we want to describe first of all these short gazes, it would be more useful to try to find a fitting function of
frequency histogram, which more common and more convenient for statisticians anyway. But we have to keep
in mind that it underestimates the importance of long gazes, which are more important for marketing point of
view.

As a fitting function, we used exponential distribution, which has just one (!) parameter, which
corresponds to the slope of sorted gazes and fitted by least squares method. For every frequency vector we find

minimal residuum R?, using Excel's solver.

— A%

:Z—/l* :Z— 222( - )2

Picture — Equations used to fit frequency tables

means expected value, observed value, residuum, is number of coding steps, frames, Euler number,
frequency (count of gazes) with a particular duration .

2. Study 1 - gazes on product fields of a grocery catalogue
2.1 Methodology and data acquisition

We took simpler example for this case and namely two middle pages of grocery catalogue of Czech
Penny market with evenly spaced product in 6*4 grid and only one headline (46) of an area of 3 fields of the

grid. We will call these fields codes with respective number according following table:

1 2] 3| 4
5/ 6/ 7] 8
9[10/11]12
13[14/15|16
17]118[19]|20
21]22|23|24

Picture — Tested material and map of codes




Seven female consumers were presented bulk of advertisement materials with an instruction: “Go through
it, as if you were at home.” Their eye behavior was recorded by head mounted eye tracker ASL 4000 and
digitized to MPG files (25 frames per second; 1 frame = 1 coding step).

Eye behavior was carefully coded by keeping following rules in dubious cases (edges, lines between
products):

1) Keep current code until it is clear that cursor has moved to another code, area.

2) With saccades to dubious place, decide according subsequent movement.

We get 848 codes including nondef (59) and fault (47) codes. We excluded all gazes (72) from
consequent analysis, those duration might be effected by neighboring fault, i.e. missing signal of eye-tracker.
There remain 670 codes that were analyzed.

Count 670 Sum 5731 Mean 855 SD 10.51 (in steps 0,04s)
We are aware that coding procedure biases the shortest gaze duration that way, that is can include also

gazes that were shorter then one step. Coding procedure can capture passing gazes that at the particular coding

were shorter time than 0,02 s, but the signal of eye-tracker reports gaze at the particular code.

>

An arrow is a short saccade (<0,02s) over pictures of three products, unfortunately the coding procedure
captured the gaze in the moment when it was flying over the middle, least important square. This way is
number of shortest gazes overestimated. But we did not exclude these numbers from analysis, as it is a well-

defined bias at the very beginning of fitting curves.

2.2 Data fitting

We can fit all acquired data, a particular test person or a particular product with described fitting function.
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Picture — Frequency charts with fitting curves

All three charts have duration of a gaze on x-axis and number of gazes on y-axis. There are all data on the first
chart, seventh test person on the second and first product on the third chart. We see that for all test-person is
fitting quite well, as there are not missing gaps in duration. The decreasing probability is depicted as growing
gaps between teeth in the sparse chart of the product. We should have on mind that we are trying to fit discrete
numbers with continuous curve.

R2 Lambda

All data 0,0050 0,170
7th test person 0,0076 0,160
1st product 0,0493 0,096
Test person R2 Lambda

1 0.021 0.21

2 0.035 0.17

3 0.011 0.18

4 0.009 0.19

5 0.041 0.18

6 0.015 0.13

7 0.007 0.16

P AP A P A P A P AP A
0.1 8 028 15 053 22 0.13 29 0.09 36 021 43 0.08
0.14 9 0.14 16 025 23 0.09 30 0.27 37 041 44 0.16
022 10 0.19 17 0.1 24 0.12 31 0.19 38 0.1 45 0.05
021 11 024 18 0.18 25 0.07 32 0.18 39 023 46 0.27
026 12 0.17 19 0.08 26 024 33 0.14 40 0.18

025 13 0.16 20 0.23 27 025 34 0.18 41 0.12

0.14 14 0.11 21 0.33 28 0.08 35 0.18 42 0.07

>
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3. Study 2 - difference between left and right pages
3.1 Methodology and data acquisition

We took much codes with much bigger area than were a product field in previous example, namely whole
pages in Czech grocery store Hypermarket. We changed also a coding step, from 0,04 to 0,2 seconds. There
were only three test persons, again customers of the store. The catalogue pages looks similar to previous
catalogue Penny Market, there was no remarkable difference in layout at right and left pages. We coded them to

acquire the difference in gaze distribution between left and right middle pages.



Left page is
supposed to have
less people's

considered to
better for

Right page

be

attention advertising in
(cheaper for marketing
advertizing) (higher prices)
Person | Left | Right | Sum | Person | Left | Right | Count| Person | Left | Right |Average
page | page page | page page | page
1 26,2 | 21,6 | 47,8 1 56 47 103 1 0,47 0,46 0,46
2 26,4 | 18,8 | 45,2 2 49 42 91 2 0,54 0,45 0,50
3 20 21 41 3 51 58 109 3 0,39 0,36 0,38
Sum | 72,6 | 61,4 | 134 | Count | 156 147 303 JAverage| 0,47 0,42 0,44
3.2 Data fitting
We fit the data using the same methodology as before.
All data fit, Left page, Right page
Test persons: 1,2, 3
R> | Lambda
All data 0.0021 0.66
Right page| 0.0044 0.72
Left page | 0.0018 0.60
TP1 0.0029 0.73
TP2 0.0081 0.46
TP3 0.0046 0.82

Average Lambda either of pages or test persons is equal to lambda of all data.

4. Modeling data

We can also take a fitting curve as model of gaze duration distribution for various lambdas.

(-A*d)

duration [steps] q=e pP=q/Zq ng=p.N |rounded n4
1 0,843 0,156 104,819 105
2 0,711 0,131 88,420 88
3 0,600 0,111 74,587 75
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0,506

0,093

62,918 63

A=0,1701

>q= 5,391

>p=1

N=670

Picture — Table modeling frequencies of gazes for particular lambda and number of gazes

The table shows how modeled data were generated according to rounded ng and particular duration.
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Picture — Rank chart for different lambda

All three charts have duration of a gaze on x-axis and number of gazes on y-axis. There are all data on the first
chart, seventh test person on the second and first product on the third chart. We see that for all test-person is
fitting quite well, as there are not missing gaps in duration. The decreasing probability is depicted as growing
gaps between teeth in the sparse chart of the product. We should have on mind that we are trying to fit discrete

numbers with continuous curve.
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Picture — Rank charts comparing modeled and observed data

The logarithmic and normal axis views show that disparity between modeled and observed data is mostly in

long gazes, which was expected.

We get a disparity in long duration by comparing modeled data with observed ones. Area of the different

can be reasonably ascribed to reading processes, which got involved in longer duration. Sum of this reading

time is 1550 steps, i.e. 8,9s per person. So we can assume that a test person spent 4,5 second per page by

reading and higher level processes.



5. Discussion

5.1 A visual target like a collector of information
We talked mostly about how to fit measured data up to now. Let's turn our attention to a consideration,

why the data have such distribution. Human visual system has evolved to maximize it efficiency in gathering
information despite the very limited capacity and resources it posses.

We know that there is a low lever timing process, which generates an impulse for a saccade three times
per second in average. It can be temporarily suppressed by will but not for long time. This process can have an
analogy in a bouncing ball. A brain collects a chunk of an information every jump. These physiological
fixations have more or less normal distribution. Let's go on with our analogy with a ball. A basketball player is
not free whether he can dribble a ball or not, he had to follow given rules, but he is allowed to decide whether
he will dribble on his left or right side. The similar way, a brain can freely decide how much it will dribble
fixations on a particular target, and we saw it takes place in some exponential way. What optimal, resources
sparing strategy is behind?

Let's think about a target as a collector of information with limited capacity. This capacity is possibly not
emptied in linear way. We can easy collect some elementary information just by a single fixation (color,
possible orientation of a paper) but it takes much more time to process the rest of information and the time must
be prolonged to get equivalent amount of information. Let's take a model a discharging a capacitor from

electronics and apply it on our visual target. Voltage is equivalent to information load.
. Axti
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Picture — Rank charts comparing modeled and observed data

If the visual target is like a capacitor, than a human brain cannot extract information in linear way. There are
still some possible other information but it is more and more time consuming to get it. The chart on the right
shows how time increase that is necessary to get another 5 % of information with lambda=0,2. We can see that
around 5 time steps are sufficient to get 50 % of information with given lambda.

If a brain wants to sustain constant information flow from particular gaze at a target, it must prolong

duration of gaze in a logarithmic way. This prediction is in accordance with observed data.

5.2 Ideal observer and multiple targets
If a test person were presented multiple target material, it would be not an optimal strategy to stay on a

one target for longer time. On contrary, it is more advantageous to run in a quite fast tempo through many

targets, as he can get 20 % of information from every target just during an only one visit. Collected information
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is concurrently evaluated during these first brief visits. An evaluation could be a factor weighting remaining
information on the particular target. It is important to realize, that lambda is a constant that describes, how easy

the given material releases information, i.e. the higher lambda the easier the material is to read. Weighting of

material is person's evaluation of already collected information.

Let's have two targets with different readability lambda (0,4 versus 0,1) and different final evaluation

factor (10% versus 90%) and we can see how these two factors compensate each other:

Time needed to Duration of next gaze | Information left (IL) Weight of Estimated profit
collect information information
=-In(1-information time difference constant information | decreasing function | =information left *
left)/lambda flow of 5% by each | evaluating extracted weight
step information
step | Information left ] Time 1 | Duration 1 | Weight 1| Profit 1 | Time 2 | Duration 2 | Weight 2 | Profit 2
0 1,00 0,00 0,10 100% 1,00 0,00 0,51 100% 1,00
1 0,95 0,10 0,11 95% 0,91 0,51 0,54 100% 0,95
2 0,90 0,21 0,11 91% 0,82 1,05 0,57 99% 0,89
3 0,85 0,33 0,12 86% 0,73 1,63 0,61 99% 0,84
4 0,80 0,45 0,13 82% 0,65 2,23 0,65 98% 0,78
5 0,75 0,58 0,14 77% 0,58 2,88 0,69 98% 0,73
6 0,70 0,71 0,15 73% 0,51 3,57 0,74 97% 0,68
7 0,65 0,86 0,16 68% 0,44 4,31 0,80 97% 0,63
8 0,60 1,02 0,17 64% 0,38 5,11 0,87 96% 0,58
9 0,55 1,20 0,19 59% 0,32 5,98 0,95 96% 0,53
10 0,50 1,39 0,21 55% 0,27 6,93 1,05 95% 0,48
11 0,45 1,60 0,24 50% 0,22 7,99 1,18 95% 0,43
12 0,40 1,83 0,27 45% 0,18 9,16 1,34 94% 0,38
13 0,35 2,10 0,31 41% 0,14 10,50 1,54 94% 0,33
14 0,30 2,41 0,36 36% 0,11 12,04 1,82 93% 0,28
15 0,25 2,77 0,45 32% 0,08 13,86 2,23 93% 0,23
16 0,20 3,22 0,58 27% 0,05 16,09 2,88 92% 0,18
17 0,15 3,79 0,81 23% 0,03 18,97 4,05 92% 0,14
18 0,10 4,61 1,39 18% 0,02 23,03 6,93 91% 0,09
19 0,05 5,99 3,22 14% 0,01 29,96 16,09 91% 0,05
20 0,01 9,21 7,82 10% 0,00 46,05 39,12 90% 0,01

Picture — Competition of two targets different in readability and attractiveness

The target one is easy to read (readability lambda=0,4) but is not interesting to the test person (final evaluation
is 10 %). The second target has poor lambda=0,1, but is very interesting (90 %). These two factors can
compensate each other, so when the person is following lessening expected profit, it creates common cyclic
pattern of eye movements between two targets, what we will see bellow.

If the visual target is like a capacitor, than a human brain cannot extract information in linear way. There
are still some possible other information but it is more and more time consuming to get it. The chart on the right
shows how time increase that is necessary to get another 5 % of information with lambda=0,2. We can see that

around 5 time steps are sufficient to get 50 % of information with given lambda.

Target 1 Profit Target 2
step | Time | Target | Duration | IL Duration | IL
0 0,1 1 0,1 1
1 0,61 2 1 0,51 1
2 1,15 2 0,95 0,54 0,95
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3 | 1,26 1 0,11 0,951 0,91
4 | 1,83 2 0,89 0,57 0,9
5 | 2,44 2 0,84 0,61 0,85
6 | 2,55 1 0,11 09| 0,82
7 3,2 2 0,78 0,65 0,8
8 | 3,32 1 0,12 0,85] 0,73
9 | 4,01 2 0,73 0,69 0,75
10 | 4,75 2 0,68 0,74 0,7
11 | 4,88 1 0,13 0,8 | 0,65
12 | 5,68 2 0,63 0,8 0,65
13 | 5,82 1 0,14 0,751 0,58
14 | 6,69 2 0,58 0,87 0,6
15 7,64 2 0,53 0,95 0,55
16 | 7,79 1 0,15 0,71 0,51
17 | 8,84 2 0,48 1,05 0,5
18 9 1 0,16 0,65] 0,44
19 110,18 2 0,43 1,18 0,45
20 10,35 1 0,17 0,6 | 0,38

Total 1,19 0,6 9,16 0,45

Picture — Competition of two targets different in readability and attractiveness

The target one is easy to read (readability lambda=0,4) but is not interesting to the test person (final evaluation
is 10 %). The second target has poor lambda=0,1, but is very interesting (90 %). These two factors can
compensate each other, so when the person is following lessening expected profit, it creates common cyclic
pattern of eye movements between two targets, what we will see bellow.

When we put together the two target and sort them by expected profit, we get cyclic structure, which is
quite similar to what we saw by eye-tracking data. In this setting it proves that high weighting overrides bad

readability of the second target.

5.3 Conclusion
We can find in literature some incorporation of distribution of gazes based on general gamma distribution

(Rik Pieters, Chris Janiszewski, etc.) But their regression models are quite particular and we cannot use them in
general daily praxis of eye-tracking research of commercial materials.

Presented model shows easy way how to estimate one statistical parameter which characterize any set of
gazes and is independent from the number of gazes. This is a practical tool for evaluation and comparison of

different stages and materials among themselves.
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