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Abstract A novel ontology based chronic disease risk analysis system 
framework is described, which allows the creation of global knowledge 
representation (ontology) and personalized modeling for a decision support 
system. A computerized model focusing on organizing knowledge related to 
three chronic diseases and genes has been developed in an ontological 
representation that is able to identify interrelationships for the ontology-based 
personalized risk evaluation for chronic diseases. The personalized modeling is 
a process of model creation for a single person, based on their personal data and 
the information available in the ontology. A transductive neuro-fuzzy inference 
system with weighted data normalization is used to evaluate personalized risk 
for chronic disease. This approach aims to provide support for further discovery 
through the integration of the ontological representation to build an expert 
system in order to pinpoint genes of interest and relevant diet components.  

Keywords: Personalized modeling; chronic disease ontology; chronic disease 
personalized risk evaluation.  
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1   Introduction 

Populations are aging and the prevalence of chronic diseases which persists for many 
years is increasing. Chronic diseases are illnesses that are caused by many factors 
(genes, environment, life style e.g. tobacco use, lack of physical activity, and poor 
eating habits).Chronic diseases generally cannot be prevented by vaccines or cured by 
medication, nor do they just disappear but may be cured or modified by changing life 
style. The most common chronic diseases in developed countries are cardiovascular 
disease, type 2 diabetes, obesity, arthritis and cancer (breast and colon).  The chronic 
diseases such as cardiovascular disease, type 2 diabetes and obesity have high global 
prevalence, have multifactorial aetiology and are mainly caused by interactions of a 
number of common factors including genes, nutrition and life-style. For ontology 
based personalized risk evaluation for chronic diseases, a Protégé-based ontology has 
been developed for entering data for three chronic diseases (type 2 diabetes; CVD and 
obesity) and linking and building relationships among concepts. The ontological 
representation provides the frame work into which information on individual patients 
for disease symptoms, gene maps, diet and life history details can be inputted, and 
risks, profiles, and recommendations derived.  

A personalized risk evaluation system has been used for building the personalized 
model. Global models capture trends in data that are valid for the whole problem 
space, and local models capture local patterns which are valid for clusters of data. 
Both models contain useful information and knowledge. Local models are also 
adaptive to new data as new clusters and new functions that capture patterns of data in 
these clusters. A local model can be incrementally created. Usually, both global and 
local modeling approaches assume a fixed set of variables and if new variables, along 
with new data, are introduced with time, the models are very difficult to modify in 
order to accommodate these new variables. However new variables be accommodated 
in personalized models, as they are created ‘‘on the fly’’ provided that there is data 
for them [1]. The next two sections will describe a chronic disease ontology and 
personalized risk evaluation method (TWNFI) which is used to build personalized 
models , its comparison with global and local models and the framework for 
integration of chronic disease ontology and personalized modeling. 

2. Chronic disease ontology 
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Ontology is a systematic account of being or existence. Ontology in terms of 
bioinformatics can be interpreted as the representation of the existing domain of the 
knowledge of life. Ontology is used to reason and make inferences about the objects 
within the domain [2]. Ontology is concerned with making information and 
knowledge explicit; it includes descriptions of concepts and their relationships. 
Ontology describes a hierarchical structure of concepts and the relationships built in 
order to extract new knowledge.  Ontology is generally written as a set of definitions 
of the formal vocabulary of objects and relationships in the given domain. It supports 
the sharing and reuse of formally represented knowledge among systems [3, 4]. As a 
database technology, ontologies are commonly coded as triple stores (subject, 
relationship, object), where a network of objects is formed by relationship linkages, as 
a way of storing semantic information [5, 6]. A standardized ontology framework 
makes data easily available for advanced methods of analysis, including artificial 
intelligence algorithms, that can tackle the multitude of large and complex datasets by 
clustering, classification, and rule inference for biomedical and bioinformatics 
applications. The main advantages of building ontology are to extract and collect 
knowledge; share knowledge; manage terminology; store, retrieve and analyze; find 
relationships between the concepts; discover new knowledge and reuse knowledge for 
decision support systems. 

Chronic diseases develop from conception over the life course in the presence of a 
number of interrelated factors including genetic predisposition, nutrition and life-style 
or interaction with the environment. With the development and completion of human 
genome sequencing, we are able to trace the genes responsible for proteins and 
metabolites that are linked with these diseases. The chronic disease ontology database 
developed contains information about three chronic diseases; cardiovascular disease, 
type-2 diabetes and obesity; their related genes and mutations, as well as health, 
nutrition and life history data. Personal genome and health data could provide a guide 
to design and build a medical health administration system to apply to annual relevant 
medical tests, e.g. gene expression level changes for health surveillance. Chronic 
disease ontology consists of five major domains namely; organism domain, molecular 
domain, medical domain, nutritional domain and a biomedical informatics map 
domain. These domains or classifications contain further subclasses and instances. 
Each subclass has a set of slots which provide information about each instance and 
have relationships among other slots, instances and concepts. The chronic disease 
ontology also contains information about the genes involved in cardiovascular 
disease, type-2 diabetes and obesity. There are about 76 genes in the ontology. Each 
gene instance has different information associated with the gene and also has 
relationships with other domains. The advantage of this chronic disease ontology is 
that it can be updated manually and regularly with new knowledge and information 
providing  a framework to keep an individual’s specific information (medical, genetic, 
clinical and nutritional), to discover new knowledge and to adapt as required  for 
personalized risk prediction and advice. 
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3.   Personalized risk evaluation system for chronic diseases 

With the emergence of personalized medicine and nutrition, we are able to build tools 
to predict personalized risk and advice systems.  There have been several widely used 
methods for cardiovascular risk evaluation such as the Anderson formula [7], the New 
Zealand cardiovascular risk charts [8, 9], and the PREDICT-CVD method [10]. These 
methods assess risk by using only clinical variables but as each person is different and 
responds to each nutrient and medicine differently, it is important to build a tool that 
can predict personalized or individualized risk for cardiovascular disease for a 
discrete person. So in order to achieve this different methods of personalized risk 
evaluation (Weighted distance, Weighted variables K-nearest neighbors (WWKNN)) 
[1] have been with Transductive neuro-fuzzy inference systems with weighted data 
normalization (TWNFI) [11]. TWNFI uses a Zadeh-Mamdani type fuzzy inference 
engine as its frame and it applies the transductive technique and weighted data 
normalization method for its learning. TWNFI performs an improved local 
generalization to include new data because it develops an individual model for each 
data vector that takes into account the new input vector location in the space.  This is 
an adaptive model, in the sense that input-output pairs of data can be added to the data 
set continuously and be immediately available for transductive inference of local 
models.  TWNFI creates a unique sub-model for each data sample and usually needs 
more time to compute than an inductive model, especially in training and simulation 
using large data sets. Creating a personalized model for an individual to predict risk 
for cardiovascular disease, could increase the accuracy of the prediction, especially 
when more variables such as clinical, genetic, nutritional factors are included in the 
prognosis. This personalized model has the advantage that not only variables used in 
the past to create a generalized model are used.  The Anderson’s formula [7] for 
example was derived from clinical variables collected from a North American 
population in the 1980s to predict a cardio-vascular event. To our knowledge 
nutritional variables have not been used to date to create a model to predict 
personalized risk for cardiovascular disease.  
 
We have used TWNFI to evaluate personalized renal function using only six variables 
only and higher accuracy was achieved in comparison to other methods [11]. In this 
report TWNFI is used to predict risk for cardiovascular disease (specifically 
hypertension) using 13 variables.  A person is considered to have high risk for 
cardiovascular if his/her has systolic blood pressure >=130 or diastolic blood pressure 
>=85 mmHg or treatment for hypertension (takes blood pressure medication) [12]. 
 
Individual health related data from a New Zealand national nutrition survey (NNS97) 
individuals has been used to build a personalized model. This data includes 
information mainly on nutrients intake and nutrition related clinical and 
anthropometric measures and general demographic information. The variables of 
interest include age, self-identified ethnicity, heart rate, waist circumference, ratio of 
sub scapular and triceps skin folds, ratio of total blood cholesterol and HDL and 
haemoglobin. Dietary intake from a 24 hour recall includes protein, carbohydrates, 
sugar, total fat, total saturated fat and salt.  The diagnostic test for cardiovascular 
disease was hypertension as defined in the previous paragraph.  
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This approach to predicting risk for cardio-vascular disease is original in that it uses 
both the individual’s clinical measures and their reported intake of important nutrients 
which can affect a person’s risk for disease. A separate model was been created for 
male and female samples. 
 
To test this personalized model, two different groups of people represented by sample 
one and two were considered, a personalized model built and the individual weights 
for all variables compared with global weights. For future surveys of groups of people 
a personalized model can be created and then used to predict an individual’s risk of 
cardio vascular disease. In the present example, sample one is male and sample two is 
female; both are at very high risk of cardiovascular disease. Table 1 shows the 
experimental weightings for these the male and female group samples. 
 
Table 1 Example of TWNFI personalized model for two different samples showing 
different weights for same variables and global weights male and female data 

 
 Sample 1 (male) Sample 2 (female) 

Input Variables Values of 
input 

Weights of 
input 
variables 
(TWNFI) 

Global 
weights 
(male) 

Values of 
input 

Weights of 
input 
variables 
(TWNFI) 

Global 
weights 
(female) 

Age, y 62 0.5246 0.96995 71 0.8882 1 
Ethnicity European/ 
Not European? 

1 0.6384 0.02035 1 0.737 0.01315 

Heart rate, bpm 54 0.772 0.18915 67 0.7617 0.29535 
Waist 

circumference(cm) 
113.1 0.6754 0.8325 72.2 0.8732 0.38165 

Sub scapular/triceps 
skin fold 

1.76 0.8199 0.869 0.69 0.779 0.35945 

Total 
cholesterol/HDL* 

6.9 0.574 0.94245 5.44 1 0.76515 

Haemoglobin, g/litre 155 0.999 0.5412 127 0.8751 0.2465 
Protein intake 

g/day 
19.27 0.9446 0.08865 11.09 0.7792 0.5216 

Carbohydrate intake, 
g/day 

47.04 0.7942 0.33 43.65 0.796 0.6064 

Sugar intake 
g/day 

15.96 0.9813 0.00665 4.94 0.784 0.0277 

Total fat intake 
g/day 

34.07 0.8145 0.2117 45.66 0.727 0.085 

Total saturated fat 
intake g/day 

14.62 0.741 0.2863 21.03 0.8456 0.2652 

Salt intake, mg/day 4545 1 0.1056 2335 0.7557 0.25995 
Desired Output 1   1   

Predicted output with 
MLR* 

 0.8997   0.6956  

Predicted output by 
WWKNN* 

 0.4722   0.5672  

Predicted Output by 
TWNFI* 

 1.0031   0.89834  

*HDL (High density lipoproteins), MLR (Multiple linear regression), WWKNN 
(Weighted distance, weighted variables K-nearest neighbors), TWNFI (Transductive 
neuro-fuzzy inference systems with weighted data normalization). 
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The outcome with TWNFI method for male sample is 1.0031 and outcome for female 
sample is 0.89834; which means that both male and female samples are at high risk of 
having the disease. In comparison with multiple linear regression and WWKNN, 
TWNFI gives higher accuracy plus more knowledge can be derived from TWNFI 
such as ranking the importance of variables and deriving a set of rules. Therefore, we 
are able to understand more about each variable and can discover new relationships 
between variables. In the present example, it was found that for male sample salt 
intake was a highly important factor for hypertension but in the case of the female 
sample the ratio of total cholesterol to HDL cholesterol was more important. 
Interestingly, age was found to be the most important of all variables. But if an 
individual’s weights are compared with their respective global weights there are 
distinct differences in pattern for each individual. This supports the need for 
personalized prediction and advice. For TWNFI fuzzy rules are generated depending 
on the nearest neighbors. It has been found that the best number of clusters or fuzzy 
rules is between 6 and 8, and the best number of nearest neighbors for training is 
around 18. The fuzzy rules are generated on the basis of a Gaussian membership 
function. The optimization of membership functions informs the search for the overall 
optimal solution for the parameters spaces.  For example for male sample the best set 
of rules generated: 

     If     Age is (27.64   60.85) 
            Heart rate is (47.27   52.21) 
            Waist circumference is (78.44   112.46) 
            Sub scapular/triceps skin fold is (0.87    1.67) 
            Total cholesterol/HDL is (3.75    8.31) 
            Haemoglobin is (116.24   154.35) 
            Protein intake is (3.93   22.36) 
            Carbohydrates intake is (24.19   42.76) 
            Sugar intake is (13.27   17.90) 
            Total fat intake is (13.66   36.08) 
            Total saturated fat intake is (38.41    5.21) 
            Salt intake is (3308.36   2162.67) 
     Then   risk of getting cardiovascular disease is (0.17    1.00) 
 

4. Integration of Chronic disease ontology and personalized 
modeling:  
 
The framework and the software platform presented here bring together ontology 
knowledge repository and machine learning techniques to facilitate sophisticated 
adaptive data and information storage, retrieval, modeling, and knowledge discovery. 
The framework consists of an ontology and data repository module; and a machine 
learning module. A generic diagram of this framework is shown in figure 1. Both 
modules evolve through continuous learning from new data. Results from the 
machine learning procedures can be entered back to the ontology thus enriching its 
knowledge base and facilitating new discoveries. The framework utilizes ontology 
based data, as well as new knowledge inferred from the data embedded in the 
ontology. The software platform allows for the adaptation of an existing knowledge 
base to new data sources and at the same time entering results from machine learning 
and reasoning models. There is an interface module between the two modules that is 
application specific. 
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Figure 1: The ontology-based personalized risk evaluation and advice system 
framework. 

 
The general framework as a software platform is characterized by the following 
characteristics:  

• Chronic disease ontology developed in Protégé ontology development 
environment;  

• Data import module to enter external multimodal data into ontology;  
• Data retrieval module to search and retrieve relevant data from an ontology; 
•  Machine inference module that TWNFI as personalized techniques;  
• User-friendly interface modules that can be tailored to predict risk for 

disease;   
• Plus a module for updating the ontology, based on classification and 

clustering results from the machine inference module. 

The system framework described here will be able to combine data from numerous 
sources to provide individualized person/case reports and recommendations on 
actions/interventions to help modify the outcome in a desired direction based on 
previously accumulated information on input variables and outcomes in the database. 
The framework presented needs to be developed further in terms of: 

1) an efficient integration of old and new concepts and information in existing 
ontology  

2) an automated search for relevant data to a new person’s data 
3) novel, more efficient methods for personalized feature selection and model 

optimization. 
4) multiple model creation for a single person and cross model analysis for the 

discovery of new interactions between variables from different models, e.g. genes 
related to different types of chronic disease.  

7

Volume 10, No. 3 Australian Journal of Intelligent Information Processing Systems



Acknowledgements: This study has been supported by Foundation of Research 
and Technology by TIF scholarship through an affiliate of Pacific Channel Limited 
and KEDRI, AUT. We would like to thank Ministry of Health for providing Health 
related data (NNS97). 

References 

1. Kasabov, N.: Global, local and personalized modeling and profile discovery 
in Bioinformatics: An integrated approach, Pattern Recognition Letters, 
28(6), 673-685 (2007). 

2. Gruber T. R.: A translation approach to portable ontologies. Knowledge 
Acquisition 5, 199-220 (1993). 

3. Fensel D.: Ontologies: A Silver Bullet for Knowledge Management and 
Electronic Commerce. 2 ed. Springer, Heidelberg (2004). 

4. Chandrasekaran B., Josephson J. R., Benjamins V. R.: What are ontologies, 
and why do we need them? Intelligent Systems and Their Applications 14: 
20-26 (1999). 

5. Owens A.: Semantic Storage: Overview and Assessment. Technical Report 
IRP Report 2005, Electronics and Computer Science, U of Southampton 
(2005). 

6. Berners-Lee T., Hendler J., Lassila O.: The Semantic Web. Scientific 
American (May 17) (2001). 

7. Anderson, K. M., Odell, P. M., Wilson, P. W. F.,  Kannel, W. B.: 
Cardiovascular disease risk profiles, American Heart J., 121: 1 Pt 2, January, 
293-298 (1991).   

8. Jackson, R.: Updated New Zealand cardiovascular disease risk-benefit 
prediction guide. British Medical Journal, 320, 709-710 (2000). 

9. Milne, R., Gamble, G., Whitlock, G., & Jackson, R.: Framingham Heart 
study risk equation predicts first cardiovascular event rates in New 
Zealanders at the population level. The New Zealand Medical Journal, 
116(1185) (2003). 

10. Bannink, L., Wells, S., Broad, J., Riddell, T., & Jackson, R.: Web-based 
assessment of cardiovascular disease risk in routine primary care practice in 
New Zealand: the first 18,000 patients (PREDICT CVD-1). The New 
Zealand Medical Journal, 119(1245) (2006). 

11. Song, Q. and Kasabov, N.: TWNFI - a transductive neuro-fuzzy inference 
system with weighted data normalization for personalized modeling, Neural 
Networks, 19(10), 1591-1596 (2006). 

12. Alberti, K. G. M. M., Zimmet, P., Shaw, J.: Metabolic syndrome-a new 
world-wide definition. A Consensus Statement from the International 
Diabetes Federation. Diabetic Medicine. 23, 469-480 (2006). 
 

8

Volume 10, No. 3 Australian Journal of Intelligent Information Processing Systems



Modelling climate change effects on wine quality based on expert opinions 
expressed in free-text format: the WEBSOM approach 

Subana Shanmuganathan and Philip Sallis 

Centre for Geoinformatics Research, School of Computing and Mathematical Sciences  
Auckland University of Technology, New Zealand 

subana.shanmuganathan@aut.ac.nz 

Abstract: The motivation for modelling the effects of climate change on viticulture and wine quality using both qualitative and 
quantitative data within an integrated analytical framework is described. The major constraints and solutions evident when taking such 
an approach are outlined. WEBSOM is a novel self-organising map (SOM) method for extracting relevant domain-dependent 
characteristics from web based text and in this case applied to modelling wine quality determined by climate variation, by web text 
mining a sample of 95 New Zealand wine published descriptions made by sommeliers about this phenomenon. This paper describes 
experiments using the WEBSOM method with their results.  

Keywords: text mining, self-organising maps and artificial neural nets 
 

1   Introduction 

Climate change impacts on all forms of agriculture and 
vegetation. Current awareness of climate change and the 
phenomenon known as ‘global warming’ has increased 
scientific and commercial interest in it and predictions 
relating to it. The potential influence of climate variation 
on viticulture and enology is considered as dramatic 
because grapevine crops are among the most sensitive to 
any small change either in climate or environmental 
conditions. Historical viticulture records show that the 
ability of winemakers to produce premium quality wine as 
highly prone to climate change; short and long term. This 
historical data is proving invaluable when comparing 
contemporary data with the past and it is essential for any 
forecasting or prediction over time. Literature reviewed for 
this research reveals that viticulturists and winemakers 
began introducing subtle changes to cultivation practices 
as well as winemaking processes to overcome short term 
or annual climate change effects. This can be seen as 
occurring over centuries to turn climate variation effects to 
winemakers’ advantage, especially to producing finer 
wine. There is sufficient evidence to support that major 
shifts of cultivation in whole wine-producing regions as 
well occurred in the past and as it appears, all these 
happened in order to produce grapes with a higher 
percentage of sugar but without comprising the other 
aroma and colour protein compounds during the berry 
ripening process. These characteristics of wine quality are 
considered to be the principal factors relating to the 
climate of viticulture regions throughout the world. 
Irrigation, frost, wind and solar influences are also major 
factors in grape production of course and therefore, are 
determinants of wine quality [1], [2]. 

With that introduction to the reasons for using modern 
knowledge discovery methods to gain a better 
understanding of climate influence on wine quality, section 
2 elaborates on analysing both, qualitative and quantitative 
data on climate and atmospheric conditions that 
determines grapevine phenology that in turn determines 

the sugar and protein components in grapes and its 
influence on the final wine product. Section 3 outlines the 
initial results of this research conducted at the Centre for 
Geoinformatics Research at Auckland University of 
Technology in New Zealand and already published in [3]. 
The next section illustrates upon a novel approach being 
investigated in the Centre for analysing sommelier 
comments in free text format with the same sample data 
set, extracted from a web magazine called Web Enthusiast 
[4] for modelling the climate change effects with an 
unsupervised neural network known as WEBSOM [5]. The 
final section of this paper proposes future research to 
model the effects of climate change in greater detail with 
larger data sets from more grape growing regions and to 
look at the climate change effects on the world’s major 
wine regions. From this analysis we expect to be able to 
predict the wine style and appellations suitable for future 
climate change, short and long term, using data from 
climate models already developed. 

2. The effects of climate change  

Climate change is predicted to bring about significant 
modifications to all forms of agriculture and vegetation on 
earth [6]. Its potential impact on Viticulture, the world’s 
most expensive cultivated crop and enology, is considered 
by many observers to be dramatic, also supported by 
science that underpins climate change effects as well as 
historical evidence specific to this crop. Climate change 
predictions suggest that the variability across the globe to 
be inconsistent (severe in the northern hemisphere and 
mild in the southern) and to have a variable effect on 
different grapevine varieties.  Grapevine phenology, such 
as crop budburst, “floraison”, “veraison”, and harvest, 
greatly depends on weather and climate conditions in 
different regions, and this is a major factor in determining 
wine quality. For example, even a single degree centigrade 
change in temperature is predicted to make the production 
of the world famous Mediterranean wine appellations 
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impossible. Grape varieties thrive under significantly 
narrow climate and environmental conditions, and 
historical evidence as well suggests that the production of 
premium quality wine as highly prone to any change in 
current climate, annual and long term. Research findings 
with Australian grapevines and wines [7] suggest that a 
change of grapevine varieties could be a way to overcome 
the future climate variation effects in that country’s major 
wine regions. This would of course, be an extremely 
expensive exercise [8], which is why objective scientific 
analysis for scenario building and prediction is of great 
significance at the moment.    
This paper relates to the second part of the overarching 
research project called Eno-Humanas, (see www.geo-
informatics.org and also [9] and [10]) that aims building 
models based on correlations of dependent variables in the 
combinatorial set of relationships that comes from data 
collected relating to climate, atmosphere, soil, terrain, 
moisture and plant responses (grapevine) in association 
with wine sensory perception data relating to flavour, 
odour and fruit robustness. Hence, the title Eno-Humanas, 
is about the combinational analysis of precise ecological 
data and the less precise qualitative opinion data that 
comes from wine consumers. This paper relates to the 
analysis of descriptions (in free text format) of wine 
quality coming from experts; Master Wine Sommeliers.   

3 Previous Research 

This section of the paper discusses previous research by 
others and ours on wine quality and sensory data analysis.  
It also describes the WEBSOM approach.   

3.1   Wine sensory analysis 

Literature reviewed for this research on wine quality 
especially relating to sensory and chemical data analysis 
can be broadly categorised into the following: 
1) Wine characterisation and discrimination using 

chemical and sensory properties.   Most of the 
literature reviewed in wine sensory data analysis falls 
into this category. They all in essence looked at ways 
and means that could best identify the differences for 
developing sub-appellations within major wine 
appellations such as, champagne, chardonnay, and 
pinot noir. For example, a study on a distinctive New 
Zealand wine style Marlborough Sauvignon Blanc, 
looked at classifying the wine appellation by sensory 
characterisation and chemical analysis using selected 
aroma compounds [11].  Another study on red Niagara 
Peninsula Bordeaux style investigated into the 
differences that might be supportive for designating 
three sub-appellations with the use of chemical and 
sensory analysis on forty-one commercially available 
wines from that region [12].  Similarly, [13] and [14] 
looked at strategies a) to control champagne wine 
quality based on sensory and b) red table wine quality 
characterised by pleasing and complex mouth-feel 
sensations respectively. 

2) Professional versus novice taster abilities.  There are 
many studies in this area cited in the literature and 
another project within Eno-Humanas is considering 
this from an audio-mining perspective to elicit the 
degree of emphasis (passion) expressed about wine 
quality in recording of wine tasting by both 
professionals and novices.   

3) Wine ratings, favourable climatic conditions and price 
fluctuations.  Research on this subject described in [15] 
looked at climate and global wine quality factors and 
discussed a year-to-year comparison over a ten year 
period. It includes a description of wine quality factors 
in juxtaposition with prices and vintage ratings. Citing 
many earlier studies the authors of this work pointed 
out that the analysis of the relationships between 
climate variables and wine prices as based on an 
underlying hypothesis that beneficial climate 
conditions would improve the wine quality and that in 
the past, these had in turn led to short term price hikes. 
They also reflected that unavailability of consistent 
price data for multiple regions and with different styles 
over many years was a shortcoming for any analysis on 
the study of long term effects. They also argued that 
the vintage ratings to be a strong determinant of the 
annual economic success of a wine region based on 
analysis by [16] but then went on to say that the ratings 
could be determinants of wine quality not necessarily a 
predictor based on [17] where ratings were described to 
be reflective of wine in a qualitative manner; they had 
same weather factors documented to be the 
determinants of the same wine quality. 

4) Analysis of wine taster descriptions in free-text.  There 
are not many studies of this kind cited in the literature.  
Of the studies revealed under this category, two major 
approaches are outlined herein.  In [18] taster comment 
analysis on different wine experts revealed something 
about the structure of the language used by the experts 
to describe wines. In this study, using software called 
ALCESTE analysts produced groups of word 
categories from different expert corpuses by 
calculating the chi square of co-occurrences of words 
and classified the categories into different classes, such 
as idealistic, odour, colour, somesthesic, taste and 
hedonistic. The study concluded that the language 
structure used by the wine experts as not organised 
along their sensory dimensions instead with prototypes. 
When describing wine taste, experts tend to relate it to 
a prototype rather than stating its properties.  

In another interesting piece of work [19], researchers 
looked at calculating synthetic liking scores by 
studying the correlations between pairs of original 
scores and word groups/counts in free text comments 
and then compared these synthetic scores with that of 
the original ones for the sample set of wines studied. 
The authors used multiple factor analysis to establish 
the correlations between each pair of comments and 
their respective liking scores. 

Research conducted at University of California 
Davis [20] found that only 25% of wine liking ratings to be 
linked to wine sensory descriptive data in a map created 
with statistical analysis results of the latter on y axis and 
wine ratings on x axis.  The authors as well found that 
descriptors, such as “leather” and “sour”, as having a 
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negative effect on preference and “vanilla/oak” and 
“canned vegetable”, as liked by wine tasters and noted 
even though 75% of the variations in liking could not be 
explained, the results should be read with caution. 

3.2 WEBSOM applications 

WEBSOM provides an efficient methodology for full-text 
information retrieval and exploration of large collections 
of documents. It uses Self-Organizing Map (SOM)1 
techniques to statistically analyse any relations between 
the document collection words based on their co-
occurrence in the document set being analysed, and then 
based on the relationships, creates document maps. As the 
word co-occurrences are used as basic components for 
clustering, similar documents get clustered close to each 
other on the document map. The WEBSOM approach was 
first developed as a map of documents providing a good 
basis for search and exploration of documents [21]. 
WEBSOM applications include unsupervised [22], 
partially supervised processing of newsgroups [23], 
browsing interface for web pages for the exploration of 
document collections [24] and as a method/ tool for data 
mining in textual databases [25]. 

In this research,  WEBSOM is applied to grouping 
words based on their co-occurrences in sommelier 

                                                                                          

1 A SOM (self-organising map) is single layered, feed forward artificial 
neural network (ANN) that enables the projection of multidimensional 
data sets onto low (two- or one) displays for easy visualisation and 
analysis of any correlations within the vectors analysed.  The SOMs are 
well-known for their ability to preserve details embedded in the raw data.  
Artificial neural networks (ANNs) are collocations of elements called 
‘neurons’ with weighted connections between them. The neuronal 
structure, the connections, training and recall algorithms define the 
network architecture. The neurons and ANN structures are imitations of 
biological (human/animal) nerve and brain cell structures. ANNs became 
more popular since the 1960s because of their ability to solve problems 
found to be impossible by conventional algorithmic computing 
methodologies. 

comments for establishing any year-to-year variations that 
may exist between the word groups/ descriptors that best 
describe the wine quality/ wine sub appellations in terms 
of appearance, aroma and mouth-feel.  

3.3 Text mining of sommelier comments using SOM 

As a first step in implementing the Eno-Humanas concept 
to model the correlations between climate change effects 
on grapevine phenology and wine quality with ecological 
data and sommelier/ wine taster comments, the latter is 
being investigated using words extracted from sommelier 
comments (Fig. 1).  

Our initial investigation used a SOM based text mining 
approach to analyse the comments of 95 New Zealand 
wine (in free text format) and structured data (name, style, 
region, year) extracted from a popular web based wine 
catalogue called Wine Enthusiast [3]. After removing stop 
words, such as a, the, in and etc, and running a stemming 
program, a matrix of words (lemmas) was created from the 
selected set of wine taster comments. Weights wi of (1) for 
the selected words were calculated by applying the well-
known information retrieval system called Slaton’s vector 
space model, which is based on a) local information from 
individual documents and b) global information from the 

collection of documents [26].   
 

                                                                        
 
 

(1) 
 
Where, 

tfi  = term frequency (counts) or number of times a 
term i occurs in a document.   

dfi = document frequency or number of documents 
containing term i  

D  =  number of documents in the collection/database.

 

Fig. 1. Diagram on the steps followed to create a word matrix of 95 New Zealand wines being analysed herein.   

11

Volume 10, No. 3 Australian Journal of Intelligent Information Processing Systems



 

PN
RB

Mcf
PN

Mer
PN R R SB R

SB
C
R

BWb
N PG C SB SB C

CSmer R PN SB SB

CN PN PN SB C C

BB
PN PN BBBWb PN

SB BWb C C

N PN PN C C
R

BBBWb Mer SB SB SB

N BB SB SB SB S

PN
PN
R

SB

C
PN
Sy

C SB SB SB SB

C2

C1

C4C5

C3

C7

C  C8

C6

 
 

 

Fig.2 SOM 95 NZ word frequency calculated based on Slaton’s vector space model using words in wine expert 
comments.  In this SOM of words extracted from expert comments, clusters C1-C8 reflect wine style rather than wine 
regions of New Zealand (see Figs. 3-5).  Clusters C2, C7 and C8 consist of Sauvignon Blanc, Pinot Noir and 
Chardonnay style wines respectively. 

 

 

Fig. 3: component planes of SOM (Fig. 2).  Cluster 2 of this SOM consists of high word frequencies for Sauvignon 
Blanc descriptors, such as fruit-17, paasion-30, sauvignon—36 and wine-42.  Some of the wines in this cluster consists 
descriptors miner-24 (for mineral), grapefruit-19, hint-22, import-23, pink-31 and ripe-35.    

  

SOM clusters and wine style  

 

C 1: R, PN, PN, PN, SB, C, PN, BBBWb, PN  SB,

BWb, C, C, C, C   

C 2: SB, SB, SB, SB, SB, SB, SB, SB, SB, SB, SB  

C 3: CSmer, PN, BB  PN, PN, PN, PN, BBBWb,

Mer  

C 4: R, SB, R  SB, C  R, C, SB, SB, SB, SB  

C 5: PN  RB, Mcf  PN, Mer  PN, R, BBBWb  PN,

PG  

C 6: BB, PN  R  SB, C  PN  Sy, C  

C 7: PN, PN  

C 8: C, C, C 

 

BB: Bordeaux Blend BBBWb : Bordeaux white

Blend C: Chardonnay CSmer: Cabernet Sauvignon

Merlot M: Merlot MC: Merlot Cabernet PG: Pinot

Gris PN: Pinot Noir RB: Red Blend R:Riesling SB:

Sauvignon Blanc 
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Fig. 4: SOM cluster profile radar (word average values).  Cluster 7 wines consist of high weights for herbal-21, 
excel-13, import-23 and note-26. 4: 95 NZ wine clustering projected on a DIVA map.  Wines from far northern New 
Zealand aren’t present in deep southern part of the country and vice versa. 
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Fig. 5: Histogram showing the number of wines in different clusters (y axis) and regions (x axis) in the 8 clusters of 
the SOM created with 95 NZ wine word matrix. In this, cluster 8 consists of Syrah wine from Gisborne, Hawks Bay, 
Kumeu, Marlborough and Martin borough. However, wine appellations from Central Otago could be seen in all 
SOM clusters except for cluster8.  The SOM clusters of word weight frequencies against wines tend to show the 
variations in wine appellations rather than that of regional. 
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4 The WEBSOM approach to text mining 
sommelier comments 

The WEBSOM approach to analysing sommelier 
comments in this study aims to establish any annual 
variations in the quality of these 95 New Zealand wines, 
using selected keywords/descriptors from the same set of 
word matrix calculated for the initial investigation  using 
conventional text mining/ word counting and weight 
calculation of wine expert comments (Fig. 1). In the 
WEBSOM approach, SOM clusters of co-occurring words 
in the 95 NZ wine comments and their cluster profiles are 
analysed to see the regional, wine style and annual 
variations embedded within these wine taster comments.  
 
 

 

4.1 WEBSOM results 

The groups of wine words/descriptors from the WEBSOM 
approach based on the word co-occurrence in the 
comments of 95 New Zealand wines being analysed are 
listed in Fig. 5.  Of these groups, C1 words (pepper  
pineappl  tropic, palat, import  power, herbal  hint  nose  
scent, passion, citru, express, excel, flavor, fresh, bold, 
eleg, riesl, floral) are used in most of the wine comments 
hence, this cluster could be classified as common 
descriptors. These words contribute to the broader 
categorisation/ at higher levels in a tree/dendrogram) and 
some discretion is needed in the selection of words to 
make the wine descriptor grouping more focused, if not 
such words may force wine comments into not so 
meaningful groupings. 
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C 1: pepper  pineappl  tropic, palat, import  power, herbal  hint  nose  scent, passion, citru, express, excel, flavor, fresh, bold, 

eleg, riesl, floral 
C 2: full, bodi  complex, black  herb, fine, tannin, cellar, dusti, cherri  cinnamon  dri  vanilla, ag, aroma  chocol  mouth  smoki  

spice  structur         
C 3: dry  lime, fruiti  ripe, barrel  ferment  lusciou  vineyard, world 
C 4: bottl, drink, layer  new  soft  wonderfulli  zealand, richli  textur, mouthfeel  noir  pinot  plum  silki, cola 
C 5: sweet, perfect, blend  tast, berri  extract  red  rich 
C 6: acid  appl  balanc 
C 7: gooseberri  honei  miner, apricot, citrusi  orang, peach 
C 8: blanc  grapefruit  marlborough  nectarin  sauvignon, intens, fig  melon  style 
C 9: load  young, chard  chardonnai  creami  lush  oak  smoke  toast, green 
 
 

Fig. 6: SOM created using wine descriptors as variables.  SOM clusters C1-C9 of words within wine expert 
comments, show the groups of words based on these word co-occurrences / combinational use in expert 
descriptions of 95 New Zealand wines being analysed herein.  For example, C6 words (acid, appl (lemma for 
apple) and balance (for balance)) occur together in sommelier comments  
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Fig. 7a: Table showing the different descriptors embedded in wine taster comments that reflect regional, wine 

style and annual variations.  In this example, Pinot Noir and Riesling wines from Central Otago are presented to 
see whether the word co-occurrences could be used to see any inter annual variations resulting from changes in 
climatic conditions. The Pinot Noir wines from Central Otago do not consist of C7 or C8 words whereas, Riesling 
wines from Central Otago do. In the former group, two of 2005 wines consist of C6 in addition to C1, C2, C4 & C5 
words. b: SOM component planes of the wines shown in table 7a. 
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Fig. 8a: Table showing the different descriptors embedded in wine taster comments for Sauvignon Blanc style 
wines from Marlborough region, This group of consist of hardly any C9 words (load  young, chard  chardonnai  
creami  lush  oak  smoke  toast, green). Of this block 5 out of 6 wine from 2001 have high weight frequencies for 
C6 words (acid, appl and balnac) and none of the wines from the following years do has.  It is also evident that 
most of 2005 and 2006 wines have high weight frequencies for C8 words (blanc,  grapefruit,  Marlborough,  
nectarin,  sauvignon, intens, fig,  melon  and style).  b: SOM component planes of the wines shown in table 8a. 
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In figs. 6 a & b, 2001, Marlborough region, Sauvignon 
Blanc wines, all of them have descriptors grouped in SOM 
cluster C6 words (acid, appl and balanc).  Similarly, most 
of the 2006 wines have high values for C8 descriptors 
(blanc  grapefruit  marlborough  nectarin  sauvignon, 
intens, fig  melon  style).  In these wines, the use of cluster 
C9 descriptors (load young, chard chardonnai  creami  lush  
oak  smoke  toast, green) are rare. 

In figs. 8 a & b , Sauvignon Blanc from Marlborough 
1999 wines do not have words from cluster 6 (acid  appl  
balance), however, 5 out of 6 wines of year 2001 have 
high weight frequencies and none of the wines analysed 
from the following years do not have.  It is also evident 
that most of 2005 and 2006 wines have high frequencies 
for C8 words (blanc,  grapefruit,  Marlborough,  nectarin,  
sauvignon, intens, fig,  melon  and style). 

This shows that the analysis of words/ wine quality 
descriptors carefully selected could lead to useful word 
groupings that could in turn point to the inter annual 
climate variations within the wine expert comments.   

5 Conclusion and future work 

The initial results of the WEBSOM approach to discerning 
the descriptors that have the potential to transform the 
free-text wine comments into quantitative data on wine 
quality appear convincing.  These could be used to analyse 
the correlations between wine quality and climate change 
effects.  More experimental work is needed though if we 
are to select appropriate wine quality descriptors and 
confirm the correlations between these descriptors and 
other wine factors, such as wine liking scores/ ratings and 
price.  The literature (and history) shows that adjustments 
are continually being made to grape growing practices in 
order to produce the best quality crops and thereafter, the 
best quality wine. We contend that continued work of a 
scientific nature such as reflected in this paper, will 
provide useful insights into the dynamics of the interaction 
between environment and plant growth such that better 
informed decisions can be made by the growers, especially 
at this time when global climate change is providing much 
angst among both wine producers and consumers alike. 
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Abstract. The effect of frost on the successful growth and quality of crops is well understood by growers as leading potentially to total 
harvest failure.  Studying the frost phenomenon, especially in order to predict its occurrence has been the focus of numerous research 
projects and investigations.  Frost prone areas are of particular concern. Grape growing for wine production is a specific area of 
viticulture and agricultural research.   This paper describes the problem, outlines a wider project that is gathering climate and 
atmospheric data, together with soil, and plant data in order to determine the inter-dependencies of variable values that both inform 
enhanced crop management practices and where possible, predict optimal growing conditions. The application of some novel data 
mining techniques together with the use of computational neural networks as a means to modeling and then predicting frost is the focus 
of the investigation described here as part of the wider project. 

Keywords: Frost Prediction, Data Mining, Neural Networks. 

1   Introduction 

The effects of climate variation impacts on all forms of 
agriculture and vegetation. Because of the recent focus by 
many scientists and growers on the phenomenon known as 
‘global warming’, reliable means for predicting climate 
change has gained in relevance and importance. Viticulture 
is considered as a prime area for study because grapevine 
crops are among the most sensitive of any to climate or 
environmental variation. 

   
The use of contemporary methods for mining data and 

knowledge discovery to classify and quantify the variables 
that are identified as being critical for the production of 
robust computational models is seen as both appropriate 
and necessary for this problem domain.  This paper 
describes early results from work in frost prediction being 
undertaken by academic researchers at Auckland 
University of Technology in New Zealand, Universidad 
Catolica del Maule in Chile and Universidad de Talca, 
Chile. 

 
The Geoinformatics Research Centre at Auckland 

University of Technology in New Zealand, is working 
with scientists and industry in New Zealand, Chile, 
Uruguay, the United States (Sth California) and Japan to 
gather a large and complex mixed data type data set that 
contains climate and atmospheric data, soil and plant data 
and human sensory perception data in order to ascertain 
the dependencies that exist between a large number of 
variables that effect the growth quality of grapes and 
production quality of wine. 

   
This project known as Eno-Humanas (see www.geo-

informatics.org) began in August 2007, so is in the early 
stages of placing sensors in numerous locations and 
establishing the infrastructure for data collection and 

processing within a methodology that seeks to correlate 
precise and imprecise data to produce scenarios for 
optimal grape growing conditions and also predicts certain 
factors that influence growth and production [1], [2], [3], 
[4]. The effect of climate variation impacts on all forms of 
agriculture and vegetation. Because of the recent focus by 
many scientists and growers on the phenomenon known as 
‘global warming’, reliable means for predicting climate 
change has gained in relevance and importance. Viticulture 
is considered as a prime area for study because grapevine 
crops are among the most sensitive of any to climate or 
environmental variation.  

 
Many of the previous studies [5], [6] that model and 

then predict phenomena of frost occurrence and impact 
consider only the available variables; usually temperature, 
humidity, wind velocity and precipitation.  Some also 
include atmospheric pressure [7], [8]. It usually depends on 
the historical data that is held and the types of 
meteorological stations that are available. With this data it 
is possible to establish some indicators through various 
combinations of the variables that intervention should 
occur.  See [9], [10], [11] for descriptions of these studies. 
In the research described in this paper, some derived 
values, especially the calculation of dew point (the point in 
time just before frost falls) are used and the tendency (such 
as a falling barometer and cloud cover, which determines 
solar intensity) are included to enrich the combinatorial 
analysis of the data. 

 
We are using Computational Neural Network (CNN) 

methods to assist with the analysis and modeling of this 
problem.  CNN technologies enable us to develop highly 
non-linear mathematical models with a relatively low level 
of computational complexity. This kind of model and data 
processing capability means we can analyse a large 
amount of data and retain integrity between the dependent 
variables while we construct scenarios for different result 
outcomes. 
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 The complexity of data dependencies is represented by a 
network of relationships, which we can ‘train’ to adapt to 
new data as it is ingested into the model without losing the 
intrinsic value of the variable dependencies.  By reducing 
the relationship complexities we can reach a network size 
that is deeper in ‘meaning’ than the superficial data set 
might reflect and thus, we discover the extent to which the 
dependencies (factors relating to frost prediction in this 
case) really exist. It is widely held that the identification 
(or classification) of the variables present in such a model, 
using the Perceptron Multi-layer (MLP) method, is not in 
itself a sufficient analytical framework for complex data 
sets such as for the frost prediction problem. Using the 
Self-Organising Map (SOM) techniques in conjunction 
with MLP does establish an appropriate level of 
participation by the variables in the phenomenon being 
studied.  In this respect, we have used Neucom 
[www.kedri.aut.ac.nz] to implement a combinatorial 
approach to building the final model from the findings we 
have obtained through other data mining techniques.  We 
propose this as a robust analytical platform for application 
to the frost prediction problem. 

 
The World Map in Fig. 1 below shows the climate 

change potential for frost occurrence based on temperature 

variation related to latitude.   This is an example of the 
need to collect data from numerous locations and to 
compare it with other atmospheric and environmental data.   
Note the similarity between the latitude range 40-50oS as 
for Chile and New Zealand.  The temperature at 10oC is 
present in both locations but varies in the same latitude 
spectrum for other longitudinal points around the globe.  
Most of these are located over the ocean.   An interesting 
comparison is with Sth California, which is 10oC higher 
(20oC) at Latitude 30oN and Nth California, which is 
similar to Chile and New Zealand with 10oC at Latitude 
40-50oN. 

2   Climate sensor data for analysis using 
CNN 

     For this early-stage study, data has been made available 
from the meteorological service collected for 2007 from 
the Region of O’Higgins in Chile (Fig. 2), provided by 
CRIA (Regional Information Center Agrometerológica) of 
the Ministry of Agriculture of Chile.   Using this data we 
can graph the weather trends and the following results 
(Fig. 3 and 4) relating to frost occurrence can be seen.    

 
 

 
Fig. 2.   A map of Chile indicating the O’Higgins Region, which is dominated by vineyards.   The city of Santiago, 

which lies in a basin between high mountains and therefore, has a different climate, is 90kms to the North of this Region. 

 

 
 
Fig. 1.  Wine producing region of the world and climate change* 
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Later in the research, it is intended to use comparative 

data from the network of weather stations set up by the 
Geoinformatics Research Group from Auckland 
University of Technology established in NZ, Chile, 
Uruguay, Southern California and Japan. 

 
If the temperature is graphed 5 days prior to an event of 

frost, as shown in Fig. 3, there is a clear downward trend.  
In this first approximation the prediction model for a frost 
event uses data from 48 hours prior to the occurrence.  
There are three frost events recorded here, shown as 
Frost1, Frost2 and Frost3. 

 
 

 
 
 

 
Trought et al. [12] propose that only data from the 48 

hours prior to 3pm are used  for the Winter months so that 
dramatic change data does not influence the other data 
unduly.  Having conducted some experiments with this 
proposition we show some results from our data below 
(Fig. 4) for the last 48 hours till 3 pm prior to a frost event 
occurrence.  These results are graphed using the 
temperature and humidity variables only.  

 
A sample of the data used for this analysis has the form 
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Fig. 3. Temperature measurements for 5 days, including three frost events where it is possible to observe a trend.   The dotted 
circle illustrates the frost event occurence. 
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Fig. 4. Temperature and Humidity previous for two cases of frost. There are 48 data points until 3 p.m. in the period. 
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It can be seen here that it is not sufficient to only 
consider the variables of humidity and temperature for the 
prediction process and we propose therefore, to consider 
the dependency of other variables such as precipitation, 
atmospheric pressure and wind velocity. 

 
It is obvious from these results that a large amount of 

data is required, which Worner and others [13] established 
when using similar SOM methods for developing a World 
map for insect infestation under very similar 
environmental conditions as those that relate to frost 
prediction.  That is, the variability of humidity and other 
critical climatic influences.  Their work also highlighted 
the importance of establishing global data repositories for 
use when analyzing phenomena such as the insect 
infestation impact on crop production where climate data 
is a significant parameter for prorogation.  We assume this 
to hold also for frost and other crop sensitive phenomena.   

 
Numerous climate databases exist in various forms from 

regional and national meteorological services and other 
domain orientations such as for military and marine 
purposes.  One comprehensive and user-oriented example 
of a global database is from the Climate Research Unit at 
The University of East Anglia in England.   They have 
collaborated with the Water Management Institute, which 
itself holds a large amount of data, to create an entity 
called The Consortium for Spatial Information 
(www.cru.csi.cgiar.org).  While not complete for the whole 
world or for all known variables, this set of data provides 
the kind of data repository envisaged as necessary when 
investigating and tracking factors that can lead to a robust 
and reliable frost prediction system.            

 
This work also illustrates the need for care when using 

time series analysis for data processing.   The data may 
appear as static input vectors to the experiments conducted 
here but in future, with real-time data streams being 
ingested to the neural network on a continuous basis, the 
production of snapshot scenarios using time series analysis 
is more viable and appropriate.  Simply smoothing or 
running a best fit line through the variable data may not 
best reflect the reality of the influence value of each 
discrete variable however.  There are both linear and non-
linear aspects to the data relationships.  Also, using 
probability measures requires that the relative weight 
attributed to each variable value is used in any forecasting 
model and these need to be derived from a complex mean.  

In this regard, the use of factor analysis is one element of 
the ongoing experimental framework being considered 
now by the research team in this investigation. 

3   Data Dependency and Clustering 

As stated in the paragraph above, to establish the 
relationship and dependency (correlation) between climatic 
variables that are preparing to establish a model to predict 
the frost is a highly complex. 

  
    This article aims to establish a method to study the 
dependencies between variable value data (hence 
correlations) using neural networks, data mining 
techniques and Kohonen or Self-Organizing Maps (SOM).  
This combinatorial approach will establish relations in the 
variables that will enable an analytical framework and 
methodology to be developed for work with those 
meteorological variables most relevant in accordance with 
a Multi-Layer Perceptron as shown in the generalized 
work flow model shown in Fig. 5 below. 

 
SOMine Viscovery [www.eudaptics.com] was used as 

the analytical software tool for the analysis of the 
correlation of variables illustrated in the previous model. 
We considered all the variables that are available to 
perform the analysis, i.e. temperature (in ºC), RH (relative 
humidity%), wind speed (wind velocity km / hr), wind 
direction, wind speed (velocity) and dew point (at º C).  In 
this way the data can be analyzed (and correlated where 
possible) from different perspectives. The analysis of data 
is from the months of May and October.  

 
A first step in the analytical approach described, is to 

consider the data by its date stamp, which includes day and 
time as a concatenated unique key (Date).  This can be 
seen in Fig. 6. 

 
In this first depiction it is possible to appreciate the 

relationship between temperature and dew point to the low 
temperatures (blue zone); also at times of low temperatures 
(frost events) wind speed is very low. In order to 
determine a better defined cluster from areas of low 
temperatures, we resorted to eliminating of some variables, 
such as the date in (Fig. 7a) and the wind speed (Fig. 7b) 
both illustrate.

 

 

WEATHER 
DATA

……

 
 
 
 
 
 
 
 
 
 
Fig. 5. Concept Proposal for the analysis of Weather Data using Self-Organizing Maps (SOM) in order to develop 

a Computational Multilayer Perceptron (MLP) model for Frost Prediction.
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Fig. 6. SOM analysis considering the following variables: date, temperature, relative humidity, dew point, wind velocity 
and direction. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 7. SOM analysis considering the following variables (a) temperature, relative humidity, dew point, wind velocity and 
direction; (b) date, temperature, relative humidity, dew point, wind direction. 
 
A second analysis considers the data without the date variable but leaves in the time constraints (shown in hours).  
 

 
 
Fig. 8. SOM analysis considering the following variables: hour, temperature, relative humidity, dew point, wind velocity 
and direction. 

(a)                                                            (b) 
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From the analysis of Fig. 8 we can see selected areas of the greatest cold (blue zone in the table of temperature, 

considering a lower temperature to 1.1 º C) and based on this selection we have an analysis of the hours in which frost 
occurred. This yields a histogram that is shown in Fig. 9a where schedules are established as a high probability of frost at 
3,5 and 7am.  The fig. 9b and 9c show a histograms with the inclusion of the variables of humidity and wind direction. 
 
After eliminating the wind speed factor, it is easier to identify classes (clusters) as is depicted in the SOM (Fig. 10) below. 
 

 
 
Fig. 10. SOM analysis considering the following variables: hour, temperature, relative humidity, dew point, wind 
direction. 
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Fig. 9. Histogram analysis for (a) hour, (b) humidity and (c) wind direction for cold temperatures. 
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A third approach is to separate the data by time of day regardless of the other date and then to observe its correlation 

with each of the individual variables.  The analysis represented here in Fig. 11 relates to the third hour of increased 
frequency of frost, at the times of 3, 5 and 7 a.m. 

 

 
Fig. 11. Preliminary clustering analysis of weather data using SOM of 7, 5 and 3 a.m.  
 
The dependency between the dew point and the temperature variables can be observed in the fig. 6,7,8 and 9 in cold 

zone (blue zones). 
 

In order to compare the results from our analysis using the SOM output exported to a graphing tool for trend depiction, 
we processed the data relating to humidity (as an example) using data mining software called Mineset [www.vero-
insight.com], which produced exactly the same statistical results thus, confirming our assumptions.   The graphical 
depictions from Mineset are as shown in Fig. 12 below. 
 

 
 
Fig. 12 MineSet [Vero Insight, http://www.vero-insight.com/] 
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Fig. 13  Histogram, tree and network depiction examples from Mineset. 
 
The advantage of using the Mineset software after 
conducting the prior SOM analysis, is the better 
visualization it provides.  However, when we are scaling 
the data in the preliminary analytical stage, Mineset can 
also assist with a visual representation, which makes the 
task of data preparation and understanding of the dynamics 
of the data relationships considerably easier.  These 
visualizations can be as histograms, scatter grams, three-
dimensional (splat) diagrams or tree structures.  These are 
all able to be animated in order to dynamically observe the 
data relationship distributions. 

4. Results and Conclusions  

In summary from this work so far, have seen the following 
results:  

• a correlation between the minimum temperature 
and dew point so we assume it is necessary to 
establish their relationship in the hours prior to 
the dew point event and therefore, we can 
eliminate one of them to simplify the actual 
prediction model. 

• the wind speed in hours of cold is very low, so the 
‘critical time’ prediction model can discard this 
variable unless a velocity in excess of the 
threshold level is recorded.  An alarm can be set 
in the software analyzing the logged data, which 
can in turn inform the neural network and ingest 
this data into the scenario at the time.  

• the wind direction in times of frost comes mainly 
from the South - East, namely the influence of the 
mountain range (Los Andes) in the valley of the 
Region of O’Higgins in Chile.   This will be 
interesting to compare with the influence of the 
Southern Alps in New Zealand and similar 
geospatial factors for other locations in the future. 

• the use of visualization software tools such as 
Viscovery and Mineset provides an analytical 
richness to the data processing task but also 
potentially could provide a meaningful depiction 

of the results for use in commercial operations 
such as in the vineyard. 

It should be noted that one disadvantage of this 
preliminary study is the small amount of data available 
(only 1 year), so it is necessary to add more data to take 
more robust conclusions. 

This study focused on the relationship of the variables 
in the hours of greatest cold (frost), so the next step is to 
filter the data by studying the cases of 24 hours prior to a 
frost and establish the relationship between the weather 
variables.  This is in order to generate a prediction model 
of a robust and reasonable complexity. There are also 
some indications observed here of the importance of cloud 
cover at times of extreme cold.   Another component of the 
Eno-Humanas project is using image-processing 
techniques for this aspect of pattern recognition that we 
assume will add additional information to the model 
described here and being further developed as data is 
collected. 
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Web Search Engines A Basis For Term Evaluation

Sukanya Manna and Tom Gedeon

Abstract

We present an approach for the evaluation of a term significance model, Gain Of Words (GOW)
using two different web search engines (WSEs) : Google1 and Yahoo2. Our term association model
extracts significant terms from a single document without using a corpus. We extract the signifi-
cant terms from the Gain of Words (GOW) parameters’ values based on a sentence level analysis of
the document. The experiment is modeled by three sets of queries for the search engines, as single
queries, paired queries and triplet queries. The evaluation is based on the documents retrieved from
the WSEs using these queries. The results show that the terms or words of higher rank according to
this model extract more relevant documents from the WSE as shown through the similarity results
with the source documents from where the terms were extracted. We have shown that our model
works better than the term frequency inverse sentence frequency (TFISF) model using WSE rankings.

Keywords: term significance, gain of words, single documents, web search engines, evaluation

1 Introduction

Extraction of significant terms is an important technique for retrieval methods such as document retrieval,
web page retrieval, text mining, information extraction, summarization and so on. These terms are also
called content identifiers as they are used to choose which document to read to learn the appropriate
relationship among documents.

The vector based information retrieval model identifies relevant documents by comparing query terms
with terms from a document corpus. This is done by assigning the highest weights to the ones with most
discriminative power Salton & Buckley (1987). Inverse Document Frequency is the most common retrieval
model which considers the distribution of terms between documents. There are also modifications of the
above concept into inverse sentence frequency and inverse term frequency. Inverse sentence frequency
similarly reflects the distribution of terms between sentences and inverse term frequency likewise in
sentences or phrases Blake (2006).

Almost every document has some hierarchical structure concerning the importance of the words or
concepts occurring in it Gedeon & Koczy (1998). The basic idea of linking the terms in a document is
based on their frequency of occurring together in different paragraphs or sentences, presuming them to
have some relationship. This approach also does not require any previous knowledge about the domain.
It is based on the degree of linkages found between different terms and brings out the relevant ones.

Domain independent keyword extraction, which does not require a large corpus, has many applications.
For example, if we want to know the basic idea of a paper, the key terms will help us to identify them.
For this we do not really need to have a detailed knowledge about the corpus of similar data. Here simply
the frequency of the term or the word count is significant enough. It is also known Manna & Gedeon
(2008) that sometimes the traditional models like Salton & Buckley (1987) are not that effective in cases
when we need to analyze a single document or very few documents instead of a huge corpus as it cannot
discriminate certain terms. So, Manna & Gedeon (2008) domain independent term extraction models
are thus more suitable to analyse the semantic relations of a document, which might be of interest in
some specific applications, for example, in legal cases, or official investigations, or counter terrorism, text
summarization Zhang et al. (2002), question answering systems Katz & et al (1993) and so on which
specifically deal with single or a few documents.

In this paper we present two studies: first by the term significance model and second by the detailed
evaluation of this model using two web search engines (WSE): Google and Yahoo respectively. We extract
the terms importance using the value of the factor called Gain of Words (GOW). We select the terms

1Google : trademark of Google Inc; http://www.google.com
2Yahoo: Yahoo! Pty Limited; http://www.yahoo.com
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using a threshold on GOW. We queried the WSE using the high ranked and low ranked terms extracted
by our method. The documents retrieved using these queries are compared with the source documents
to find out the similarity between them. Then we compared the rank of words using GOW and TFISF
using WSE rankings.

This paper is organized as follows. The next section explains the term significance models (GOW and
TFISF) in detail, followed by the evaluation done using the WSE.

2 Term Significance Models

In this section we present two approaches, Gain of Words (GOW) and Term frequency Inverse Sentence
Frequency (TFISF) to rank the importance of words in a document. TFISF is a modification of TFIDF
at the sentence level instead of the document level.

A document consists of sentences. In this paper, a sentence is considered to be a set of words separated
by a stop mark (“.”, “!”, “?”). We extracted all the terms from the document including the stop words.
We calculated the frequency (i.e. number of occurrences of the words) of the words across each sentence
and used it with a binary weighting factor to determine GOW.

2.1 Gain Of Words (GOW):

In this work, we propose a term significance model which extracts significant terms from a single doc-
ument. This model is more effective than Salton’s Salton (1975) approach when considered for a single
documents instead of a large corpus Manna & Gedeon (2008). The term significance is analyzed based
on the concept Gain of Words (GOW). The main purpose of this method is to discriminate between
the significant and non significant terms (or words). This is a simple model, which employs both the
occurrences of words as well as the binary weighting of those words based on their presence or absence
in the document. In order to proceed with this model, we have initially found all the unique words from
the document. Then we stemmed these words using Porter’s stemmer Porter (1997).
Now, let n be the no. of words or terms considered. Let S be the vector of m sentences present in the
document. So, we calculate the gain of words for each term by

GOWj =
∑m

i=1 fij ×
∑m

i=1 wij

m
(1)

where, fij is the frequency of the term (no. of occurrences) j in the sentence i and w is the weight. We
obtain weights by

w =
{

1 if the term is present in the sentence
0 otherwise

Words having high GOW values are discarded. We used a threshold of 0 < GOW < 10 for the elimination
process. It is our experience that the words beyond this range are generally not useful. The stopwords
or some unwanted words or characters generally fall in this category.

2.2 Analysis of GOW in general:

We have used one of the CST Radev et al. (2004) datasets about a Milan plane crash. It consists of some
single coherent documents. Each of these documents contain some facts about the plane crash collected
from different news media like abcnews, cnn, etc.

We used our method on this dataset to compute GOW for each of these documents individually.
We ranked the words based on their GOW in the document, and applied a threshold to extract the
significant ones. After this, the word list was further processed by removing those infrequent stopwords
which remained in the list. The Fig. 1. below gives an example of the nature of GOW of words. It is
clearly seen that high values show unimportant words (here the stopwords like “in”, “the”). Using the
threshold we can get rid of these easily. The terms with lower GOW like “milan”, “plane”, “crash” etc
show that they are significant terms if we look into the context of the document considered.

2.3 Term Frequency Inverse Sentence Frequency (TFISF):

Term frequency inverse sentence frequency is the sentence level modification of the commonly used corpus
weighting scheme term frequency inverse document frequency (TFIDF) proposed by Salton Salton &
Buckley (1988) which is term frequency (TF) x inverse document frequency (IDF), where TF is the

2

29

Volume 10, No. 3 Australian Journal of Intelligent Information Processing Systems



Figure 1: Illustration of GOW on different words

number of times a term appears in a document, and IDF reflects the distribution of terms within the
corpus. Ideally, the system should assign the highest weights to terms with the most discriminative power.
One component of the corpus weight is the language model used. The most common language model is
the Inverse Document Frequency (IDF), which considers the distribution of terms between documents.
So, here ISF similarly considers the distribution of terms between sentences of a document. Thus it is
represented by

ISF (ti) = log(N)− log(ni) + 1 (2)

where N is the total number of sentences in a document; ni is the number of sentences that contain at
least one occurrence of the term ti; and ti is a term, which is typically stemmed. So, the weight of each
term is determined by term frequency (TF) x inverse sentence frequency (ISF). As we intend to find the
term weight at the document level, we need some kind of aggregation on the tfisf values. But instead, we
found the total frequency of each term across each sentence and multiplied by their corresponding isf
score.

3 Analysis of GOW using Web Search Engines:

3.1 Motivation for using Google and Yahoo:

The sudden explosion of digital data on web has created an online repository of data for experimental
purposes. Google and Yahoo are the most used web search engines. Starting from a trifling matter to an
important one, people use either of these search engines to get their answers. Because of their popularity
we also used these WSE search results as a basis for validating the term significance model described in
Sect. 2.

This experiment is to demonstrate the suitability of the algorithm for keyword extraction from single
documents. Our claim as to which words are significant will be justified if these WSE search results
provide us with more similar documents related to the original one if we use higher ranked words we
extracted. So we used a simple model to find the similarity between these documents with the original
one. We queried both Google and Yahoo with single keywords from our ranked list as well as paired
keywords. It is clear that for a single term query, different kinds of documents will be returned from
different subject areas. When two words are paired from the same source document (and hence more
likely to be from the same subject domain) are used as a search string, the results are a bit more specific
than the single search query.

3.2 Method overview:

We extracted the first ten and last ten words from each of the documents from the dataset based on
their GOW when arranged in descending order. Then we peformed the following tasks for each single
document as shown in the pseudocode:

for each KEYWORD
1. Query WSE with the KEYWORD
2. Get weblinks from the webpages
returned

3
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for each of these weblinks
3. Download the corresponding
webpages
for each of these webpages

4. Parse them and generate
their wordlist
5. Compute similarity with
original wordlist

end for
6. Calculate average of the values
of similarity

end for
end for

This is done for both the first set of words in the ranked list, as well as the last set of words. The
KEYWORD mentioned in the pseudocode is either a single term or the terms in pairs or the triplet of
those terms taken from the sets of first and last ten words of the document concerned respectively. For
the single term query, we directly used the selected words as WSE search queries. For the paired query,
we found all 45 combinations of the ten words from each set separately, and used two words at a time
as the WSE search string. But for triplets, we used 15 out of all the possible combinations of the triplet
to perform a small scale experiment to see how it varied from the single and paired queries. For each
query, we obtain a search page with the desired number of results. We then extracted web site addresses
from these results. The corresponding webpages are downloaded using the weblinks we extracted from
the WSE search results. These webpages are considered as the retrieved or found documents which are
then compared with the source documents (the document from which we extracted the single and paired
terms to carry out this experiment) to get the similarity.

The documents we obtained after the query were all processed by eliminating stop words, followed by
stemming, and we generated a unique word list for each of these documents.

3.3 Similarity measure for the documents:

In Sect. 2, we explained how we chose the wordlist from the source documents based on their GOW . Now,
in order to find the similarity between the original document and the corresponding found documents,
we compute a simple similarity model. Our basic consideration was to find how many words of the found
document matched with the original one. We used the binary match of the source word vector with the
(found document) target word vector to calculate the matches between the two documents.

Let WLori be the processed wordlist (a set of words) of a single original document having n number
of words in it. Let WLret be another processed wordlist (a set of words) obtained from the found pages
having m number of words. So, we calculate the similarity (SIM) by,

SIM(ori, ret) =
|(WLori ∩WLret)|
|(WLori)|

(3)

, where |(WLori ∩WLret)| is the number of words of the found document matching with the number
of words in the original document and |(WLori)| is the number of words in the original document. We
ignore the size of WLret, and consider only the n words of WLori.

The pseudocode below shows how we have performed this similarity calculation for a single original
document with all the found documents:

R = Total no. of found docs. for that original doc
for each found doc

1. calculte SIM(ori,ret)
2. SUM+=SIM(ori,ret)

end for
3. AVERAGE = SUM / R

Here, SIM is our similarity measure, SUM is the summation of the similarity value for all the found
documents with its corresponding original document and AV G is the mean of all these SIM values
respectively. This is computed for all the original documents individually.

4

31

Volume 10, No. 3 Australian Journal of Intelligent Information Processing Systems



Table 1: Number of documents collected from WSE by single query string for each document (G =
Google Y = Yahoo)

No. of weblinks WSE No. of docs

15 Y and G 2× 300 = 600
30 Y and G 2× 600 = 1200
50 only Y 1000

Table 2: Number of documents collected from WSE by paired query string for each document (G =
Google Y = Yahoo)

No. of weblinks WSE No. of docs

15 Y and G 2× 1350 = 2700
30 Y and G 2× 2700 = 5400
50 only Y 4500

4 Experimental results:

4.1 Data set:

This work is based on the analysis of single documents. We have collected the original documents from
a CST Radev et al. (2004) data set which comprises of 9 documents (D1, D2,...,D9) respectivly. These
documents are related to a Milan plane crash. In this part of the experiment, we have used Google
and Yahoo as a web repository of documents to establish the significance of this model. We retrieved
large numbers of documents from each of these search engines. As mentioned in Sect. 3, we used single
keywords, paired keywords and triplets in WSE as search string.

Keyword selection and data collection: We created three sets of data. Out of this, two of them are
studied in detail; one for single queries and another for the paired queries. The third one is a small data
set for the triplet queries. Again, we further subdivided each of these into two more sets, one related to
the first ten terms of each document and the other related to the last ten.

For the single queries for each document, we directly input the terms into the WSE one at a time,
and collected the top NUM weblinks from each of them. Then we downloaded those web pages as our
experimental data. The total number of documents collected per original document for both sets =
2 × 10 × NUM , where NUM is the number of weblinks considered each time for the experiment. For
Google and Yahoo, we have chosen NUM to be 15 and 30 respectively. Since, Yahoo supports more
documents to be retrieved, we used NUM to be 50 for a separate set of experiment with the Yahoo
found documents. The table 1 shows the number of documents collected for single search string query.

Hence, the total documents for whole data set for single query string = 9×(600+1200+1000) = 25200.
For, the paired queries, for each set of ten words (first and last) we found all possible combination

of the words. So, 10C2 = 45 query strings for each set respectively. Like in the previous case, for each
of these 45 queries, we again collected NUM weblinks each, where NUM is the number of weblinks
considered each time for the experiment. The total number of documents collected per original document
for both sets = 2× 45×NUM . The table 2 shows the number of documents collected for paired string
queries.

Hence, total number of documents collected for the whole data set using paired query string = 9 ×
(2700 + 5400 + 4500) = 113400.

Data processing: In the previous sections, we mentioned how we processed the data from the docu-
ments to generate unique wordlists for each document. We removed the stop words, removed unnecessary
charaters of length one and two and then stemmed the remaining words using Porter’s stemmer. For each
source document, we computed the similarity with the documents found using the WSE individually for
each group of NUM weblinks respectively. The pseudocode for the similarity was shown in the previous
section. Here all the experimental results are based on the average similarity of the documents considered
for each of the case studies.
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Figure 2: Number of words per document

Figure 3: Average Similarity Comparison for Google Search Results for Single Query

The Fig. 2 represents the distribution of the number of significant words in each of the documents
considered for this experiment.

4.2 Results:

In this subsection, we present the mean similarity value comparison of all the found documents with
respect to their original source. In all the figures, FT is the abbreviation for ”First Ten” and LT is the
abbreviation for the ”Last Ten” which represents the average similarity between the documents using the
FT KEYWORDS and LT KEYWORDS respectively.

4.2.1 Query Results with 15 found documents for each query:

In this section, we present the query results with 15 found documents for each query. We present both
nature of similarity obtained using the Google and Yahoo each time.

Single Query: Fig. 3 shows the average similarity comparison of the Google found documents with
the source documents for single query words and fig. 4 for Yahoo. In fig. 3, we can see that for documents
D8, D4, D7, D3, D2 and D1, the LT points are above the FT points, which deviate from our assumption
that the FT related documents will be more similar to the original documents. But in fig. 4 we found
only documents D4 and D1 did not fit our assumption. For this case the similarity value for the Yahoo
found data seem to be consistent than that of Google.

Paired Query: Fig. 5 and fig. 6 show the comparisons between the average similarity values for the
first ten and last ten groups of documents obtained by paired string query. The former is the illustration
of the Google found documents and the later is Yahoo. In both the cases, we find that the curve for
LT lies below FT except for document D4 in fig. 6, the graph for Yahoo, which violates our assumption.
Here, Google shows more consistent result than Yahoo. But the similarity values of Yahoo seem to be
higher than that of Google.
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Figure 4: Average Similarity Comparison for Yahoo Search Results for Single Query

Figure 5: Average Similarity Comparison for Google Search Results for Paired Query

Figure 6: Average Similarity Comparison for Yahoo Search Results for Paired Query
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Figure 7: Average Similarity Comparison for Google Search Results for Triplet Query

Figure 8: Average Similarity Comparison for Yahoo Search Results for Triplet Query

Triplet Query: Here we present the average similarity value of the of the sets of documents using
triplet queries in the search string. The amount of data used here is comparatively less. We used only
15 combinations out of all the possible combinations generated by the top ten words and another similar
set with the last ten and also used fewer documents from the data set. The main idea of this part of
this experiment is to observe the variation in nature of curves obtained with the increase in queries along
with the decrease in the retrieved documents.

The fig. 7 is the average similarity value for the document sets when retrieved from Google using
triplet query words. After decreasing the number of queries, as well as the documents, we found the
basic nature of the similarity curve remained unaltered. The curve for the first ten is above last ten
consistently throughout, showing relevancy in our ranking.

In fig. 8, we find similar results for the Yahoo retrieved data. Here, like the other previous Yahoo
results, the D4 on LT curve is different. In this figure also, the pattern of the curve is almost similar,
just variation in the average similarity values due to the decrease in the amount of experimental data.

4.2.2 Query Results with 30 found documents for each query:

Like the previous section, we present here the results when 30 documents were found for each queries.
Here also, the experiment is done for both Google and Yahoo respectively.

Single Query: Fig. 9 and fig. 10 depict the corresponding average similarity value comparison for
single queries for Google and Yahoo found documents respectively. In fig. 9, the points for documents
D8, D7, and D4 of the LT curve lies above FT. D2, D3, D6 of LT curve are almost at the same position
of FT, which shows that there is not much difference in the results of the two. The distinction between
the FT and LT is not that obvious here for Google found documents. Now, for fig. 10, except for D4 and
D1 of LT curve, all are below the FT curve. This result is more like our assumption. Here, in this case
also, like the 15 found document experiment, the results for yahoo seems to be more consistent for the
single query than that of Google.

Paired Query: Fig. 11 and fig. 12 show the comparisons for the paired search string results. The
former one is for Google and the later is the Yahoo one. For, fig. 11, the FT curve is above the LT
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Figure 9: Average Similarity Comparison for Google Search Results for Single Query

Figure 10: Average Similarity Comparison for Yahoo Search Results for Single Query

curve, which reflects that the documents retrieved using the top ranked words closely resemble the source
documents than the last ranked terms. The Google results are consistent and validates our assumption.
For fig. 12, expect for the document D4 of the LT curve, all the points lie below the FT curve. The result
here is consistent as usual but not as accurate as Google in this case as shown in fig. 11.

Difference in result of two WSE: We have carried out similar experiments with both Google and
Yahoo with the same sets of search query strings. The results obtained varies in their consistency and
accuracy. The figures 3 to 12 illustrates the results at different condition. It can be clearly seen from the
above graphs that the average similarity results for Yahoo is more accurate and consistent than Google
for the single search strings. For paired results, however, Google is better as per as accuracy is concerned,
though the average similarity values are more for Yahoo then Google. Except for document D4 of LT
curve, Yahoo has maintained a consistent result in this case also. In case of triplet query words, Yahoo
as well as Google shows a similar pattern with that of the paired results. Here, the triplet has just been
introduced with a small amount of data just to provide a test case of variation of query strings and its
impact on similarity value. We can not infer the cause of variation provided by these WSE results. But

Figure 11: Average Similarity Comparison for Google Search Results for Paired Query
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Figure 12: Average Similarity Comparison for Yahoo Search Results for Paired Query

Figure 13: Average Similarity Comparison for Yahoo Search Results for Single Query

we can assume that due to the variation of indexing and ranking techniques the nature of results are
different even for the same set of data.

4.2.3 Query Results with 50 found documents for each query:

In this section, we present the results obtained by Yahoo WSE only. Due to restrictions of Google
APIs, we were unable to collect the weblinks for more than 30 per query string. This section is mainly
included to show the impact of variation of number of documents on the similarity value with the source
documents.

Single Query: Fig. 13 represents the results for single search query. Here, except for the documents
D4 and D1 of LT curve, all lie below FT curve. It is seen that the result improves with the increase in
number of documents. Though in fig. 4 and fig. 10, the documents D4 and D1 of LT curve deviate from
our assumption in the same way as in fig. 13, but the overall average similarity value improved. Thus
the basic pattern of results did not vary with the increase in number of documents.

Paired Query: Now, fig. 14 shows the result for the paired query string. Here, except for the point D4
on LT curve, all the others are below FT. Like the single query results for this case, here also the patterns
of the graphs plotted are not altered with the change in number of documents. Like the previous cases
like 15 documents, as well as 30 documents, D4 of LT curve deviated from our usual assumption. Here
only the average similarity value is changed with the increase of the documents.

5 Comparison Between Rank of Terms Obtained by GOW and
TFISF:

In this section, we compare the ranks obtained using GOW and TFISF respectively. In sect. 4, we have
shown our data collection and evaluation of our method using the WSEs. Now, for this part of the
analysis, we have also used the web collected data for the evaluation of the ranks found using these two
models.
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Figure 14: Average Similarity Comparison for Yahoo Search Results for Paired Query

Table 3: Top word ranks by different methods of single query (Columns 2 to 5 represent the ranks):

Words GOW TFISF Y G

building 1 2 3 7
com 2 3 10 6
plane 3 4 1 9
italy 4 6 4 10
italian 5 7 7 4
pirelli 6 8 9 1
scene 7 9 5 8
skyscrapper 8 10 2 5

5.1 Method in a nutshell:

We have used the web collected data from sect. 4. We prepared six sets of data (three from Google found
data and the other three from Yahoo found data), two sets each for single query and paired query for the
first ten word ranked list, and the remaining two from the last ten ranked words. Then, we calculated
the average similarity of the original document with the found documents for each of the KEYWORDS
and used these values to rank the word list. After this, we computed the mean squared error between
the WSE obtained rank and term significance models individually for each of these data sets considered.

Results for single query words: We found the mean squared error for both the ranks obtained with
Google and Yahoo ranked words with our model GOW higher than TFISF.

Table 3 shows the ranking of words using the different methods, and table 4 shows the mean squared
error between pairs of these methods for the top ranked words. It can be seen that that MSE for Yahoo
obtained rank (Y) and GOW and Y and TFISF are same indicating that the rank is pretty similar.
Again, MSE for Google obtained rank (G) and GOW shows that it is better than G and TSISF. Table 5
on the other hand shows the same MSE for Y, GOW and Y, TFISF. A similar pattern is noticed for the
MSE values of G,GOW and G, TFISF. This shows that rank list is same for the bottom ranked words
using these two models, GOW and TFISF.

Results for paired query words: In sect. 4, we have shown that the results for paired query terms
are better than the single query terms in terms of retrieving the documents from WSEs. So, we have
done some simple calculations for getting the ranks of the words from the paired query average similarity
results. Initially we had the average similarity value for each of the paired query words (e.g. plane+pirelli,
pirelli+skyscraper etc 45 unique word pairs). We ranked them according to their average similarity value

Table 4: Comparison between Mean Squared Error (MSE) for the top ranked words of single query(Y:
Yahoo, G: Google):

MSE Y,GOW Y,TFISF G,GOW G,TFISF

1.58 1.58 1.91 1.97
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Table 5: Comparison between Mean Squared Error (MSE) for the last ranked words of single query(Y:
Yahoo, G: Google):

MSE Y,GOW Y,TFISF G,GOW G,TFISF

1.32 1.32 1.40 1.40

Table 6: Top word ranks by different methods of paired query (Columns 2 to 5 represent the ranks):

Words GOW TFISF Y G

building 1 2 6 7
com 2 3 10 9
plane 3 4 2 2
italy 4 6 4 3
italian 5 7 5 8
pirelli 6 8 3 6
scene 7 9 8 4
skyscrapper 8 10 1 1

from 1 to 45. We obtained their individual significance by averaging the ranks of the pairs in which they
occur. Thus we obtained a separate rank for the single terms of paired queries.

The table 6 shows the ranking of the words obtained by different methods when considered the data
for paired query. The table 7 illustrates the MSE obtained when taken each of the methods at a time.
The result for Y and G are consistent. Our method is even better when the retrieval ranks are compared
using the WSE, as shown by the MSE.

6 Conclusion:

In this work, we have introduced an approach to evaluate term significance algorithms using web search
engines. A model, Gain Of Words (GOW), a term significance model, is presented which works on single
documents. It is based on the syntactic appearances of the terms or words in a single document and can
be used for extraction of significantly relevant words from the document. Be it for search, or for simply
associations between terms, the role of significant terms play a very important role. Here we have also
presented another term weighting model called Term Frequency Inverse Sentence Frequency (TFISF),
using which terms are extracted and ranked based on their significance and then compared with GOW’s
results. Ranks of the words produced by GOW is similar but better than TFISF. In order to further
validate our term significance model, GOW, we have used two web search engines: Google and Yahoo to
retrieve documents based on the first and the last ten words ranked by GOW. The experimental results
have shown that the similarity of the search results to the original documents for the first ten words of
the documents are better than the last ten. For the single query, Yahoo supports this fact better than
Google. But this is particularly clear for paired queries as well as the triplet query results where Google
provides more accurate result than Yahoo. Through both of these WSEs, it can be seen that the result
supports our assumption that our ranking is meaningful, hence these results indicate that our technique
works, as the first ten words are better than the last ten in finding similar documents on the web.

Table 7: Comparison between Mean Squared Error (MSE) for the top ranked words of paired query(Y:
Yahoo, G: Google):

MSE Y,GOW Y,TFISF G,GOW G,TFISF G,Y

1.43 1.89 1.65 1.96 1.08
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Abstract. This paper's intention is ro adapt prediction 
algorithms well known in the field of time series analysis 
to problems being faced it] thefield of mobile robotics arld 
H~iman-Robor-Iftteroction (HRI). The idea is to predict 
movement data by understanding it as  time series. The 
prediction takes place with o black box model, which 
means that no frirther blowledge on motion dynamics is 
used then the post of the trajectory itse[f: This means, rhe 
suggested approaches are able to adapt ro different 
situations. Several state-of-the-art olgorirhms such as 
Local Modeling, Cluster Weighted Modeling, Echo State 
Networks and Autoregressive Models are evaluated ortd 
compared. For experiments, real movement trajectories of 
a htiman are used. Sirlce mobile robots highly depend on 
real-time application, computing time is also considered. 
Experirnerrts show that Echo State Nenvorks and Local 
Models show impressive resulrs for long term motion 
prediction with apredictiorl horizon of up to eight seconds. 

1 Introduction 
For autonomous social robots, Like SCITOS [3], it is 
important to predict their own movement as well as the 
motion of people and other robots in their environment, for 
example to avoid collisions or to interact with moving 
people. Hence, further actions can be planned more 
efficiently. Most approaches in this field focus on optimal 
navigation strategies [6], [5 ] .  This paper suggests spending 
more effort into prediction of the motion of the moving 
objects instead. Often, only linear approximations or linear 
combinations are used to solve this problem. 
First of all, to he able to peform an adequate navigation, it 
is necessary to know the past motion trajectories of the 
surrounding dynamic objects. For simplification, a tracker 
is assumed, which is able to provide such trajectories in 
real-time. Scheidig [7] , for example, presents a person 
tracker, which provides the person's position and her 
motion trajectory projected onto the ground plane. 
Furthermore, it is possible to use a system tracking each of 
the person's limbs. This results in a complex trajectory in 
3D space as it is shown in Figure 2. In both cases, the 
given trajectory of the motion can be interpreted as a time 
series T with values c, for time steps 69 869&%%3BS: 7 8 8 

s( t )  observed t r a j ec to ry  

I 1 t r a j ec to ry  
. 3 ,  

v b t  
C 

Figure 1: The observed trajectory (green) is to be 
predicted (red) for up to 500 time steps (about 8.3 sec. at 
60 Hz). This is achieved only by exploiting the past 
trajectory's characteristics using a window (yellow) of 8 
points equally spaced with interval 8 .  

For applying these approaches with the described scenario, 
it is necessary that the algorithms fulfill some constraints 
for online application. First of all, calculation time is an 
important criterion. But, since most of the approaches rely 
on the trajectories' past, it has also to be considered, how 
much data is needed to generate a useful prediction. 
Observing a person for several seconds before being able 
to predict her motion, doesn't seem to be applicable. This 
problem is also discussed in the experiments, but the focus 
is to the prediction qualitiy. 
The next section introduces our time series analysis 
approach to mobile robotics and HRI. Furthermore, the 
techniques are discussed, which are chosen to be tested. 
Section 2.1 discusses Echo State networks, which build 
their prediction by use of a randomly c o ~ e c t e d  hidden 
layer, which is iteratively fed by the past trajectory points. 
Autoregressive Models from section 2.2 assume a linear 
relation in the time series which means that any time series 
value can be determined by using a linear combination of 8 
previous values. Local Models try to find similar states of 
the observed trajectory (see Section 2.4). Similar to Local 
Models are Cluster Weighted Models (Section 2.5). 
However, for this approach the state space is clustered. In 
section 3 the comparing experiments with their conditions 
and results are presented, while the paper is concluded in 
Section 4. 

8Cg&#8.. 
For predicting the data coming from the tracker, an 2 Time Series Prediction 
assortment of time series analysis algorithms has been Our approach aims at the interpretation of movement data 
implemented and comparatively tested. as time series to perform a long-term prediction. Within 

the field of time series analysis, a variety of algorithms 
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