
 

 

  
Abstract—Visual attention allows user to select the most relevant 

information to ongoing behaviour. This paper presents a study on;  i) 
the performance of people measurements, ii) accurateness of people 
measurement of the peaks that correspond to chemical quantities 
from the Magnetic Resonance Spectroscopy (MRS) graphs and iii) 
affects of people measurements to the algorithm-based diagnosis. 
Participant’s eye-movement was recorded using eye-tracker tool 
(Eyelink II). This experiment involves three participants for 
examining 20 MRS graphs to estimate the peaks of chemical 
quantities which indicate the abnormalities associated with 
Cerebellar Tumours (CT). The status of each MRS is verified by 
using decision algorithm. Analysis involves determination of 
humans’s eye movement pattern in measuring the peak of 
spectrograms, scan path and determining the relationship of 
distributions of fixation durations with the accuracy of measurement. 
In particular, the eye-tracking data revealed which aspects of the 
spectrogram received more visual attention and in what order they 
were viewed. This preliminary investigation provides a proof of 
concept for use of the eye tracking technology as the basis for 
expanded CT diagnosis. 

  
Keywords— eye tracking, fixation durations, pattern, scan paths, 

spectrograms, visual. 

I. INTRODUCTION 
HE need to understand how people acquire information 
from pictures-radiographs, maps, charts, photographs, 

drawings, and other static images can be an important 
component in understanding, aiding, and eventually 
automating a wide range of diagnostic tasks [1,2,3]. 
Individuals differ from one another in their success at 
identifying disease from medical data; for example, using 
Magnetic Resonance Spectroscopy (MRS) to measure the 
relative quantities of chemicals present in the brain and 
applying these estimated quantities to a decision algorithm, 
gives an indication of the presence and type of a Cerebellar 
Tumour (CT). In this study, the investigation is conducted by 
using an eye-tracking system to investigate people 
measurement performance and explore how accurately people 
measure the peaks on the MRS graphs that correspond to 
chemical quantities. 
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A. Background 
Decision algorithms are devised to assist CT diagnosis 

during inspecting MRS graphs. An example of an MRS graph 
is given in Fig. 1, showing peaks for the constituents of 
interest. 

 
Fig. 1 An example of an MRS graph showing the relative quantities 
of Choline (Cho), Creatine (Cr), N-acetyl aspartate (NAA) and 
Inisitol (INS) as spectra peaks 

 
After measuring the peaks, a decision algorithm (Fig. 2) can 

be applied which requires quality control checking to 
determine the suitability of MRS. If the MRS graph is satisfy 
the quality control criteria, the ratios of the constituent peaks 
can be calculate in order to select the diagnosis. 

II. METHOD 
 Experiments were designed and built using SR Research 

Experiment Builder [4]. During the experiment, the 
participants were seated directly in front of the display 
monitor. The position of gaze was recorded at 50 ms intervals. 
Their viewing distance was approximately 45.7cm from the 
screen. Then, they were requested to look at the spectrograms 
and estimated peaks of Inositol(Ins), Choline(Cho), Creatine 
(Cr) and amino acid N-acetyl aspartate (NAA).Two 
experiments were performed, first with synthetic graphs and 

A Study of Visual Attention in Diagnosing 
Cerebellar Tumours  

Kuryati Kipli1, Kasumawati Lias, Dayang Azra Awang Mat, Al-Khalid Othman,                    
Ade Syaheda Wani Marzuki, Nurdiani Zamhari 

Department of Electronic Engineering, Faculty of Engineering,  Universiti Malaysia Sarawak 
94300 Kota Samarahan, Sarawak, Malaysia 

 

T 

World Academy of Science, Engineering and Technology
International Journal of Biomedical and Biological Engineering

 Vol:3, No:11, 2009 

348International Scholarly and Scientific Research & Innovation 3(11) 2009 ISNI:0000000091950263

O
pe

n 
Sc

ie
nc

e 
In

de
x,

 B
io

m
ed

ic
al

 a
nd

 B
io

lo
gi

ca
l E

ng
in

ee
ri

ng
 V

ol
:3

, N
o:

11
, 2

00
9 

pu
bl

ic
at

io
ns

.w
as

et
.o

rg
/1

32
08

.p
df



 

 

second, using MRS graphs. The graphs are displayed using 
standard monitor resolution  pixels. 
 

 
Fig. 2 The CT decision algorithm employed in this study. Three 
possible diagnosis arise from calculating the ratios of NAA,Cr,Cho 
and Ins quantities - Grade 1 Astrocytoma; Medulloblastma; 
Ependymoma 
 

A. Experiment 1: Synthetic graphs  
Four people were requested to measure the peaks of 

synthetically generated waveforms on graphs as shown in Fig. 
3. There are 66 peaks estimated on a total of 30 graphs. This 
experiment conducted to determine whether there is a 
between-person trend of over and/or underestimation. 

 

. 
Fig. 3 Example of one of the 30 synthetic graphs used for  
Experiment 1 
 

B.  Experiment 2: MRS graphs  
Twenty MRS graphs were viewed by three participants in 

this experiment. An example of an MRS graph was given in 
Fig. 1. The result will proof whether the tendency of over 
and/or under estimation observed in Experiment 1 is also 
evident for MRS graphs. The affects of CT diagnosis using 
the algorithm given in Fig. 2. are being analyzed. 

III. RESULTS/DISCUSSIONS 

A. Experiment 1: Synthetic graphs  
From Experiment 1, all participants made errors in 

overestimation and underestimation when measuring the 
peaks on the synthetic graphs. Fig. 4 shows the difference 
between measured and estimated value for each participant. 
Mean, median and variance of each person’s errors are being 
shown in Table 1. 

 

. 
Fig. 4 Errors in estimated value for four people (the actual and 
estimated values are normalised against the actual value between -1 
and 1) 

 
TABLE I  

SUMMARY OF ESTIMATION ERRORS FOR THE FOUR PARTICIPANTS 
 Person 
 1 2 3 4 

Mean 
error -0.0332 0.0027 -0.0203 0.0310 

Median 
error -0.0220 0.0028 -0.0195 0.0242 

Variance 0.0036 0.0022 0.0017 0.0078 
 

Further analysis revealed that people consistently 
overestimate and/or underestimate values as illustrated in Fig. 
5. It is shown that Participant 2 resulted in both 
underestimated and overestimated errors. While Participant 
Participant 1, Participant 3 and Participant 3 resulted in  
underestimated errors and overestimated errors, respectively. 
One-way analysis of variance (ANOVA) revealed that the 
differences between the people’s mean estimation errors was 
significant (p<2.6e-8 n=66). The distribution of errors for all 
people approximated the normal distribution, passing the 
Shapiro-Wilks test for composite normality at p<0.05. 
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Fig. 5 Box plot showing the distribution of the estimation errors for 

the four people 
 

B.  Experiment 2: MRS graphs  
The aim of Experiment 2 is to see whether the effect of 

consistent overestimation and/or underestimation of reading 
peaks on graphs would applied on reading the peaks from 
MRS graphs. Fig. 6 shows the difference between measured 
and estimated value for each participant and Table II presents 
the mean, median and variance of each participant’s  errors. 
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Fig. 6 Errors in estimated value for three people (the actual and 
estimated values are normalised against the actual value between -1 
and 1) 
 

 TABLE II 
SUMMARY OF ESTIMATION ERRORS FOR THE THREE PARTICIPANTS 

 Person 
 1 2 3 

Mean error 0.022875 -0.019125 0.00275 
Median error 0.01 -0.02 0 

Variance 0.010957 0.0168562 0.00655 
 
 In addition, it was observed that the effect of consistent 
overestimation and/or underestimation of reading peaks on 
graphs are also applied when reading the peaks on MRS 
graphs as demonstrated in Fig. 7. Participant 3 resulted in both 
overestimated and underestimated errors, while Participant 1 
and Participant 2 resulted in overestimated and underestimated 
error, respectively. ANOVA result revealed that the 
differences between the people’s mean estimation errors was 
significant (p<1.51e-2 n=80). 

 
Fig. 7 Box plot showing the distribution of the estimation errors for 
the three people 
 

C. Eye-Movement pattern: Scan Path 
 Fig. 8, Fig. 9 and Fig. 10 showed the eye-movement pattern 
of all participants in Experiment 2. As indicated in these 
figures, it is observable that there are several areas of interest 
on the spectra which are the area of Y-axis and peaks of Ins, 
Cho, Cr and NAA. There were obvious back and forth eye 
movements between Y-axis and the target peaks area and 
between peak to peak. It is also noticeable that there are 
similarities in their eye-movement pattern. However, the level 
of scan paths consistency are varied. Participant 3’s  eye-
movement showed more consistent movement while the other 
two participant s indicate a high degree of variability in scan 
paths. 

 

 
(a) 

 
(b) 

Fig.8 (a) and (b) Fixation plot showing the scan paths for Person 1 
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(a) 

 
(b) 

Fig.9 (a) and (b) Fixation plot showing the scan paths for Person 2 
 
 

 
(a) 

 
(b) 

Fig.10 (a) and (b) Fixation plot showing the scan paths for Person 3 

D. Mean Fixation Duration 
 The  pattern of frequency distribution of fixation durations 
between individuals are not significant as illustrated in Fig. 
11(a), (b) and (c) . All participants showed maximum fixation 
duration at 200 msec while minimum fixation durations are 
typically >200 msec. Overally, 31% of the fixations in these 
trial were ≤166msec. These results are acceptable because we 
expect that the participants have recorded shorter fixations on 
later trials after they were more familiar with the task and 
displayed images [5]. 

 

 
Fig. 11 (a). Frequency Histogram of fixation durations for Person 1 

 

  
Fig.11 (b). Frequency Histogram of fixation durations for Person 2 

 

  
Fig. 11(c). Frequency Histogram of fixation durations for Person 3 

 
 Table III demonstrated mean fixation duration of the three 
participants. From the table, mean of fixation durations of 
Person 3 was the lowest with 229 millisecond while Person 2 
and Person 1, 332 millisecond and 253 millisecond 
respectively. From this result, we identified that different 
individuals performed different duration of times for 
estimation analysis. Some people needed shorter times in 
comparison with others. This could be related with their level 
of experience in reading MRS graphs.  
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TABLE III 

MEAN FIXATION DURATION 
 Person 1 Person 2 Person 3 

Mean fixation 
duration (msec) 253 332 229 

 

E. Algorithm-based Diagnosis 
 Further analysis on Experiment 2 was carried out to 

investigate the effects of accuracy and eye-movement to the 
algorithm-based diagnosis. Fig. 12 shows the percentage of 
accurate diagnosis from 20 MRS graphs displayed by three 
participants. This result demonstrated good correlation with 
analysis of estimation errors, scan path and fixation duration. 
Participant 3 who had scored the lowest errors estimation (as 
illustrated in Fig. 7 and Table II) with consistent scan path and 
lowest mean of fixation duration made 95% of accurate 
diagnosis while Person 1 with highest errors made the lowest 
accurate diagnosis. From the results, we discovered  that the 
accuracy of algorithm-based diagnosis does depend on 
accuracy of the MRS estimation. 
 

Diagnosis Results
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Fig. 12 Percentage of accurate diagnosis 

IV. CONCLUSION 
From this study, fundamental understanding of people’s 

visual attention when examining the MRS graphs was 
obtained. The study shows that individuals differ from one 
another in their success in identifying disease from medical 
data and has tendency in making estimation errors such as 
underestimating  or/and overestimating the peaks  from the 
graphs. The results also proved that familiarity with MRS 
reading can be an important factor toward good estimation 
performance. Furthermore, the accuracy of algorithm-based 
diagnosis does depend on performance of MRS graphs 
measurement. Good measurement performance leads to a 
better accurateness of algorithm-based diagnosis. A clearer 
understanding of the people visual attention will help to 
improve the spectra interface display hence making MRS 
reading task more accurate. 

Nevertheless, it is tempting to speculate on the potential 
usefulness of these preliminary results if verified by larger 
samples. More data shall be gathered to investigate estimation 

error relationship with skills level of individual. The results 
will be presented by relating the eye tracking data such as 
fixation duration and dwell time with the performance of 
individual. In order to get a full understanding of how people 
look at MRS graphs, not only the unconscious eye movements 
but also participants comment and explanation are needed for 
analysis, methods such as speech recording are necessary. 

ACKNOWLEDGMENT 
This research work is supported by Universiti Malaysia 

Sarawak (UNIMAS) grant NF(F02)/87/2009(47). The 
research work was carried out at Faculty of Engineering, 
UNIMAS.  

REFERENCES   
[1] Preston K., White, Jr, Hutson T. L., and Hutchinson T. E. (1997) 

“Modeling Human Eye Behavior during Mammographic Scanning: 
Preliminary results”, IEEE Trans. Syst., Man, Cybern. A, Vol. 27(1997), 
pp. 494–505. 

[2] Beard DV, Johnston RE, Toki O, et al.(1990) “A Study of Radiologists 
Viewing Multiple Computed Tomography Examinations using an 
Eyetracking Device”, J Digit Imaging ; 3:230–7. 

[3] Ellis S.M, Hu X.P, Dempere-Marco L., Yang G.Z, Wells AU & Hansell 
D.M. (2006) “Thin-section CT of the Lungs: Eye-tracking analysis of 
the Visual Approach to Reading Tiled and Stacked Display Formats”. 
Eur J Radiol, Vol 2006;59(2): pp 257-64. 

[4] EyeLink II User Manual version (1/10/2005) © 2002-2005 SR Research 
Ltd. http://www.eyelinkinfo.com 

[5] Xu, A. (2000) “Eye Tracking Study on Identifying and Analyzing User 
Behavior - Eye Movements, Eye Fixation Duration and Patterns - When 
Processing Numeric Table Data in Paper or PDF Format”, School of 
Information and Library Science, UNC-CH, November, 2000. 
http://ils.unc.edu/idl/details/AirongXu.pdfW.-K. Chen, Linear Networks 
and Systems (Book style). Belmont, CA: Wadsworth, 1993, pp. 123–135. 

[6] Brennan P, Silman A (1992) “Statistical Methods for Assessing 
Observer Variability in Clinical Measures”, BMJ 1992;304:1491–4. 

[7] Casali, J.G. and Gaylin, K.B (1988) “Selected Graph Design Variables 
in Four Interpretation Tasks: A Microcomputer-based Pilot Study”, 
Behaviour & Information Technology. 7-1 pp31-49. Taylor and Francis 
1988. 

[8] Dempere-Marco L., Hu X-P., MacDonald S. L. S., Ellis S. M., Hansell 
D. M. and Yang G-Z (2002) “The Use of  Visual Search for Knowledge 
Gathering in Image Decision Support”, IEEE Transactions on Medical 
Imaging, Vol. 21(7)(2002), pp. 741-754. 

[9] Hu X-P., Dempere-Marco L.  and Yang G-Z.(2003) “Hot Spot Detection 
Based on Feature Space Representation of Visual Search in Medical 
Imaging”, Proceedings of the 4th Annual IEEE-EMBS Information 
Technology Applications in Biomedicine 2003 (ITAB 2003), pp. 261-
264, 24-26 April 2003. 

[10] Hu X-P., Dempere-Marco L.  and Yang G-Z. (2003) “Feature Based 
Visual Search Analysis in Medical Image Understanding”, Proceedings 
ECEM12, 20-24 August 2003, Dundee, Scotland, UK.  

[11]  Itti, L., Koch, C.(2001) “Computational Modeling of Visual Attention”, 
Nature Reviews Neuroscience, Vol. 2 (March, 2001), No. 3, pp. 194-203, 
Mar (2001)  

[12] Navalpakkam V. , Arbib M.A & Itti L. (2005) “Attention and Scene 
Understanding” Neurobiology of Attention, pp. 197-203, San Diego, 
CA:Elsevier, 2005. 

World Academy of Science, Engineering and Technology
International Journal of Biomedical and Biological Engineering

 Vol:3, No:11, 2009 

352International Scholarly and Scientific Research & Innovation 3(11) 2009 ISNI:0000000091950263

O
pe

n 
Sc

ie
nc

e 
In

de
x,

 B
io

m
ed

ic
al

 a
nd

 B
io

lo
gi

ca
l E

ng
in

ee
ri

ng
 V

ol
:3

, N
o:

11
, 2

00
9 

pu
bl

ic
at

io
ns

.w
as

et
.o

rg
/1

32
08

.p
df




