9 0.2 0.025 63.25 51.75 55.25 55.75 54.75 51.25 52
10 0.2 0.025 64.75 52.25 57 50.25 54.75 53.25 49.75
11 0.2 0.05 46.5 46.5 49.25 49.5 44.25 47.25 44.5
12 0.2 0.05 61.25 49 54 51.75 47.25 45.25 46.25
13 0.2 0.05 62 50.25 54.75 51.5 51.25 51.75 49.25
14 0.2 0.05 69 51.25 55 57.5 48.75 56 52.25
15 0.2 0.05 67.25 53.5 58.5 60.25 43.5 57.5 43.25
16 0.2 0.1 48.25 45.75 52 49 54 50.5 57.5
17 0.2 0.1 65.75 56.25 55.75 53.5 49.75 56.25 52.5
18 0.2 0.1 66 51 57.75 58 45 54 48.5
19 0.2 0.1 68 57.5 60 56.25 53.25 56 51.75
20 0.2 0.1 70.75 56.75 58.75 67.5 50.75 62.75 49.75
21 0.2 0.2 72 52.75 59.25 58 51 58.5 49.75
22 0.2 0.2 74 56 62 61 48.25 58.25 47.25
23 0.2 0.2 76 52.5 60.25 69.75 52.25 58.75 48
24 0.2 0.2 77.75 55.75 64.75 65.25 54.5 68 51
25 0.2 0.2 76.25 53.75 65.25 72.75 53 67 48.25
26 0.2 0.3 76 56.5 63.5 67.5 49.25 60.75 47.5
27 0.2 0.3 73 59.5 65 64.5 47.75 60.75 52.25
28 0.2 0.3 79.75 58.25 66.75 74.25 53.25 67 49.25
29 0.2 0.3 74.75 56.75 60.5 73.25 44.75 62 48.5
30 0.2 0.3 76.25 56.25 62 75.25 52.25 67.75 51
31 0.2 0.4 78.75 59 69.25 63 58 67 55.75
32 0.2 0.4 76.25 57.5 61.5 65.25 51.25 64.75 50
33 0.2 0.4 79.5 58 74.75 67.25 54 70.25 47.5
34 0.2 0.4 76.75 58.25 66.75 70.75 56.25 67.25 52.75
35 0.2 0.4 80.25 57 73.5 77.25 48.25 67 47.75
36 0.4 0.01 51.25 52.25 51.5 47.25 45.25 46 45
37 0.4 0.01 50.25 45.75 52.25 51.75 47.5 47.25 47.75
38 0.4 0.01 51.25 49 55.5 48.25 54.75 51.25 51.5
39 0.4 0.01 60.25 54.5 51.5 52.5 52.5 53.75 53.25
40 0.4 0.01 53.5 53 53.5 51 55.75 55.5 53
41 0.4 0.025 51.75 50.75 51.5 49.5 42.5 46.5 45.5
42 0.4 0.025 46.5 51.5 49 49.5 46 50.5 48
43 0.4 0.025 51.75 47 51.5 56 52.5 46 52.5
44 0.4 0.025 56.5 51 52.5 52.25 50.5 53.5 48.5
45 0.4 0.025 55.25 52.75 54.5 57.25 57.75 52 54.5
46 0.4 0.05 47.25 50.5 54.25 48.75 50 52.25 51.25
47 0.4 0.05 46.25 46.5 51 51 49.5 57.5 49.25
48 0.4 0.05 62.25 49.5 54 53 50.75 48.75 44.25
49 0.4 0.05 61.25 50.75 51.5 49.5 48.75 50.5 45.75
50 0.4 0.05 57 50.25 56 49.25 55.75 50.25 52.75
51 0.4 0.1 51.25 53 55.5 48.75 53.75 49.25 57.25
52 0.4 0.1 58 47.25 56.5 56.25 44.25 48 44.5
53 0.4 0.1 65.5 50.25 55.25 50.5 55.25 53.75 53
54 0.4 0.1 61.75 47.75 52.5 49.25 48 48 45.5
55 0.4 0.1 66.5 50.5 55.5 56.5 50.5 50.75 45.75
56 0.4 0.2 63.75 56.75 56.25 60.75 56.75 54.5 52.75
57 0.4 0.2 66.75 49.75 58.25 56.25 50.25 48.5 47.75
58 0.4 0.2 70 52.75 61.5 63 56 59.75 55.5
59 0.4 0.2 69.75 50.5 56 55.25 53 58.25 51.5
60 0.4 0.2 76.25 53.5 57.25 64.75 51.75 60 51.25
61 0.4 0.3 66.25 52.75 57.75 60 47 52 50
62 0.4 0.3 75 53.5 58.5 60.5 51 63.5 46.5
63 0.4 0.3 77.25 55 64.5 64.5 50.5 64 51.75
64 0.4 0.3 76.75 52.75 56 72.75 47.25 63.5 44.25
65 0.4 0.3 83.5 58.25 72.75 67.25 51 67 51.25
66 0.4 0.4 73.75 52.75 66 61 51.25 64 54.25
67 0.4 0.4 81.5 57 72 69.75 50.5 65.25 49.75
68 0.4 0.4 79 56 71 70.25 46.5 68.25 50.5
69 0.4 0.4 79.25 59.25 66.25 74.5 56.25 72.25 51.5
70 0.4 0.4 79.5 64 69 70 52 70 53

Table 6: Accuracy of 70 models with 400 samples of 1:1 ratio of cases and controls
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Model MAF Heritability MDR RF AC-CPAR AC-CBA SVM NN NaiveBayes
1 0.2 0.01 54.63 61.75 59.5 65 54 56.25 62.75
2 0.2 0.01 47.09 62.75 59.75 66.75 55.75 57.75 62.25
3 0.2 0.01 50.84 61.75 59.75 66.75 52 54.25 59.25
4 0.2 0.01 51.05 62.25 59.75 65 60.25 57.75 63
5 0.2 0.01 49.71 61.75 61.25 62 56 53.75 63.75
6 0.2 0.025 49.14 60 58.75 64 55.25 52.25 62.5
7 0.2 0.025 58.9 60.25 61.5 66.75 59.25 61 65.25
8 0.2 0.025 61.37 60.25 57 62 58.75 61.5 62.75
9 0.2 0.025 60.62 61.5 65 59.25 58 65 63.55
10 0.2 0.025 65.45 70 69.5 66.75 57.5 70 63.25
11 0.2 0.05 54.98 62 58.5 66.75 62 56.5 65
12 0.2 0.05 59.1 59.5 61 66.75 54.25 55.25 62.75
13 0.2 0.05 60.63 64 58.5 61 58.75 58.75 62.75
14 0.2 0.05 64.33 63 63.75 66.75 57.75 58.25 63.25
15 0.2 0.05 68.7 59.25 58.75 66.75 51.5 57 61
16 0.2 0.1 61.74 60 58.75 66.75 50.5 52.25 62.5
17 0.2 0.1 62.31 60.25 61.5 66.75 55.25 61 62.25
18 0.2 0.1 64.33 62.5 61.25 65 57 61.5 62.75
19 0.2 0.1 71.89 67.25 67.25 66.75 62.5 63.75 64
20 0.2 0.1 72 67.25 71.5 66.75 66.25 68.75 62.25
21 0.2 0.2 69.59 65.5 67.75 59.25 57.75 62 63.75
22 0.2 0.2 69.43 63.75 64 66.75 58.75 63 62
23 0.2 0.2 69.94 61.25 62.25 63.75 54.75 61 60
24 0.2 0.2 77.46 69.75 71 64.75 66.5 69.25 62
25 0.2 0.2 71.25 65.5 67.75 66.75 63.5 63.5 62.75
26 0.2 0.3 77.88 62.75 65.75 66.75 65.75 66.25 62
27 0.2 0.3 76.53 66 73 67.75 58.5 71 65
28 0.2 0.3 75.44 64.5 74.5 66.75 57.5 71.25 61.5
29 0.2 0.3 78.08 62.25 68.75 65 56.25 67 66.75
30 0.2 0.3 78.83 61.25 70.5 64.75 56.5 66.25 63.5
31 0.2 0.4 79.01 65 71.5 67.5 65.5 71 62
32 0.2 0.4 78.07 67.5 75 67.75 61.5 69.75 61
33 0.2 0.4 77.7 67.25 76.25 66.75 70 73.75 62.5
34 0.2 0.4 80.32 68.5 72.5 67 61 75 61.75
35 0.2 0.4 73.32 63 67 66.75 67.25 68 58.25
36 0.4 0.01 49.54 61.5 56 61.5 55 54.75 58.5
37 0.4 0.01 53.45 61.5 59.5 66.75 49.5 54.25 63.5
38 0.4 0.01 48.59 61.5 59 66.75 65 59 62.25
39 0.4 0.01 54.42 63.25 56 66.75 58.5 54.5 62.5
40 0.4 0.01 47.85 62.25 59.5 66.5 55.5 55 63.5
41 0.4 0.025 56.47 63 60 64 54.75 54.5 61.5
42 0.4 0.025 49.34 63.5 62.5 63.25 60.75 56.75 62.75
43 0.4 0.025 49.15 65.25 60 66.75 61 57.25 62.75
44 0.4 0.025 62.65 63.75 62.25 66.25 54.25 59.75 60.75
45 0.4 0.025 51.02 62.75 62.5 65.75 62.5 59.5 59.5
46 0.4 0.05 44.27 61.25 59.25 66.75 59.25 56 61.75
47 0.4 0.05 52.7 61.25 58.75 66.5 60.75 57.25 58.5
48 0.4 0.05 55.34 62.75 63.25 66.75 57.75 54.5 61.75
49 0.4 0.05 60.97 62.75 59 66.75 60 55.5 61.5
50 0.4 0.05 65.3 62.25 62.75 64.25 56.5 56.75 60.5
51 0.4 0.1 48.42 61 59 66.5 66.75 57.25 58.75
52 0.4 0.1 43.53 61.25 60 66.75 66.75 61.25 61
53 0.4 0.1 64.92 61.5 63 66.75 67.75 59 62.25
54 0.4 0.1 60.98 60.75 60.25 66.75 49.75 53.25 60.25
55 0.4 0.1 67.16 63.5 63.75 66.75 55.5 57.75 64
56 0.4 0.2 66.96 63.5 63 66.5 61 57.25 60.5
57 0.4 0.2 66.06 63.25 63.75 66.75 57.5 60.5 61.25
58 0.4 0.2 71.48 65.5 66.5 66.5 61.25 63.25 63.5
59 0.4 0.2 76.54 61 63.25 65.75 54 64.25 60.5
60 0.4 0.2 74.69 62.5 67.25 66.75 55.25 63.5 62.25
61 0.4 0.3 73.7 63.5 64.25 73 62.25 59.75 59.25
62 0.4 0.3 73.21 60 64.75 66.25 57.25 61.25 61.5
63 0.4 0.3 72.81 62 61.25 66.25 60.75 59.75 60.25
64 0.4 0.3 72.04 62.75 67.5 66.75 62.5 63.75 65.25
65 0.4 0.3 81.6 62.75 67.5 66.75 62.5 63.75 65.25
66 0.4 0.4 76.59 63.75 66 66.75 63.75 64.75 60.25
67 0.4 0.4 79.56 64.25 69 66.5 63.25 65.25 65.25
68 0.4 0.4 83.32 60.25 67.5 65.75 54.5 69.5 63.75
69 0.4 0.4 84.8 67 84.75 65 63.25 73.25 63
70 0.4 0.4 85.72 68.25 68.5 65.25 57 78.5 60.5

Table 7: Accuracy of 70models with 400 samples of 1:2 ratio of cases and controls
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Model MAF Heritability MDR RF AC-CPAR AC-CBA SVM NN NaiveBayes
1 0.2 0.01 44.69 77 72.5 80 64 69 77.75
2 0.2 0.01 52.81 76.25 71 80 66 70.25 77.5
3 0.2 0.01 40 77 75.25 80 68.25 69.75 79.5
4 0.2 0.01 50.78 77.5 71.5 80 68.5 68.5 78.5
5 0.2 0.01 50 78.25 72.5 80 66.25 67.25 78.5
6 0.2 0.025 48.59 80.25 79 74.5 71.5 70.5 78.5
7 0.2 0.025 63.13 78.25 80 80 68.25 69.75 76.75
8 0.2 0.025 56.09 77.25 79.25 79.5 64.75 72 78.5
9 0.2 0.025 62.5 78.5 78.75 80 64.5 70 79.5
10 0.2 0.025 52.5 77 80 80 67.25 72.25 78.5
11 0.2 0.05 56.09 78 79.5 80 69.75 69.75 77.5
12 0.2 0.05 48.29 78.75 79.25 80 67.75 71.25 78.75
13 0.2 0.05 60.16 78 77.5 80 68.5 76.25 79.75
14 0.2 0.05 65.78 79 79.75 76.75 71.25 70.5 78
15 0.2 0.05 62.81 78.25 79.75 79.25 71 71.75 79
16 0.2 0.1 51.56 76.5 72 80 67 68.5 78
17 0.2 0.1 64.22 78 77.25 80 72 68 78
18 0.2 0.1 70.16 78.75 77.5 80 71 74.75 78.5
19 0.2 0.1 68.59 79 77.25 80 71.5 75 77.5
20 0.2 0.1 70.94 78 79 78.75 67 74.5 77.75
21 0.2 0.2 70.16 79.25 78 80 67.5 72 78.5
22 0.2 0.2 75.63 79.5 77.25 80 72.25 74 78.75
23 0.2 0.2 73.75 77.25 80 80 71.5 76 77.5
24 0.2 0.2 74.06 78 79.75 78 71.75 78 77.5
25 0.2 0.2 75.47 79.75 81.75 78.25 72 78.25 78.5
26 0.2 0.3 74.37 79 80 80 68.5 76 77.5
27 0.2 0.3 75 78.75 78 79.5 70.5 80 78.25
28 0.2 0.3 76.72 80.25 84 80 71 79 77.5
29 0.2 0.3 73.75 78.75 78.25 78.75 72.25 75 77.75
30 0.2 0.3 75.63 79 78 80 68.5 70.75 78.5
31 0.2 0.4 81.09 79.5 80.25 80 72.25 78 79.25
32 0.2 0.4 80 78.25 80.25 80 67.5 81.75 77.5
33 0.2 0.4 78.12 78.5 79.25 77.25 75.5 82 78.25
34 0.2 0.4 83.28 79.5 86.75 80 70.25 78 79
35 0.2 0.4 84.22 79.5 89.25 80 75.5 86 79.25
36 0.4 0.01 45.63 76.75 79.25 79.75 68.75 72.75 78.25
37 0.4 0.01 56.25 77.5 80.25 79.75 69 69.25 79.75
38 0.4 0.01 47.66 78 79 80 66.75 68 78
39 0.4 0.01 53.28 77.5 79.75 80 63.5 66 76.75
40 0.4 0.01 50.47 77.5 80 80 66.25 68.75 78
41 0.4 0.025 54.06 77 79.25 80 71.5 71.5 78.75
42 0.4 0.025 44.84 78 79.5 80 68.25 69 77.75
43 0.4 0.025 57.03 79.25 78.75 80 64.75 71.25 75.75
44 0.4 0.025 46.88 76.75 79.75 80 64.5 68.75 79.25
45 0.4 0.025 44.37 78.5 80 80 67.25 68.5 78.75
46 0.4 0.05 59.69 78.25 78.75 80 69 69.25 78.25
47 0.4 0.05 45.78 78.5 79 79.5 69 74 79.25
48 0.4 0.05 49.38 78.25 78.5 80 65.5 70.75 79.25
49 0.4 0.05 43.28 78.75 79.5 80 65 67 79.5
50 0.4 0.05 57.34 77.5 78.75 72.5 64.75 70.5 78.75
51 0.4 0.1 62.34 77.75 79.75 72.25 70 69.25 77
52 0.4 0.1 50.94 77.5 80.25 71.25 67 69.25 79.75
53 0.4 0.1 61.87 78.25 79.5 79.5 67.25 72.25 78.75
54 0.4 0.1 64.06 78.5 79.25 80 67.25 70.75 79
55 0.4 0.1 62.66 76.75 79 80 64.5 70.5 79.25
56 0.4 0.2 67.81 78 80 74.25 73 73.25 78.5
57 0.4 0.2 67.66 77.25 79.5 79.75 64.5 72.25 77.75
58 0.4 0.2 77.81 79.75 79.5 80 65 71.75 79.75
59 0.4 0.2 72.97 80 77.75 80.25 72.5 73.25 78
60 0.4 0.2 69.69 78.5 78.25 80 70.25 71.5 77.5
61 0.4 0.3 69.06 77.75 79 80 70.5 74.25 79
62 0.4 0.3 70 78 79 80 68.25 72.25 78.25
63 0.4 0.3 70.94 76.5 78.5 73.5 73 75.25 79
64 0.4 0.3 75.78 78.25 83 79.25 72.5 73.5 78.5
65 0.4 0.3 80.94 78 80 79.5 68.75 72.75 79.75
66 0.4 0.4 75.31 78.5 78 80 67.75 70.5 79
67 0.4 0.4 78.12 79.5 80 80.25 68.75 74.5 78.5
68 0.4 0.4 81.09 79.25 79.75 79.75 68.5 72.75 79.5
69 0.4 0.4 82.5 79 83.25 79.5 71.25 80.75 79.5
70 0.4 0.4 76.09 78.75 79.25 80.25 74 76.25 77.25

Table 8: Accuracy of 70models with 400 samples of with 1:4 ratio of cases and controls
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Impact Analysis of the Person in Topic Event Mining 
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Abstract. Impact analysis of the person can help us to understand the role that this individual plays and the development 
of the event. This paper focuses on a study of persons’ impact on events. The problem is addressed by exploiting 
concepts coming from physics and using indicators typically exploited in stock market analysis. We assess person’s 
impact on a specific topic event by expressing ‘momentum’ and referring to a key period as the interval when this 
impact is profound and is kept relatively stronger. Key features of the model (viz. the impacts and key periods) are 
estimated by the combination of Moving Average Convergence Divergence (MACD) and MACD histogram drawn 
from stock analysis. Experimental results reported for four well-known topic events in China show that the model could 
achieve desirable result in analyzing person’s impact on the topic event. 

Keywords: Impact analysis; Topic event; Momentum; MACD; Histogram 

1 Introduction 

The analysis focused on ‘person’ becomes an important task in data mining area, such as information extraction [1,2], 
information retrieval[3,4], machine vision and application[5,6], public opinion analysis[7] and social networks[8]. But, 
there is few studies on ‘person’ in topic event. We study a problem about a person’s impact on topic event, which is 
defined as the role this individual plays. Topic event is a set of news stories, such as “Wenchuan earthquake in 2008”. 
News on a topic event are posted chronologically, which are viewed as a kind of data stream, the same as one person’s 
information. Therefore, the impact analysis can be viewed as a problem of time series analysis. 

It is generally the case that the more times a name is mentioned in a newspaper, the stronger impact this particular 
individual has. That is to say, a pure frequency of one person’s name may be used to evaluate his impact. But there are 
some limitations with this regard. First, thresholds must be used to determine the impact and identify the key period. If 
the threshold is too high, the period when the impact is strong may be neglected. On the other hand, the period with weak 
impact may be detected. It has to be noted the high person’s occurrence frequency does not directly imply a strong impact. 
For example, if one person is the journalist following the event, his name, which is served as a stopword, will be mentioned 
frequently in news reports. Therefore, the impact of this individual on the event is extremely weak.  

To address this new and interesting problem, this study borrows the idea [9], which is used to detect topic burst. Though 
ideas are something similar, two tasks are extremely different. Essential differences are that impacts and key periods are 
quantified and a combination of two indicators is used in our model, while only bursts are identified and merely one 
indicator is used to estimate bursts. The study exhibits following original facets. (1) A novel study is proposed. The 
problem includes impact tracking and key period detection. (2) The problem is addressed by concepts from physics and 
indicators in stock analysis. (3) Person’s social attributes are considered and some disadvantages in other algorithms are 
avoided. (4) Parameters can be adjusted so that the model can be utilized in other applications. 

The paper is organized as follows. The second section discusses some related work and baseline systems. The third 
section details the relevant terms and impact model. The fourth section elaborates on results of experiments for four topic 
events. The fifth section concludes this work with a summary. 

2 Related Work 

There has been increasing interest in time series [10,11], person’ action[4,6], topic event[9,12,13]. Cokol et al. [11] cap-
tured variations in scientific impact over time to compare relative significance and evolution of fields similar to a financial 
market scorecard. Zhang et al. [4] analyzed searchers’ behaviors over time and investigated if time series analysis is a 
valid method for predicting relationships between searcher actions. Kleinberg[12] modelled an infinite state automaton 
in which each state represented a message arrival rate to detect topic burst. Arrival rate of the word can be defined as the 
number of articles containing the word, frequency of the word and alike. Suppose there are n batches of documents and 
the tth batch contains rt  relevant documents out of a total of dt. Let 1

n
tt

R r


  and 1

n
tt

D d


 . For each state qi, there is an 
expected fraction of relevant documents pi. Set p0 = R/D, and pi = p0si, where s>1 is a scaling parameter. The weight of 
one topic in an interval [t0, t1] is defined as: 
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The weight is equal to the improvement in cost incurred by using state q1 over the interval rather than state q0. That is 

to say, topics with higher weights correspond to more prominent periods of elevated activity. This method could be quite 
limited, since more significant information could be ignored. For example, a person’s social attributes may be more im-
portant than the arrival rate of his name mention. 

 
Fig. 1. An example with positive histogram but no topic burst 

Many systems[9,14] were based on MACD histogram, which was used to track trends. The model[9] reconstructed 
bursts as a dynamic phenomenon using concepts originating from physics instead of focusing on arrival rates. They 
viewed topic bursts as intervals of increasing ‘momentum’, which is estimated by MACD. The MACD histogram reflects 
the difference between MACD and MACD’s average. If MACD histogram is positive, it indicates recent upward mo-
mentum is more than the previous and the uptrend is getting stronger, therefore, a topic burst can be anticipated. As an 
example, let us refer to Fig. 1, in which data were based on our dataset and analyzed with the use of the model[9]. MACD 
histogram values are positive during the interval 2011/7/25-2011/7/28, therefore, there is a burst. This model can be 
investigated to solve the impact analysis presented in this study, however one has to proceed with caution. There may be 
no topic burst when histogram values were positive in the period of August 7 - August 16(in red). The reason is that X 
decreased from July 28, so MACD became negative (from August 1), meanwhile X became equal to 0 from August 4 to 
16, so MACD approached 0 gradually. This phenomenon has resulted in the positive histogram (August 7-16), but without 
any topic burst. Otherwise, if it is merely determined by MACD, the impact may be very weak and decrease gradually, 
such as the data (in blue) in Fig. 1. 

3 Impact Analysis Based on Momentum and MACD 

The person’s impact is the role this individual plays in the event. ‘momentum’ is an object’s movement trend in the 
direction of movement. It also quantifies an object’s energy when it is moving. Therefore, we can regard the impact as 
‘momentum’ of the person. The impact changes with the change rate of the momentum. When the change rate of momen-
tum is positive, the impact increases. This change rate has an interpretation of ‘acceleration’ or ‘force’, which is a basic 
notion present in physics. To measure the change of momentum, analysis of the stock market is incorporated here, such 
as Exponential Moving Average (EMA), MACD, MACD signal and MACD histogram. These indicators are used to spot 
changes in the strength, direction, momentum and duration of a trend in a stock’s price. ‘Impact’ is viewed as ‘momentum’ 
in our model. The impact of the person on the topic event can have several descriptors which are used to represent ‘mo-
mentum’ as follows: 

1. Position x(t): A measure of arrival rate at time t. It may be the number of documents, the number of documents con-
taining mentions of the person, the occurrence frequency of this person and alike.  

2. Velocity v(t)=dx/dt: It can be computed as the derivative of position. Velocity is interpreted as the change rate of 
arrival rate over time. 

3. Acceleration a(t)=dv(t)/dt: It is the rate at which the velocity changes with time. Changes in momentum are measured 
with acceleration if mass is a constant value. If acceleration is positive, velocity increases and then momentum in-
creases. 
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4. Mass m(t): A measure of importance at time t. It is the person’s social attribute, which may be the grade of professional 
title1, the grade of position2, educational attainment, the age etc. It could be constant or a variable associated with time 
t. m(t) is set to  , which is an small positive number, for those who don’t possess any professional title or position. 

5. Momentum p(t)=m(t)•v(t): It is the product of mass and velocity. It measures the impact of the person on the topic 
event. When momentum increases, impact increases, otherwise, decreases. 

6. Force F(t)=m(t)•a(t): It is any influence that causes momentum to undergo a certain change. So it measures changes in 
momentum. When the force is positive, there is an increasing trend in impact. 

The MACD indicator is a collection of three signals, calculated from historical price data, showing the difference 
between a fast and slow EMA of closing prices[15]. Three signals are: MACD, MACD signal and histogram. MACD is 
based on EMA which highlights recent changes in stock’s prices. By comparing EMA values in different periods, MACD 
line can indicate changes in the trend of a stock. By comparing that difference with an average, histogram line can indicate 
subtle shifts in the stock’s trend. The time period for EMA on which an MACD is based, is flexible. But the most com-
monly used parameters involve a short period EMA of 12 days, a longer period EMA of 26 days, and a 9-day EMA of 
the difference between these two. As shown in Fig. 2, if EMA of previous 12 periods is going over EMA of 26 periods, 
it would indicate in recent time the market started moving upward, otherwise, going down. Signal line is the EMA of 
MACD for previous 9 days. If MACD line moves over signal line, it indicates the recent upward momentum is higher 
than the previous and the uptrend is getting stronger, otherwise, downtrend becomes stronger. The larger the histogram 
value is, the stronger this trend is.The above indicators are concepts in stock analysis. Since topic events are almost 
emergencies, reports appear in large batches. Essentially, dozens of news reports appear together every day and m(t) can 
be a measure of one person’s impact on the topic event. Instead, we need to model this kind of phenomenon. Suppose 
there are rt reports in the tth day. In this case, similar indicators are defined as follows. 

 
Fig. 2. MACD indicators of example stock during 2011/08-2011/12 

1. MEMA: It is a smoothing model whose weighting factors decrease exponentially. The N-day MEMA for a n-day series 
X=(x1,…, xn) may be calculated recursively: 
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Where   represents a degree of weighting decrease, a constant factor between 0 and 1. MEMA is used to smooth out 
short-term fluctuations and highlight longer-term trends. m(tk) could be constant or a variable which describes person’s 
social attribute.  

2. MMACD line: It expresses the difference between a short period MEMA, and a longer period MEMA. A short period 
MEMA responds more quickly than a longer period MEMA to recent changes in position xt. Compared with MEMAs 
of different periods, MMACD can indicate changes in the trend of xt. So, MMACD is a filtered descriptor of velocity 
v(t) or p(t). MMACD line crossing zero suggests the direction of average velocity is changing. MMACD of X can be 
defined as follows, where N1<N2. 

                                                        
1   http://zh.wikipedia.org/wiki/%E8%81%8C%E7%A7%B0 
2   http://zh.wikipedia.org/wiki/%E4%B8%AD%E5%8D%8E%E4%BA%BA%E6%B0%91%E5%85%B1%E5%92%8C%E5%9B 
%BD%E5%85%AC%E5%8A%A1%E5%91%98 
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3. Msignal line: Msignal line is a MEMA of MMACD line. It results average velocity, which is filtered again. It is defined 
as follows: 

 
1 2 3 3 1 2( , , ) ( )[ ( , )]Msignal N N N MEMA N MMACD N N     (4) 

4. Mhistogram line: It is the difference between MMACD line and Msignal line. It is a measure of acceleration a(t) or 
force f(t). MMACD line crossing Msignal line suggests that the acceleration is changing direction. Mhistogram is 
described as: 

 
1 2 3 1 2 1 2 3( , , ) ( , ) ( , , ) Mhistogram N N N MMACD N N Msignal N N N     (5) 

Changes in momentum are described by force, therefore, Mhistogram suggests changes in the momentum and changes 
in the impact. When Mhistogram is positive, the impact of one person increases, otherwise, decreases. Different from the 
model[9] which is merely determined by histogram, we detect the key period when impact is relatively strong by the 
combination of MMACD and Mhistogram. If it is merely determined by Mhistogram, there may be a problem mentioned 
in section 2 that there is positive Mhistogram, but no impact, such as the data (in red) in Fig.1. Otherwise, if it is merely 
determined by MMACD, the impact may be very weak and decrease gradually, such as the data (in blue) in Fig.1. There-
fore, if ti∈[t1, t2] follows that MMACD ≥ 0 and Mhistogram ≥ 0, then the interval [t1, t2] is one key period. 

4 Performance Analysis 

The proposed model is applied to four well-known topic events in China. We select two persons in every event, including 
individuals and groups. Detailed information about events is shown in Table 1. Our model is compared with Kleinberg’s 
model[12] and He and Parker’s model[9]. m(t) is set to 0.001 for those who do not possess any professional title. Exper-
imental data were collected from China People’s Daily in 1998 and online3. Because of space limitation, we show results 
of only one person for each topic event. 

Table 1. Information about topic events 

Topic Event Persons Duration 

“Shanghai subway accident” ‘Jianguang Xu’, ‘injured’ 2011.09.13-2011.10.10 

“Wenzhou high-speed train crash” ‘Yiyi’, ‘Zhijun Liu’ 2011.07.23-2011.12.06 

“Wenchuan earthquake” ‘Soldier’, ‘Army’ 2008.05.12-2008.09.04 

“flood disaster” ‘Army’, ‘Jiancheng Gao’ 1998.07.10-1998.11.30 

4.1 Experimental Results 

Results are shown in Fig. 3. MMACD(12, 26) and Mhistogram(12, 26, 9) are used to predict the impact and detect rela-
tively significant period. If MMACD and Mhistogram are positive, impact increases when one person has a significant 
impact. MEMA1 is 1-day MEMA, which relates to public attention to given person. For illustration, MEMA1 is normal-
ized to fit into Mhistogram. As we can see, results generated by the constructed model are consistent with the development 
of every event. 

Shanghai subway accident happened on September 27, 2011. Jianguang Xu, director of health bureau, kept a close eye 
on it. Therefore, his impact peaked on September 27. Subway operation returned to normal on September 28. A committee 
was formed to investigate the accident. Results were disclosed on October 6, which elicited an unexpectedly strong re-
sponse. Therefore, in Fig. 3(a), his role was diminished from then on. 

Wenzhou high-speed train crash happened on July 23, 2011. Last survivor was Yiyi, a 3 years old girl, whose parents 
died in the accident. She was seriously injured and became the focus of the society. Her hospital course and living quality 
were attracting more and more attention. She had undergone at least 5 operations. Each treatment had been followed, so 
her impact changed with every treatment as shown in Fig. 3(b). 

Wenchuan earthquake happened on May 12, 2008. Its magnitude was 8 and there were frequent aftershocks. An emer-
gency rescue was carried out from May 13 to May 20. It is shown in Fig. 3(c), MMACD of ‘Army’ increased sharply 
during May 13-16 and reached a maximum. As time went by, there was a falling off in rescue operations. It indicated 

                                                        
3  http://news.ifeng.com/mainland/special/shanghaiditiexiangzhuang/content-4/list_0/0.shtml 

http://news.ifeng.com/mainland/special/wzdongchetuogui/content-3/list_0/0.shtml 
http://news.sina.com.cn/z/08earthquake/scroll/1.shtml 
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rescue operation had withstood a critical point when MMACD of ‘Army’ reached a minimum on June 5. Impact of ‘Army’ 
was absent after rescue. 

A flood disaster took place in China from early July to late August, 1998. Jiancheng Gao, one troop’s instructor, sac-
rificed on August 1. Therefore, in Fig. 3(d), his impact increased greatly in the following days and MMACD reached its 
local maximum.  After rescue, he was awarded, so his impact increased again and peaked. After the disaster relief work, 
his impact gradually declined and MMACD became 0. 

 
(a) ‘Jianguang Xu’ in “Shanghai subway accident”    (b) ‘Yiyi’ in “Wenzhou high-speed train crash” 

 
(c) ‘Army’ in “Wenchuan earthquake”                       (d) ‘Jiancheng Gao’ in “flood disaster” 

Fig. 3. Impact analysis of some persons on the topic events by Mhistogram(12,26,9) 

4.2 Parameters Selection 

As we can see from subsection 4.1, the impact of one person on the event can be interpreted by our model, and results of 
impact analysis are consistent with event developments. However, as shown in Fig. 3, there are some differences between 
experiment results and the reality. For example, in Fig. 3(c) and Fig. 3(d), the detected period is so long that the interval 
with no public attention is recognized, what’s more, in other subfigures in Fig. 3, some important intervals with much 
public attention are not recognized.  

 
(a) ‘Jianguang Xu’ in “Shanghai subway accident”    (b) ‘Yiyi’ in “Wenzhou high-speed train crash” 

 
(c) ‘Army’ in “Wenchuan earthquake”                       (d) ‘Jiancheng Gao’ in “flood disaster” 

Fig. 4. Impact analysis of some persons on the topic events by Mhistogram(6,9,3) 

It is found that since the duration of one event’s critical period was relatively short and parameters of Mhisto-
gram(12,26,9) were relatively large, some farther historical data affected the analysis. A study finds identified periods are 
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shorter when parameters are smaller. If parameters are too small, identified periods are so short that some key periods 
when the impact is strong enough are ignored. Therefore, parameters are tuned according to the duration of one event’s 
critical period, instead of default parameters being used in stock market. Generally, there is a one-week critical period 
during every topic event, so Mhistogram(6,9,3) and MMACD(6,9) are adopted. The results are shown in Fig. 4 after 
parameters are tuned. When values of MMACD are positive, they can illustrate one person’s impact and its trend better. 
It is shown in Fig. 4 that MMACD can be more consistent with the public attention (MEMA1) and key periods when 
impacts are relatively stronger are more accurately identified according to Mhistogram and MMACD. Problems in Fig. 1 
and Fig. 3 have been addressed. 

4.3 Performance Comparison 

Kleinberg’s automaton model is to explore hierarchical structures and topics of document streams based on the role of 
time and document arrival rate in e-mail. It is used to identify topic bursts in the stream of titles of all papers from database 
conferences SIGMOD and VLDB for the years 1975-2001 and titles of all papers from the theory conferences STOC and 
FOCS for the years 1969-2001. He and Parker reconstructed bursts as a dynamic phenomenon to detect topic bursts which 
were merely determined by histogram for the large PubMed/MEDLINE database of biomedical publications. We use 
Kleinberg’s model and He and Parker’s model to carry out a similar analysis to identify the relatively important periods 
when one person’s impacts are relatively strong. The results are shown in Fig.5. There are significant differences between 
the periods detected by the three different methods. 

Our model is more appropriate, accurate and efficient. Kleinberg’s model is to identify topic bursts based on arrival 
rate. It is content-independent and character-independent. Our model utilizes more information about time series and 
persons’ character information. The comparison is shown in Fig.5. Only one period can be identified when the impact is 
the strongest in Kleinberg’s model, whereas periods when any significant and subtle increase is detected are identified in 
our model. Therefore, our model can identify more significant periods for the person. It is shown periods produced by 
Kleinberg’s model are usually longer, so some important changes cannot be detected from the subtle. Furthermore, our 
model exhibits another advantage that its parameters can be tuned to a given application. He and Parker reconstructed 
bursts as a dynamic phenomenon which were merely determined by histogram.  

Main difference between our model and He and Parker’s model is MMACD and Mhistogram are used in mine while 
Mhistogram is just used in He and Parker’s model. As shown in Fig.5, more periods are detected using He and Parker’s 
model which contains many irrelevant intervals. For example, in Fig.5(c), rescue works peaked on May 15, then its in-
tensity declined. MMACD of ‘Army’ gradually became negative and reached the minimum on May 27. After June 9, 
MEMA1 and MMACD gradually became 0 when rescue works were completed. MMACD (=0) during June 21- June 30 
were higher than those (<0) during May 27- June 20. Therefore Mhistogram was positive, but no ‘Army’ participated 
during June 21- June 30. It is the same situation in intervals July 11- July 19 and August 5- September 4. This led to a 
problem where there was neither the participant nor attention, but the period was detected. The problem of this nature can 
be avoided in our model. 

 
(a) ‘Jianguang Xu’ in “Shanghai subway accident”   (b) ‘Yiyi’ in “Wenzhou high-speed train crash” 

 
(c) ‘Army’ in “Wenchuan earthquake”                       (d) ‘Jiancheng Gao’ in “flood disaster” 

Fig. 5. Impact comparison 
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5 Conclusions 

This paper presents a model for impact analysis of several persons on topic events. Compared to some existing methods, 
this framework defines the impact by using concepts stemming from physics. A key period when one person’s impact is 
profound in the course of one event is modelled as the interval of positive and increasing momentum. Impacts and key 
periods are estimated by a combination of MMACD and Mhistogram drawn from technical analysis of stocks. Our ex-
periments show that our model works well for analyzing impact qualitatively and quantitatively. The model not only can 
monitor the impact and key periods, but also can tune parameters of indicators to the application. The accuracy and 
effectiveness of the method have been demonstrated through a series of experiments completed for four well-known topic 
events present in China. 
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61173073 and International S&T Cooperation Program of China under Grant No. 2014DFA11350. 

References 

1. Mann, G. S., Yarowsky, D.: Unsupervised Personal Name Disambiguation. In: 7th Conference on Natural Language Learning, 
pp. 33–40. Stroudsburg, PA, USA (2003) 

2. Niu, C., Li, W., Srihari, R. K.: Weakly Supervised Learning for Cross-document Person Name Disambiguation Supported by 
Information Extraction. In: 42nd Annual Meeting on Association for Computational Linguistics, pp. 597–604. Barcelona, Spain 
(2004) 

3. Sugiyama, K., Okumura, M.: Personal Name Disambiguation in Web Search Results Based on a Semi-supervised Clustering 
Approach. In: 10th International Conference on Asian Digital Libraries, pp. 250-256. Hanoi, Vietnam (2007) 

4. Zhang, Y., Jansen, B. J., Spink, A.: Time Series Analysis of a Web Search Engine Transaction Log. Journal of Information Pro-
cessing and Management, 45, 230-245(2009) 

5. Baltzakis, H., Pateraki, M., Trahanias, P.: Visual Tracking of Hands, Faces and Facial Features of Multiple Persons. Journal of 
Machine Vision and Applications, 23(6), 1141-1157(2012) 

6. Paul, R., Aguirre, E., Silvente, M. G., Salinas, R. M.: A New Fuzzy Based Algorithm for Solving Stereo Vagueness in Detecting 
and Tracking People. International Journal of Approximate Reasoning, 53(4), 693-708 (2012) 

7. Wang, H., Can, D., Kazemzadeh, A., Bar, F., Narayanan, S.: A System for Real-time Twitter Sentiment Analysis of 2012 U.S. 
Presidential Election Cycle. In: 50th Annual Meeting of the Association for Computational Linguistics, pp. 115-120. Jeju, Repub-
lic of Korea (2012) 

8. Kretschmer, H., Aguillo, I. F.: New Indicators for Gender Studies in Web Networks. Journal of Information Processing and Man-
agement, 41(6), 1481-1494 (2005) 

9. He, D., Parker, D. S.: Topic Dynamics: An Alternative Model of ‘Bursts’ in Streams of Topics. In: International Conference on 
Knowledge Discovery and Data Mining, pp. 443-452. Washington, DC, USA (2010) 

10. Alzghoul, A., Lofstrand, M., Backe, B.: Data Stream Forecasting for System Fault Prediction. Journal of Computers & Industrial 
Engineering, 62(4), 972-978 (2012) 

11. Cokol, M., Esteban, R. R.: Visualizing Evolution and Impact of Biomedical Fields. Journal of Biomedical Informatics, 41(6), 
1050-1052 (2008) 

12. Kleinberg, J.: Bursty and Hierarchical Structure in Streams. In: International Conference on Knowledge Discovery and Data Min-
ing, pp. 91-101. Edmonton, Alberta, Canada (2002) 

13. Morinaga, S., Yamanishi, K.: Tracking Dynamics of Topic Trends Using a Finite Mixture Model. In: International Conference on 
Knowledge Discovery and Data Mining, pp. 811-816. Seattle, Washington, USA(2004) 

14. Tung, W. L., Quek, C.: Financial Volatility Trading Using a Self-organising Neural-fuzzy Semantic Network and Option Straddle-
based Approach. Journal of Expert System with Application, 38(5), 4668-4688 (2011) 

15. Ni, H., Yin, H. J.: Exchange Rate Prediction Using Hybrid Neural Networks and Trading Indicators. Journal of Neurocomputing, 
72(13-15), 2815-2823 (2009) 

25

Volume 14, No. 1 Australian Journal of Intelligent Information Processing Systems



26

Australian Journal of Intelligent Information Processing Systems Volume 14, No. 1



Simulating oculomotor inhibition of return with a two-dimensional dynamic 
neural field model of the superior colliculus 

Jason Satel1, Farzaneh S. Fard2, Zhiguo Wang3, and Thomas P. Trappenberg2 

1University of Nottingham Malaysia Campus, Semenyih, Malaysia 

jason.satel@nottingham.edu.my 

2Dalhousie University, Halifax, Canada 

farzaneh.shfard@dal.ca, tt@cs.dal.ca 

3Hangzhou Normal University, Hangzhou, China 

z.wang@hznu.edu.cn 

Abstract. Sensory adaptation and oculomotor inhibition of return (IOR) have been extensively modeled using a one-
dimensional dynamic neural field (DNF) model of the superior colliculus (SC). However, a great deal of paradigms 
are incapable of being simulated in a single dimension, limiting the generality of previous implementations. Here, we 
expand on previous work by implementing the inhibitory cueing mechanisms underlying IOR in a two-dimensional 
DNF. With such a model, we were able to reproduce the results reported in our previous work, validating the use of 
two-dimensional DNF models in future theoretical investigations. We discuss a number of new findings in the 
literature that should be simulated in two dimensions to further our understanding of inhibitory cueing mechanisms 
and saccade dynamics, such as the center of gravity effect of IOR. 

Keywords: inhibition of return, sensory adaptation, dynamic neural field, saccade, superior colliculus. 

1 Introduction 

Inhibition of return (IOR), typically explored in the Posner cueing paradigm (see Fig. 1), is a robust cognitive 
phenomenon whereby responses are slower to targets at previously cued locations when the time interval between the 
onset of the two stimuli (cue target onset asynchrony; CTOA) is longer than about 200 ms [1,2]. When the time interval 
between cue and target appearance is shorter, then responses are faster to targets at the same location as the cue 
(behavioral facilitation) [2]. Monkey neurophysiological studies of the superior colliculus (SC) have demonstrated that 
this later facilitatory effect is the result of cue-elicited activity that remains at the time of target appearance – leading to 
neurons reaching threshold and activating saccades more quickly than neurons that have not been previously stimulated 
[3]. Once cue-elicited activity has decayed, then a process of input attenuation, or sensory adaptation, leads to reduced 
target-elicited inputs at previously cued locations such that cued neurons take longer to reach threshold and generate 
saccades, at least when the CTOA is less than about 600 ms [3,4]. Behavioral studies have also demonstrated that 
beyond 600 ms CTOAs, cued responses are still inhibited, although it is not likely that sensory adaptation is responsible 
for this inhibition since the process is thought to have ended by this time [5,6]. Thus, it has been proposed that direct 
inhibition at neurons representing cued locations in the SC is responsible for inhibitory cueing effects at these longer 
CTOAs [6]. This has been termed 'oculomotor', or 'true', IOR, since it harkens back to Posner’s original definition of 
IOR [1] that allows for a long term mechanism of inhibition to facilitate foraging behavior and novelty seeking [7]. 

 Previous modeling work has implemented these inhibitory cueing mechanisms using one-dimensional dynamic 
neural fields (DNFs) representing horizontal slices of the SC [8,9,10,11,12]. However, such work fails to capture the 
two-dimensional nature of the SC and the visual world it represents. Here, we have implemented the inhibitory cueing 
mechanisms identified above – namely, sensory adaptation and direct inhibition – using a two-dimensional DNF that 
successfully reproduces previous simulation results [8,12]. 
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Fig. 1. Illustration of the simulated experimental design. Participants begin trials by fixating a central location, ignore the onset of a 
peripheral visual cue, then saccade to the target location after a variable cue-target onset asynchrony (CTOA). 

 

2 Method 

2.1      Experimental design 

The experimental protocol simulated here is a traditional spatial cueing paradigm (see Fig. 1). Participants begin trials 
by fixating a central cross. After a short fixation period, a peripheral cue appears on either the left or right side as a 
thickening of the landmark box. The cue is non-predictive of the upcoming target location and participants are 
instructed to ignore it and continue fixating the central location. The cue then disappears and, after a variable CTOA, 
the target appears as a symbol in one of the two peripheral landmark boxes. Participants are instructed to make a 
saccade to the location of the final target as quickly and accurately as possible. Eye position is continuously monitored 
using eye tracking equipment. If participants make any incorrect eye movements during a trial, then that trial is 
discarded and the trial type is reinserted into the trial list in a random position. 

2.2      Model dynamics 

As in previous work, the model implemented here represents the intermediate layer of the SC, a midbrain structure that 
receives converging inputs from a multitude of other brain areas [13]. Each node in the network represents a cluster of 
neurons with similar response properties. DNF models are characterized by short distance excitation and long distance 
inhibition and describe the time evolution of a continuous feature representation within the map [14,15]. The internal 
state of nodes in the network evolve over time according to: 

  
                  (1) 

 

where τ is a time constant and u(x, y, t) describes the field activity at time t and locations (x, y), while I(x, y, t)ext denotes 
the external input to the field. The firing rate of a node at a location, r(x, y, t), is monotonically related to the internal 
state of nodes in the network, with slope β and threshold u, according to: 

 
(2) 

 

 In our simulations, τ = 30,  β = 0.08, and u = 0.2, while the external input, I(x, y, t)ext, was manipulated to match 
our behavioral experimental protocol (see below). The weight matrix, w, is a shifted Gaussian that represents the 
connection strength between nodes at different locations, with C = 0.2, and  sigma = pi/5 in periodic space: 
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                                                            (3) 

 
 
 Gaussian inputs were presented to the field at times and locations appropriate for simulating the experimental 
paradigm described above. During fixation, a sustained input was presented at the center of the field with a strength of 
30 units. When cues and targets appeared, transient inputs of strength 60 were input to the field, centered on the 
appropriate nodes, after a delay of 70 ms to simulate early sensory processing delays along the retinotectal pathway 
[13]. An endogenous 'move' signal intended to trigger a voluntary saccade was also presented 120 ms after target onset 
(representing additional cortical processing delays) [13]. In order to implement sensory adaptation, the strength of 
target-elicited inputs at locations that had been previously cued were reduced by an amount based on the time since 
previous stimulation [8], [12]. Direct inhibition was also implemented as in previous work [12] as a negative input with 
a strength of 0.75 centered on the cued location, beginning 600 ms after cue onset.  

3 Results 

Saccadic response times (SRTs) were calculated as the difference between the time of target onset and the time when 
any node reached 80% of its maximal firing rate. IOR was calculated as the difference between cued and uncued SRTs. 
Simulated node activity and corresponding behavioral IOR effects (cued SRT - uncued SRT) are presented in Fig. 2. 
These results were very similar to those obtained with a one-dimensional model [8], [12] – again reproducing both the 
SRT behavior and the neurodynamics of monkeys performing a similar experimental design.  

 

 

Fig. 2. Simulated node activity over time. Time starts with the onset of the cue and target onset occurs after a variable cue-target 
onset asynchrony (CTOA) of 50, 250, 750, or 1000 ms. Exogenous inputs elicited by these stimuli arise in the network 70 ms after 
their visual onsets, and an endogenous move signal (signaling that a saccade should be made to the target location) arises 120 ms 
after target onset. IOR scores represent the difference in reaction time across conditions (cued minus uncued reaction times). 
 

 Fig. 2 illustrates the activity of cued and uncued nodes over time, providing a visualization of the effects of 
interest. In particular, note that at the shortest CTOA, cue-elicited activity has not yet decayed at the time of target 
onset, causing cued nodes to reach threshold faster than uncued nodes, facilitating behavioral responses (4 ms faster for 

IOR = -4 ms IOR = 28 ms 

IOR = 13 ms IOR = 13 ms 
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cued targets). At a CTOA of 250 ms, when sensory adaptation is maximal [8], IOR is also strongest (28 ms slower for 
cued targets). This is due to the target-elicited input being reduced for cued targets, leading to a longer build up time 
before reaching threshold. At CTOAs longer than 600 ms, both cue-elicited activity and sensory adaptation have 
dispersed, but baseline activity at the cued location is reduced. This direct inhibition results in a longer build up time for 
cued targets, again resulting in inhibited responses to targets (13 ms slower for cued targets).  

4 Discussion 

This work has demonstrated that previous results implementing sensory adaptation [8] and direct inhibition [12] in one 
dimension are reproducible with a two-dimensional representation of the model. This enhancement to the model was 
made possible by enhancements in the computational power of personal computers in the past few years, as well  as 
through enhanced development of the model's code. Although the one-dimensional model successfully reproduced a 
number of behavioral results, the generalizability and neurobiological plausibility of such a model was limited.   

 The next step in this program of research is to implement features that would only be possible in two 
dimensions. First of all, a gradient should be added to the sensory adaptation mechanism, which currently operates only 
on the stimulated node itself. Furthermore, although the direct inhibition mechanism does already have a gradient due to 
the nature of the input signal, simulations should be conducted to investigate how well the current inhibitory gradient 
aligns with established behavioral results [16]. That is, behavioral results have shown that the oculomotor IOR effect is 
not limited to the exact location of previous stimulation – there is a reduced effect at nearby locations surrounding the 
cued location [16].  

 One experimental finding that will benefit from a two-dimensional implementation is the interference of IOR 
on saccade averaging. A number of results have demonstrated that, for example, when participants are told to saccade to 
one of two closely located target locations, saccades tend to land in between the two locations [17]. Previous modeling 
work [8], [11] has simulated these effects in one dimension, but results were inconclusive – reproducing the simulations 
with a two dimensional model could prove very insightful. Another finding that should be explored in two-dimensional 
models is the “center-of-gravity” effect of IOR. Recent work by Klein and colleagues [18, 19] have repeatedly 
demonstrated that, when multiple cues are presented, IOR effects are generated at the center-of-gravity of these cues, 
rather than being localized at each individual cued location. This finding cannot be convincingly simulated using a one-
dimensional model. 

 In conclusion, the present work shows that the sensory adaption and direct inhibition theory of oculomotor 
inhibition of return still holds when using a two-dimensional DNF model of the SC and makes a number of suggestions 
for further simulations of the spatial orienting paradigm using a two-dimensional model.    
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Context-Based Information Retrieval in Risky Environment
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Abstract. Context-Based Information Retrieval is recently modelled as an exploration/ exploitation
trade-off (exr/exp) problem, where the system has to choose between maximizing its expected rewards
dealing with its current knowledge (exploitation) and learning more about the unknown user’s preferences
to improve its knowledge (exploration). This problem has been addressed by the reinforcement learning
community but they do not consider the risk level of the current user’s situation, where it may be danger-
ous to explore the non-top-ranked documents the user may not desire in his/her current situation if the
risk level is high. We introduce in this paper an algorithm named CBIR-R-greedy that considers the risk
level of the user’s situation to adaptively balance between exr and exp.

Keywords: Information retrieval, machine learning, exploration/exploitation dilemma, artificial intelli-
gence, reinforcement learning.

1 Introduction

A considerable amount of research has been done in information retrieval interesting content for mobile users.
Earlier techniques in Context-Based Information Retrieval (CBIR) [7, 12, 1] are based solely on the computa-
tional behaviour of the user to model his interests regarding his surrounding environment like location, time
and near people (the user’s situation). The main limitation of such approaches is that they do not take into
account the dynamicity of the user’s content. This gives rise to another category of IR techniques, like [8] that
tries to tackle this limitation by using on-line learning.

Such systems obtain feedback on the few top-ranked documents results and also from other documents, by
exploring the non-top-ranked documents that could lead to a better solution. However, the system also needs
to ensure that the quality of result lists is high by exploiting what is already known. Clearly, this results in
an exr/exp dilemma studied in the Bandit algorithm [10]. The challenge for the existent contextual bandit
algorithms is to construct result lists from several documents, so that one result list contains both exploratory
and exploitative documents and the algorithms have to choose the number of each of them in that list.

We introduce in this paper an algorithm, named CBIR-R-greedy, that computes the optimal value of ex-
ploration according to the risk of the user situation. We consider as risky or critical, a situation where it is
dangerous to explore the non-top-ranked documents; this means that it is not desired, can yield to a trouble,
or causes a waste of time for the user when reading a document which is not interesting for him in the current
situation. In this case, the exploration-oriented learning should be avoided.

CBIR-R-greedy extends the CBIR-ε-greedy [4] strategy with an update of exr/exp by selecting suitable user’s
situations for either exr or exp. We have tested CBIR-R-greedy in an on-line evaluation with professional mobile
users. The rest of the paper is organized as follows. Section 2 reviews some related works. Section 3 describes the
algorithms involved in the proposed approach. The experimental evaluation is illustrated in Section 4. Finally,
Section 5 concludes the paper and points out possible directions for future work.

2 Related works

We refer, in the following to a state of the art on CBIR and also techniques that tackle both making dynamic
exr/exp (bandit algorithm) and considering the risk in ranking the result.

2.1 Result ranking in CBIR Result ranking in CBIR.

Different recent works address the challenge of ranking IR results according to the user’s context. In [12], a
linear function of reordering is adopted to adjust the search results to the user. The initial score of the document
is multiplied by a score of customization, which is a linear combination as a weighted sum of the preferences of
user content and location. To rank documents in [12], a pre rank is calculated to measure how much a document
is related to a particular context and the post rank is measured to know how much a document is related to user
query. The total rank weight is calculated by summing up pre rank weight and post rank weight. Documents

?
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are ranked in descending order of their final rank weight. In [7] the contextual user’s profile is used to reorder
the search results. They propose a linear combination of the original result returned by a conventional IR with
a score of customization calculated between the document and the profile of the user’s document ranking. The
personalization score is calculated for each document with the contextual user’s profile based on a similarity
measure between the vector of weighted concepts of the document and the user profile is also represented as
a vector of weighted concepts. As shown above, none of the mentioned works address the exr/exp problem in
CBIR.

2.2 Bandit Algorithms for CBIR.

The multi-armed bandit problem was originally described by Robbins [10]. Compared to the standard multi-
armed bandit problem, the CBIR does not select individual documents, but constructs result lists from several
documents, so that one result list contains both exploratory and exploitative documents. Therefore, the bandit
algorithms need to be modified to manage this new challenge. Authors in [8] have studied the contextual bandit
problem in IR area. They have proposed to adapt the ε-greedy approach to their need. They maintain two
document lists, one exploitative (based on the currently learned best ranking), and one exploratory (introducing
variations to the current best ranking to explore potential improvements). An exploration rate ε determines
the relative number of documents each list contributes to the final list shown to the user. However this rate is
just left to the user and is not deeply studied. A recent work done by [4] proposed to also adapt the ε-greedy
approach to CBIR, where they consider some situations as critical and they propose to manage the exploration
trade-off according to that situations.

2.3 The Risk-Aware Decision.

The risk-aware decision has been studied for a long time in reinforcement learning, where the risk is defined as
the reward criteria that not only takes into account the expected reward, but also some additional statistics of
the total reward, such as its variance or standard deviation. The risk is measured with two types of uncertainties.
The first, named parametric uncertainty, is related to the imperfect knowledge of the problem parameters. For
instance, in the context of Markov decision processes, [9] proposes to use the percentile performance criterion to
control the risk sensitivity. The second type, termed inherent uncertainty, is related to the stochastic nature of
the system, like [6], which consider models where some states are error states representing a catastrophic result.
More recently, [13] developed a policy gradient algorithm for criteria that involves both the expected cost and
the variance of the cost, and demonstrated the applicability of the algorithm in a portfolio planning problem. In
RS the risk is recently studied. The authors in [3, 2] consider the risk of the situations in the recommendation
process, and the study yields to the conclusion that considering the risk level of the situation on the exr/exp
strategy significantly increases the performance of the recommender system.

2.4 Discussion.

As shown above, their is only one work that addresses the exp/exp in CBIR; where they just consider the
similarity between situations to get the risk of the current situation.

We propose to improve this work by improving their risk computing as follows:
(1) The risk is computed by aggregating three approaches including the approach proposed in [4] :
Handling semantic concepts to express situations and their associated risk level, the first approach compute

the risk using concepts. This approach permits to get the risk of the situation directly from the risk of each of
its concepts. The second approach compute the risk using the semantic similarity between the current situation
and situations stocked in the system as it is done in [4], and it comes from the assumption that similar situations
have the same risk level. The third approach is computing the risk using the variance of the reward. In this
case, we assume that risky situations get very low number of user’s clicks.

(2) We propose an algorithm called CBIR-R-greedy that include the risk computing in its management of
the exr/exp trade-off. High exploration (resp. high exploitation) is achieved when the current user situation is
”not risky” (resp. ”risky”);

3 The Proposed CBIR Model

This section focuses on the proposed model and starts by introducing the key notions used in this paper.

Situation: A situation is an external semantic interpretation of low-level context data, enabling a higher-level
specification of human behaviour. More formally, a situation S is a n-dimensional vector S = (Oδ1 .c1, Oδ2 .c2, ..., Oδn .cn)
where each ci is a concept of an ontology Oδi representing a context data dimension. According to our need,
we consider a situation as a 3-dimensional vector S = (OLocation.ci, OTime.cj , OSocial.ck) where ci, cj , ck are
concepts of Location, Time and Social ontologies.
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User’s interests: The user’s interests are represented by using the most representative terms derived from
the assumed relevant documents in a particular search situation. In particular, let qi be the query submitted
by a specific user to the retrieval situation Si. We assume that a document retrieved by the search engine with
respect to qi is relevant if it causes a user’s click. Let Di be the set of assumed relevant documents in situation
Si. Then, UIi (the user’s interests) corresponds to the vector of weighted terms in Di, where the weight wtm of
term tm is computed as follows: wtm = 1

|Di|
∑
d∈Dt tf(tm, d) ∗ log(n/ntm), where tf(tm; d) is the frequency of

term tm in document d ∈ Di, n is the number of documents in the collection, ntm is the number of documents
in the collection containing tm. Each document d ∈ Di is represented by a term vector where the relevance
value of each term tm in situation Si is computed using the tf ∗ idf weighting.

The user model : The user model is structured as a case base composed of a set of situations with their cor-
responding UI, denoted UM = {(Si;UIi)}, where Si ∈ S is the user situation and UIi ∈ UI its corresponding
user interests.

Definition of risk: ”The risk in information retrieval is the possibility to disturb or to upset the user (which
leads to a bad answer of the user)”.

From the precedent definition of the risk, we have proposed to consider in our system Critical Situations
(CS) which is a set of situations where the user needs the best information that can be retrieved by the system,
because he can not be disturbed. This is the case, for instance, of a professional meeting. In such a situation, the
system must exclusively perform exploitation rather than exploration-oriented learning. In other cases where
the risk of the situation is less important (like for example when the user is using his information system at
home, or he is on holiday with friends), the system can make some exploration by retrieving information without
taking into account his interest.

To consider the risk level of the situation in RS, we go further in the definition of situation by adding it a risk
levelR, as well as one to each concept: S[R]=(Oδ1 .c1[cv1] , Oδ2 .c2[cv2], ..., Oδn .cn[cvn]) where CV={cv1, cv2, ..., cvn}
is the set of risk levels assigned to concepts, cvi ∈ [0, 1]. R ∈ [0, 1] is the risk level of situation S, and the set of
situations with R = 1 are considered as critical situations (CS).

We propose CBIR to be modelled as a contextual bandit problem including user’s situation information.
Formally, a bandit algorithm proceeds in discrete trials t = 1...T . For each trial t, the algorithm performs the
following tasks:

Task 1: Let St be the current user’s situation when he/she submits a request, and PS the set of past sit-
uations. The system compares St with the situations in PS in order to choose the most similar one, Sp =
argmaxSi∈PSsim(St, Si). The semantic similarity metric is computed by: sim(St, Si) = 1

|∆|
∑
δ∈∆ simδ(c

t
δ, c

i
δ),

where simδ is the similarity metric related to dimension δ between two concepts ctδ and ciδ, and ∆ is the set
of dimensions (in our case Location, Time and Social). The similarity between two concepts of a dimension δ
depends on how closely ctδ and ciδ are related in the corresponding ontology. To compute simδ, we use the same

similarity measure as [11]: simδ(c
t
δ, c

i
δ) = 2 ∗ depth(LCS)

depth(ctδ)+depth(c
i
δ)

, where LCS is the Least Common Subsumer of

ctδ and ciδ, and depth is the number of nodes in the path from the current node to the ontology root.

Task 2: Let D be the documents collection. After retrieving Sp, the system observes the corresponding users
interests UIp in the user’s model case base. Based on the observed UIp and the query q, the algorithm ranks
documents in D using the traditional cosine similarity measure.

Task 3: From the ranked list of documents presented to the user, the algorithm receives the set Dt of clicked
documents and improves its document-selection strategy with the new observation: in situation St, documents
in Dt obtain a user’s click. Depending on the similarity between the current situation St and its most similar
situation Sp, two scenarios are possible:

(1) If sim(St, Sp) < 1: the current situation does not exist in the case base; the system adds this new case
composed of the current situation St and the current user’s interest UIt computed from the set Dt of clicked
documents using Eq. 1;

(2) If sim(St, Sp) = 1: the situation exists in the case base; the system updates the case having as premise
the situation Sp with the current user’s interest UIt, the update being done by integrating the new documents,
Dp = Dp

⋃
Dc, and computing the new vector UIt.
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The IR-ε-greedy algorithm The IR-ε-greedy algorithm ranks documents using the following equation:

D =

 resultq(q, di) if(l < j; q < ε)
resultc(UI

p, di) if(l ≥ j; l < ε)
Random(di) if(l ≥ ε)

(1)

In Eq. 5, i ∈ 1, N where N is the number of documents in the collection, di ∈ Dt, l and j are random values
uniformly distributed over [0, 1] which define the exr/exp trade-off; ε ∈ [0, 1] is the probability of making a
random exploratory rank of documents. resultq(q, di) gives the original score returned by the system based

on the query q using the cosine similarity as follows: resultq(q, di) = q.di
||q||||di|| ,where resultc(UI

p, di) gives the

contextualization score returned by the system based on the user’s interests UIp, and it is also computed using
cosine similarity as follows : resultc(UI

p, di) = UIp.di
||UIp||||di|| . Random(di) gives a random rank to the document

di to perform exploration.

The CBIR-R-greedy Algorithm. To improve the adaptation of the IR-ε-greedy algorithm to the risk level
of the situations, the CBIR-R-greedy algorithm (Alg. 1) computes the probability of exploration ε by using the
situation risk level R(St) as indicated in subsection 3.1.

Algorithm 1 The CBIR-R-greedy algorithm

1: Input: St, Dp, RD = ∅, B,N, εmin, εmax

2: Output: Dt

3: ε = εmax −R(St)× (1− εmin)
4: D = IR-ε-greedy(ε,Dp, RD,N)

3.1 Computing the Risk Level of the Situation

The risk complete level R(St) of the current situation is computed by aggregating three approaches Rc, Rv and
Rm as follows:

R(St) =
∑
j∈J

λjRj(S
t) (2)

In Eq. 2, Rj is the risk metric related to dimension j ∈ J , where J = {m, c, v}; λj is the weight associated to
dimension j and it is set out using an off-line evaluation. Rc compute the risk using concepts, Rm compute the
risk using the semantic similarity between the current situation and situations stocked in the system and Rv
compute the risk using the variance of the reward. In what follows, we describe the three approaches and their
aggregation.

Risk Computed using the Variance of the Reward. To compute the risk of the situation using the variance
of the reward, we suppose that the distribution of the Click Through Rate (the CTR is the number of clicks
per recommendation) of the situations follows a normal distribution. From this assumption, and according to
confidence interval theory [5], we compute the risk using Eq. 3. Here, the idea is that, more the CTR of situations
is low (low number of user’s clicks) more the situation is risky.

Rv(S
p) =

{
1− CTR(Sp)−V ar

1−V ar if CTR(Sp) > V ar

1 Otherwise
(3)

In Eq. 3, the risk threshold V ar = E(CTR(S))−α ∗σ(CTR(S)), where σ is the variance of CTR(S) and α

is constant fixed to 2 according to Gauss theory [5]. The CTR(S) = click(S)
rec(S) , where click(S) gives the number

of times that the user clicks in documents recommended in S and rec(S) gives the number of times that the
system has made recommendation in the situation S.

Risk Computed using Concepts. Computing the risk using concepts gives a weighted mean of the risk level
of the situation concepts:

Rc(S
t) =

∑
δ∈∆

µδcv
t
δ if CV 6= ∅ (4)

In Eq. 4, cvtδ is the risk level of dimension δ in St and µδ is the weight associated to dimension δ, set out by
using an arithmetic mean µδ = 1

|CS| (
∑
Si∈CS cv

i
δ), the idea behind that is to make the mean of all the risk levels

associated to concepts related to the dimension δ in CS.
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Risk Computed using Semantic Similarity between the Current Situation and Past Situations.
The risk may also be computed using the semantic similarity between the current situation and CS stocked in
the system. This permits to give the risk of the situation from the assumption that a situation is risky if it is
similar to a pre-defined CS.

The risk Rm(St) is computed using Eq. 5

Rm(St) =

{
1−B + sim(St, Sm) if sim(St, Sm) < B

1 otherwise
(5)

In Eq. 5, the risk is extracted from the degree of similarity between the current situation St and the centroid
critical situation Sm. B is the similarity threshold and it is computed using an off-line simulation. From Eq. 5,
we see that the situation risk level Rm(St) increases when the similarity between St and Sm increases. The
critical situation centroid is selected from CS as follows: Sm = argmaxSf∈CS

1
|CS|

∑
Se∈CS sim(Sf , Se).

Updating the Risk Value. After the retrieval process and the user’s feedback, the system propagates the
risk to the concepts of the ontology using Eq. 6 and propagates the risk in CS using Eq. 7 :

∀cv ∈ St cv =
1

|CVcv|
(
∑

Si∈CVcv

cvηi ) (6)

The idea in Eq. 6 is to make the mean of all the risk levels associated to concepts cv related to situations Si

in the user’s situation historic for the dimension η. In Eq. 6, CVcv gives the set of situations where cv has been
computed.

R(St) =
1

T
(
k=T∑
k=1

R(Stk)) (7)

The idea in Eq. 7 is to make the mean of all the risk levels associated to the situation St in the user’s situation
historic. In Eq. 7, k ∈ [0, T ] gives the number of times that the risk of St is computed.

4 Experimental Evaluation

In order to empirically evaluate the performance of our approach, and in the absence of a standard evaluation
framework, we propose an online evaluation framework. The main objective of the experimental evaluation is to
evaluate the performance of the proposed algorithm (CBIR-R-greedy). In the following, we present and discuss
the obtained results. We have conducted a diary study with the collaboration of a French software company
which provides an enterprise search engine application that allows users to connect their information system
through mobile devices.

We conduct our experiment with 3500 users. We compare CBIR-R-greedy to the state of the art algorithm
CBIR-ε-greedy used in [4] we called it here CBIR-Rm-greedy and also the IR-ε-greedy with exploration ε=0
(non exploration algorithm, baseline). We have done that to verify the correlation between commuting the risk
of the situation and the performance of the algorithm. To this end, we have randomly split users on three groups:
the first group has an IR system with the CBIR-R-greedy; the second group is equipped with CBIR-Rm-greedy;
finally, the last group uses the IR-ε-greedy with exploration ε=0 (non exploration algorithm, baseline).

Note that we do not evaluate the algorithm proposed in [8] because it does not consider the variance of the
ε, which is our goal in this evaluation. Two experimental evaluations have been carried out, as follows.

4.1 Precision on the top 10 documents

We compare the algorithms regarding precision of the system on the top 10 documents, which is the number of
clicks on the top 10 documents per the number of times the users make a request. In Fig. 1, the horizontal axis
represents the day of the month and the vertical axis is the performance metric.

From Fig. 1 we observe that overall, tested algorithms have better performances than the baseline. While the
CBIR-Rm-greedy algorithm converges to a higher precision compared with a baseline, its overall performance
is not as good as CBIR-R-greedy. We have also observed the average number of clicks per request for all the
28 days and we observe that the CBIR-R-greedy algorithm effectively has the best average precision during
this month, which is 0.82 . CBIR-Rm-greedy obtains a precision of 0.74 and the baseline, 0.52 . CBIR-R-greedy
increases the average precision by a factor of 1.54 over the baseline and a factor of 1.1 over the CBIR-Rm-greedy
algorithm. The improvement comes from a dynamic trade-off between exr/exp on documents ranking, controlled
by the risk estimation. We observe that better the risk level of the situation is computed better is the result.
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Fig. 1. Average precision on top 10 documents for exr/exp algorithms

4.2 Average time spent on documents

We look at the time spent on documents to evaluate the relevance of the clicked documents. Fig. 2 gives the
average time spent in each document by day.

Fig. 2. Average time spent on document for exr/exp algorithms

We have computed the average time spent per document for all the 28 days and we observe that the CBIR-R-
greedy algorithm effectively has the best average number of time spent in documents during this month, which
is 1.86 minutes. CBIR-Rm-greedy obtains 1.65 minutes and the baseline, 1.06 minutes. CBIR-R-greedy increases
the average time spent by a factor of 1.12 over the CBIR-Rm-greedy. We can conclude that the CBIR-R-greedy
increases the relevance of clicked documents by it best strategy in computing the risk of the situation.

5 Conclusion

In this paper, we have studied the problem of exploitation and exploration in Context-Based Information
Retrieval and proposed a novel approach that ranks documents by balancing adaptively exr/exp regarding the
risk level of the situation. We have presented an on-line evaluation protocol with real mobile user. We have
evaluated our approach according to the proposed evaluation protocol. This study leads to the conclusion that
considering the risk the exr/exp trade-off, significantly increases the performance of the CBIR. In the future,
we plan to improve the notion of situation level risk in the scope of CBIR by introducing more contextual
dimensions.
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Abstract. Temporal data classification is relatively young in the area of machine learning and data mining, where the 
historical data are used to predict the future value. A nonlinear temporal data classification is proposed in this work, 
namely Temporal-J48. With its tree-based architecture, the implementation is relatively simple. The classification in-
formation is readable through the generated temporal rules. The interrelationship among the generated rules also 
made available to the user through Fuzzy Cognitive Maps (FCM). 

Keywords: temporal data, classification, temporal decision tree, temporal sequences, data mining.  

1 Introduction 

The conventional data classification is not suitable for a situation where the occurring effects (outcomes) are delayed, 
i.e.: in the application of weather forecasting, the prediction of air temperature can achieved higher accuracy if consid-
ering some values from the wind speed which are collected  on some hours ago. Temporal data classification is an area 
to classify the value of a class attribute based on the values of other attributes by taking advantage of the inherent se-
quence in the records [1]. Thus, the observed data can be collected from different time periods or in a sequence of 
events. In this work, we propose a new nonlinear temporal classifier with interpretable temporal rules through the deci-
sion tree and FCM approach.  

The organization of this paper is as follows. In Section 2, some related literature reviews on the temporal data classi-
fication are presented. In Section 3, the methodology of this work is justified. In Section 4, some experimental results 
and benchmark comparisons on the proposed method are discussed. Lastly, Section 5 concluded our work.  

2 Related Works 

Many related works have been done to solve the temporal data issue in certain specific applications, especially through 
the extension of ordinary classifiers, including statistical methods [2], neural networks [3,4,5], and similarity-based 
techniques [6]. Most of these classifiers are presented with high performance accuracy. However, the classification 
information and reasoning which are important to understand the inherent classification characteristics are not made 
available to the users.  

One of a few studies related to the temporal data classification has been published by [7]. The method mainly inte-
grates the sequence mining and the Naïve Bayes classifier to reduce the feature dimension, and named after Feature-
Mine (FM). Tseng and Lee [8] proposed another classification method, classify-by-sequence (CBS) by using sequential 
patterns in year 2005 and the work was extended in year 2009 [9]. CBS is an integration method of sequential pattern 
mining and probabilistic induction. The classification information was made readable through the scoring policy [10]. 
Karimi et al. [11] proposed a tool to generate temporal rules from the sequential data, namely as Time Sleuth (main-
tained since 2001 until present). However, the focus of the tool is to discover the causality and acausality of the tem-
poral rules instead of classification and unable to process a large dataset. Revesz et al. [12] proposed a new linear tem-
poral classification method based on decision trees and support vector machines. Their method was outperformed the 
standard classification methods on two applications: (i) weather forecasting, and (ii) influenza. However, the linear 
temporal classification method may suffer from poor predictive performance when the observed relationships are non-
linear. 

3 Methodology 

3.1 Temporal Tree 

In the temporalization procedure, a temporalized record can be formed by merging consecutive records (data flattening) 
in a dataset by using a time window of w. For instance, considering a dataset with 4 temporally consecutive records as 

41

Volume 14, No. 1 Australian Journal of Intelligent Information Processing Systems



shown in Table 1, each with 3 attributes. By flatten these records using a window size of 2, the temporalized records 
can be generated. 

Table 1. An example of temporalization 

Original Records 
(w=1) 

Temporalized Records 
(w=2) 

x y z x (t1) y (t1) z (t1) x (t2) y (t2) z (t2) 
0 0 0 0 0 0 1 0 0 
1 0 0 1 0 0 1 1 1 
1 1 1 1 1 1 0 0 0 
0 0 0  

 
By arranging the records in such way, the existing non-temporal classifiers such as C4.5 [13] can be used [11].  In 

this work, the temporal tree is modified based on the latest research version of C4.5 approach (or known as C4.8), and 
implemented as J48 in Weka package [14]. To ensure that no node to have an unknown value during classification, we 
will ignore the missing data during the information gain calculation instead of using the corrected gain ratio criteria as 
in the original work [15]. 

For J48, the last variable (z in this case) will always be deemed as decision attribute. One of the rules that can be ex-
tracted from the above example (for original records) would be: if {(x = 1) AND (y = 1)} then z =1. To adopt this in 
temporal fashion, we modified the J48 algorithm in such a way that, all attributes must carry along their respective time 
label based on the selected window size, w. This is to ensure that during the step of choosing the best condition attribute 
for splitting, the time criterion will also be considered. In this way, the condition attributes will be ranked based on their 
temporal order as well as their suitability for expanding the tree. For an instance, if a condition attribute with time label 
t1 is used at a node, then its children can only use the condition attributes with a time label t2 >= t1. In this way, the 
temporal rule extracted will be: if {(xt1 = 1) AND (yt1 = 1) AND (zt1 = 1) AND (xt2 = 0) AND (yt2 = 0)} then zt2 =0, 
where zt2 is the decision attribute.  

The discovery of temporal relations within the selected w time steps for a temporal dataset has been made possible 
and easily interpretable through the generated temporal rules. However, the generated temporal rules are independent to 
each other, and have no connection with each other.  

With our best knowledge, there are no research teams exploited on this matter before. According to [16], Fuzzy Cog-
nitive Maps (FCM) has the ability to reconstruct the premises behind the behavior of given agents, and providing the 
explanation for their decisions. Thus, we see the potential to adopt this concept in discovering the interrelationship 
among the temporal rules which formed the temporal tree. 

3.2 FCM in Discovering Interrelationship among Temporal Tree Rules 

In this work, FCM model is used to explain the interrelationship among the temporal rules. The potential of a FCM 
model is highly determined by the method used. Over the past decades, many researchers were utilizing FCM in various 
scientific areas. In order to handle the data from diverse databases, many researchers attempted the situation by using 
different calculation methods [16].  In this work, we adopted the equation proposed by Stylios and Groumpos [17], to 
calculate the values of the rules (concepts): 
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where, t
jV is the value of rule 

jR in the current observation, 1−t
jV is the value for rule jR in the previous observation, and 

1−t
iV is the value of rule iR in the previous observation. In this work, the generated temporal rules from the temporal 

decision tree are the main factors to describe the behaviors of the application. Therefore, instead of representing a node 
with an attribute (as in original FCM contribution), we represent a node with a single temporal rule R  (i.e. if the Tem-

poral-J48 generated 100 rules, then we will have 100 nodes). We set the coefficient ik1 to 1 to indicate the influence of 
the interconnected rules is always high. Instead of allowing the field expert to determine the value of coefficient jk2 [17], 
we replace the value of jk2  with the gain value of the final node for each observed temporal rule. The gain value for 
each temporal rule is obtained through the Temporal-J48 training process, and can be used to represent the proportion of 
their contribution based on the historical data respectively. Hence, the coefficient jk2 has a different value from rule to 
rule. Since all of the temporal sequences have been addressed by the Temporal-J48, the generated temporal rules are 
ready to feed directly into a FCM model. 
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FCM is a bivalent state, thus, to denote the degree of each fuzzy value t
jV in the temporal tree, it needs to be 

squashed into a normalized range [0, 1] in order to represent two decisions of [false, true] through a threshold function
f : 

  0,
1
1)( λλxe

xf −+
=      (2) 

ijW is the weight of the interconnection from rule 
iR to rule jR . In the original contribution by [17], the weight is de-

termined by the field expert, whereas in our work (with the absence of field expert), we set the weight and the corre-
sponding effect (either “positive” or “negative”) of one rule on the others from the perspective of machine learner by 
using the following schemes: 
 
Case 1: Positive causal interrelationship: when there is at least one (>0) similar attribute chosen for a pair of observed 
temporal rules, and their final decisions are similar  
 

In this proposed methodology, the node is representing a temporal rule instead of a single attribute, thus, it is im-
portant to note that the rule itself may carry multiple chosen attributes. Therefore, if the set of compared rules is leading 
to the same final decision, the sign will be set to positive (+) to indicate these pair might have positive effect on each 
other. In order to calculate the interconnection weight ijW , every chosen attributes for rule iR and rule jR will be com-

pared, and the ratio of how often the same chosen attribute appeared in both observed temporal rules, iR and 
jR will be 

calculated. For example: 

ClassAzyxR
ClassAzyxR

tttj

ttti

→

→

422

321

,,:
,,:

 
In these pair, there is one similar attribute has been chosen in both observed temporal rules, which is 2ty , so the 

weight 
ijW  will be 3333.0

6
2
= , this value represents the influential value of iR to jR . The weighted arc for these pair 

would then be +0.3333. 
Case 2: Negative causal interrelationship: when there is at least one (>0) similar attribute chosen for a pair of ob-
served temporal rules, and their final decisions are contradict 
 

In contrast, if the set of compared rules is leading to different final decisions, the sign will be set to negative (˗) to in-
dicate these pair might have negative effect on each other. The same calculation of the interconnection weight 

ijW  as in 

case 1 will be used. For example: 

ClassBzyxR
ClassAzyxR

tttj

ttti

→

→

422

321

,,:
,,:

 
In these pair, there is one similar attribute has been chosen in both observed temporal rules, which is 2ty , so the 

weight 
ijW  will be 3333.0

6
2
= , this value represents the influential value of iR to jR . The weighted arc for these pair 

would then be ˗0.3333.  
 
Case 3: No interrelationship: when there is no (=0) similar attribute chosen for a pair of observed temporal rules 
 

Either leading to same decision (“positive” effect) or contradict decision (“negative” effect), if the chosen attributes 
for both observed temporal rules are completely different and not overlapping, then the results would be +0 or ˗0, both 
indicating there are no relationship exist among them. It is not practical to discover the influential value (dependency) 
among two temporal rules which do not shared any similar attributes (at least from the perspective of machine learner). 

Based on the three aforementioned schemes, fuzzy rule value t
jV can be calculated for each temporal rule. From these 

values, the contributions of each temporal rule in the generated temporal tree are recorded. In this methodology, we 
complement the proposed Temporal-J48 in such a way that, instead of providing a classification result, the temporal 
rules and the explanation of each temporal rule are made readable. We believed that these data will be beneficial to the 
field expert for further interpretation. 
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4 Experimental Evaluation 

To evaluate the proposed method, we use the ozone level detection dataset from UCI Machine Learning Repository 
[18], which recorded ground ozone level data between 1998 and 2004 at the Houston, Galveston, and Brazoria area. 
There are two detection datasets included in this collection: (i) 1-hour peak set, and (ii) 8-hour peak set. This dataset is 
multivariate, continuous, sequential and time series. The datasets have 73 attributes and 2536 instances. Some instances 
consist of missing values. The following procedure is used to predict the class:  

i. For the 1-hour peak set (year 1998-2001): the data from year 1998-2000 are used as a training set, and the data 
in year 2001 are used as a predicting (testing) set;  

ii. For the 8-hour peak set (year 1998-2004): the data from year 1998-2003 are used as a training set, and the data 
in year 2004 are used as predicting (testing) set.  

iii. 10-fold cross validation is used for both of these datasets. 

4.1 Experimental Results 

1-hour peak set (73 attributes, 1356 instances). 
According to the prediction results as shown in Fig. 1, the robustness of the classifier based on all 72 attributes is con-
sidered promising. By using the proposed algorithm of Temporal-J48, the result for window size = 1 (no temporal val-
ue) is better than window size = 2, 3, and 4, this is because when the window size is > 1 (when temporal value is con-
sidered), the tree tends to become smaller and this leads to the increasing of the tree’s error rate. However, we observed 
that the error rates are reduced while moving from window size of 4 to 7 (when more windows are considered). This is 
very interesting because it implies that there are relationships between the current values of the decision attribute and 
the current and previous values of the condition attributes. The performance accuracy of Temporal-J48 (when wbest = 7) 
is even higher than an ordinary J48 (when w = 1). This phenomenon substantiated our argument on the delayed tem-
poral effects. 

8-hour peak set (73 attributes, 2534 instances).  
We observed the similar pattern of performance for 8-hour peak set in Fig. 1, but with higher performance rate. This 
finding shows the linear relationship between the number of instances and the Temporal-J48 performance result. When 
the size of instances is increased, the result is greatly improved. The performance accuracy of Temporal-J48 (when wbest 
= 7) is even higher than an ordinary J48 (when w = 1). Once again, this phenomenon substantiated our argument on the 
delayed temporal effects. 

 
Fig. 1. Prediction results of Temporal-J48 for 1-hour and 8-hour peak set  

4.2 Performance Comparison 

In order to validate the robustness of Temporal-J48 in the data classification, we performed the same testing scheme by 
using another two benchmark classification methods, which are (i) radial basis function (RBF) network, and (ii) Multi-
layer Perceptron. The WEKA package [14] is used to implement these two methods. The summary of results is shown 
in Table 2 for 1-hour peak set ozone dataset, and Table 3 for 8-hour peak set ozone dataset respectively. The results 
from the proposed method are very encouraging. As can be seen from the Table 2 and Table 3, Temporal-J48 can per-
form better than RBF network and Multilayer Perceptron when dealing with temporal dataset. 
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Table 2. Prediction accuracy of Temporal-J48, RBF network, and Multilayer Perceptron for 1-hour peak set database 

 Temporal-J48 RBF Network Multilayer Perceptron 

Measurement 
Instance 

Size 
Percentage 

(%) 
Instance 

Size 
Percentage 

(%) 
Instance 

Size 
Percentage 

(%) 
Correctly 
Predicted  

265 98.15 261 96.67 257 95.19 

Incorrectly 
Predicted  

5 1.85 9 3.33 13 4.81 

Table 3. Prediction accuracy of Temporal-J48, RBF network, and Multilayer Perceptron for 8-hour peak set database 

 Temporal-J48 RBF Network Multilayer Perceptron 

Measurement 
Instance 

Size 
Percentage 

(%) 
Instance 

Size 
Percentage 

(%) 
Instance 

Size 
Percentage 

(%) 
Correctly 
Predicted  

364 99.45 355 96.99 344 93.99 

Incorrectly 
Predicted  

2 0.55 11 3.01 22 6.01 

5 Conclusion 

Through the experimental testing on the dataset of ozone level detection, the proposed Temporal-J48 spells four ad-
vantages: (1) it is easy to implement due to the simplicity of decision tree methodology, (2) higher classification accura-
cy in classifying temporal data if compared to ordinary decision tree, (3) all classification information are readable by 
human, and easily interpretable through the generated temporal rules, and (4) knowledge discovery for interrelationship 
among the generated temporal rules. 

For future work, we would like to investigate on the usefulness of the extracted fuzzy rule value from each temporal 
rule, i.e.: extension or perfecting the current temporal tree model, temporal rules reduction, and complementary of the 
information gain calculation during a temporal tree formation. 
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