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Abstract The longer the gathered number becomes, the mere th
The brain impediment such as dementia is a seriousubject’s load increases.
problem today. It would be very useful if softwdo Here we report our recent study on short HRG of

private diagnosis were available. In this papershew length 50. Our purpose is to examine whether tloetsh
the effectiveness of the human random generatisin te human random numbers can be used for early degectin
(HRG) for such software and propose a set of fourof the brain impediment such as dementia, and iigent
indices to be used for classifying the HRG data. effective indices to diagnose the symptom.

Human generated random numbers have strong We examine various indices found in the literature
characteristics compared to the computer-generated7] and select effective ones. We also proposeva ne
random numbers [1,2], and it is known to be cotegla index, RP, to classify the features of the shortada
to the individual characters of subjects [3-6]. Hwer, sequences effectively. By using a set of four &dfit
the analysis using the correlation dimension or HMM indices, we have successfully classified data ® th
[4-6] requires a long data sequence thus not daifab proper age groups. Assuming that the dementia is an
diagnoses. extreme case of the shortage of memory capacityalue

We therefore focus on short sequences of HRG andaging, we propose this method for diagnosis of the
search for effective indices to detect the sigrbiin early symptom of brain deterioration. We further
disability hidden in the HRG data. We study dateta  present our result in terms of self-organized map
from subjects of different age groups and succéigsfu (SOM) [8,9].
differentiated data from the different age groups.

1. Introduction 2. Method of Data Acquisition

The human random generation test (HRG) is a  Our method of data acquisition is as follows. The
handy way to measure the brain condition. It cheébbks  subjects are asked to generate 50 numbers orally by
flexibility of thinking in a simple manner withouwtsing randomly choosing one letter from {0, .., 9}. Datee
any apparatus. Earlier it was used in the filedlimical orally generated by the subjects and are immegiatel
psychology to test the degree of advanced stage ofecorded by the researchers into computers. The ora
schizophrenia [1]. Around 1970 in Japan, a numlfer o test is more suitable than the writing test foredéhg
researchers in the field of developmental psychplog the level of concentration of the subjects whostiie
conducted a statistical study of HRG by collectitaga generate the numbers evenly by memorizing the
from subjects of various developing stages, inclgdi sequence in the past. During the test, the subgrets
the elementary school pupils, high school studants  directed to close their eyes or to see the ceilingrder
grownup adults [2]. Later we employed computer-dase to avoid external disturbance. We do not speciy th
analysis to detect subtle difference in the daleria speed of generations in order not to give extragune
from normal adults [3], by using the correlation to the subjects.
dimension as well as the technique of HMM [4-6]. We have taken 50 data sets from each subject of age
However, those methods implicitly assume largeesize 20s (male and female) and 10 data sets from each
data thus not suitable for practical need of diago subject of age 30s, 40s, and 50s (male and fenale).



addition, we have obtained data of three patiefits 0100 letters. For this reason, we consider only fihdd
schizophrenia. in Eqg. (1)

3. Human random numbers 3.3 Coupon Score (CS)
. . The coupon score (CS) [3] is defined as the length
3.1 Basic Properties

f bef Il the lett O0to9 YEIE.
We assume that the degree of complexity of the?' Seauence betore all the [etters (0 to 9) app

. CS is approximately 30 on the average for machine
human-generated random numbers reflect the capacnye Pp y g

: . generated random numbers. However, the average of
of the brain. If the subjects attempt to generatere

i _ normal person is 17, which means that human styongl
figure of 0 to 9 as well as every arrays of figuegsnly,

wish to use every letter compared to computer

. _ . rograms. The CS occasionally takes very largeeglu
order to memorize as many figures as possible the)P g y .

. . for those who have very strong preference in chmapsi
have generated so far. As the subjects get tifeal, t 4 gp mgp

, specific numbers.
concentration level would go lower Thus we use the

deviation from the randomness as the symptom of the3.4 Turning Point Index (TPI)
deterioration. We attempt to quantify the memory The turning point index (TPI) [3] measures how
capacity by using human random numbers. Wefrequently the switch from ascending pattern to
introduce the used indices as follows. In this ¢éap descending pattern, and vice versa, occurs in #ta d
normal person’s value is average of the 20s subject sequence. The turning point (TP) is defined adetier
data. after which the pattern changes. For example, “2854
has two turning points, 5 and 2. The turning poidex
3.2 Entropy (H)

TPI) is defined as the ratio of TP and its expécte
The Shannon-entropy H is the first index to( ) e

) value, where m (=50) denotes a maximum data size.
examine the degree of randomness. H measures the

average information obtained from a sequence tdrkst _ TP, pserved _
: " TPI=100x_2bserved TPoected =

and it measures how random the letters are in a TP, pected

sequence of letters. It can be quantified as ir{1&dpy

using the probability; of appearance of the i-th figure.

they would employ the maximum brain capacity in

%(m—z) 2)

The TPI is highly vulnerable to the human brain
condition. When the subjects is active, it tends&o
H= _Z P, logp, @ larger than one, while for inactive subjects origut

| in advanced stage of mental disease it tends to be

H takes its maximum value when every letter
smaller than one.

appears with the same probability. Dividing this
quantity by its maximum value J, we use the 3.5Adjacency (ADJ)
relative entropy for convenience. In this definiticH A remarkable feature of human generated random
ranges from 0 to 1. We assume that the higher v@lue numbers is the lack of repeats of the same figures
H means the more active memory capacity of thenbrai successively. Guided by this fact, we utilize the
of the subject, in order to use the letters evenly. adjacency (ADJ) in order to characterize the data.
It would be necessary to consider the evenness ofocusing on the difference between two adjacent
the arrays of letters, because, e.g., a sequemteasu figures, we classify the data by the absolute \aloke
‘0123456789 cannot be considered as random,the differences (d) between adjacent figures imtor f
although the nine letters appear evenly. We need tdypes, d=0, d=1, d=2, d>2. All the data indicatat ttne
maximize entropies of arrays of various lengtheriter rate of d=0 is extremely lower in human generate d
to measure the randomness. However, those entropiesompared to computer generated random numbers.
of arrays are not suitable to measures the randssrofe  Also the rate of d=1 is a good measure of mental
the sequences shorter than 100, because it ishtmd s condition. For example, the data taken from the
to have all the patterns of arrays within the cépasf schizophrenia patients are characterized by anssxce



amount of d=1 compared to the data from normalunrepeated pairs.
subjects. Note that RP ranges from 0 to 100, irrelevant @ th
size of the data sequence, unlike NSQ.
3.6 Null Score Quotient (NSQ)
The null score quotient (NSQ) [3] measures the 4. Sudy on the different age groups

degree of deviation from the even generation ofspai We apply those indices introduced in the previous

(array of length 2). It is defined as chapter on various data including schizophrenic
NSQ=100x 2NS @3) patients, normal subjects in different age groups(2

a“ -1 20s, 40s, 50s and over), and computer-generated

where NS denotes the numbers of pairs notrandom numbers.
appearing in the sequence and a denotes the size of Figure 1 shows the mean values of indices, RP,
letters used. In the case of using decimal figuresNSQ, TPI, ADJ, CS, H. for 20 subjects, in the order
{0,...,9}, a=10. ascending age groups. The subject number fromlD to

This is a useful index for long sequences of HRG, belong to the age group of 20s, the number fronoll
since the differences between subjects/conditions i 13 belongs to the age group of 30s, and the number
HRG reflect nicely in this index. However, NSQ istn  from 14 and 15 belongs to the age group of 40slzad
suitable for the data of length 50, which is toorsho number from 16 to 20 belongs to the age group sf 50
contain all the patterns of pairs for a=10. and over. We do not distinguish the actual agehimvit

an age group.

3.7 Repeat Pattern (RP)

We propose a new index to be used in place of NSG
for the case of short HRG. Since the subjects oGHR
try to generate the next letter based on their ngrb ol & B

—=—NSQ
the last generated letter, NSQ is a good measurtiido ﬁ w 0.
memory capacity of the subjects. However, the @bl S o A ]y
is that the value of NSQ ranges from 51.5 to 10GHe " ,?:’?c/ﬁ&v.&v&#

case of data sequence of length 50. We need a bette

120

indices value
=
3

index for short data. 1234567 8 9 10111213 1415 16 17 18 19 20

subject number

Consider the case when the generated data is
“1358763” so far, and 5 is about to come out nere Fig. 1.Values indices vs. individual subjects
would make an effort to avoid 5, by considering the
previously generated 35. Human would pay all the
effort to improve the randomness (complexity, intfa
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Guided by this thought, we define a new index &s th e .

frequency of repeated pairs, by Eq.(4).

RP=1-_NRS ) o~
m-(n-1) ®
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denotes the length of array(n=2 for pair). The ntbee Fig. 2. The value of indices vs. age groups
repeated pairs, the larger the value of RP, inditag
deterioration of the memory capacity of the subjéd Fig.2 shows the mean values of the same indices as

have also studied the case of n=3. The result was n in Fig.1 calculated for each different age groupbbth
very different from the case of n=2(pair). Thus stiek figures, the entropy H show the relative value t® i
to the case n=2 and consider only the case ofmaximum, and are expressed in terms of percentage.



In both figures, the values of indices show strong means pf those four indices. A denoting the young
correlation to the age groups. This fact suggests t group of age 20s aggregate to the left, while Gotieg
possibility of using HRG for dementia diagnosisalgo the older group of age 50 and higher aggregatéeo t
indicates the effectiveness of the indices usedun right, and B denoting the middle age group aretkxta

work. in between.
5. SOM for multi-dimensional data A TAAC AA A “‘B 0
The indices used so far are mutually dependent. We | oSNy’ ‘YO
compute the Pearson product-moment correlation . . . ... . .A. gRe - @8
coefficient between indices and show the result in A - - - Peresy
Table.1. A PV - SN - (5
Tablel. correlation coefficients e AA N « T
RP [ NSQ| TPI | ADJ | CS H [ _ [ PSS o ¢ L &
RP 0.97|-0.25| 0.34| 0.13| -0.3 A beooe- B g C ¢
NSQ 0.29] 0.39] 0.15 | -0.33 Fig. 3. RP, TPI, ADJ and H for data from three age
TPI -0.6 | -0.07| 0.1
groups, A(20s),B(30s,40s),C(50+) represented by SOM
ADJ 0.02 | 0.04
CS -0.66 6. Conclusion
According to the result shown in Table.1, thera is We have examined indices applicable for short

strong positive correlation between NSQ and RP andHRG in order to diagnose dementia, and selectegt a s
the information from those two indices are overlagp ~ ©f four effective indices including RP, which wevia
We prefer RP to NSQ because the range is largPin proposed in this paper. We have also presented the
for short data of length 50 thus more suitableliseove ~ result by SOM. We have successfully classifieddata
the difference. of different age groups, conditions, etc. accordiag

A negative correlation exists between H and CS. Wetheir characteristics by using the indices of cwice.
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