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Question Hard, Answer Simply: A Comment on Storms et al. (2003)

Yoshio Takane

McGill University

I scems clear that, for whatever reasons, the dementia of the Alzheimer type patient group
tas well as other patient gronps) exhibite behavior that is different from the noomal contiol
pramp. G Storms. T Diriks, 1. Saerens, 5. Versimeten, and PP De Deyn (20031 tightfully
urpue that the nhacrved behavior (similarity judements) does not tell us the source (couse) of
the differenees beiween the 2 proups. Rathier, the focus of the study should be placed more
un findhimg the ways the 2 groups are different. They aloo point out various methodological
paelslems in sone of the provious atiemps (o characterize the nature of the differences
Further methodologicnl issues 1n G, Storms et al.’s study are examined

It seems obvious that the kinds of similarity dota col-
bewted Dy Chan s eolleapues (e, Chan, Butters, Paulsen,
et al., 1993 Chan, Buters, Salmon, & MeGuire, 19933 do
nol e enough iformation 10 determine what kind of
deficit patiem groups are wnderpoing, This shiould be clear
Ironm the Warrington and Shallice (19791 critena that siate a
sel ol necessary conditivns Tor distnguishing between ac
cess disorders and storage deficits. B is the problem of Tace
validdity, and this 1 can readily say even withowt going
Hirvmegeh the series of elaberae statistienl analyses done by
Stormes, Pirikx, Soerens, Verstacten, and De Deyn (2003).
Mt analysis methods can overcome the lack of relevant
information in e data,

It also seems clear, however, that the patient groups
exhihil different hehavior from thar of normal participants.
It s Ineresting o find out in owhat ways similarity data
elicited by the patient groups are different from those ol
Lutned fronm thee normal control gronp, 1f we understand that
Chan, Butters. Paulsen, et al.’s (1993 ) und others cffors ane
primarily aimed at Ainding the nature of the differences
Petween the proups, theic sttempes aee <61l worthwhile de-
spite the shoricomings in their methodology us pointed oul
iy Storms e al,

The clear and important messape T oet from Storms et al’s
(2003) article 15, the simpler. the better, Simpler methods
are beller suited, i they meer pennine data analvic objec-
tves. Cheerly sophisticated methods, on twe other hand,
may unnecessatily complicate the situation, Assessment of
reliability in similarity judgments is the case in poim
Storms el al, simply lake the test—retest reliability belween
the: original similarity data, whereas Chan, Butters, Salmon,
and MoeGuire (1993 liest apply individual differences scal-
ing {INDSCALY 10 the original data, and then correlate the
weirhls derived rom TNDSCAL over two occasions, The
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latter can lead e overly aptimistic estinenes of reliability, as
INDSCAL analysis sercens oul certiin variahilities in Jhe
original data that e not consistent with the wssumptivms ol
the model it fits,

Multidimensional scaling (MDS) is 0 collection of pow-
erful data analyuic wechnigues for representing similarity
dota, Howewver, it typically reguires sets of siringent as-
sumptions on the data, There are many pitalls ws well, only
some of which are described by Storms et al. {2003), The
problem of convergence o nonglobal minin, for example,
15 something no one cares to talk about these days, but the
problem persists as it did 30 years ago (Adable, 1973).
Although by no means do 1 intendd o scars away poteniial
users of MDS in semuntic network rescarch, let me reilerace
that special care must be taken, particulaly when dealing
with special groups of participants. Storms et al.”s article
sends o warning sipnul aeainst certain uses ol MDS,

Having said the above, | now twn w0 a few specific
remarks on some of the dua analyses conducted by Storms
et al. (2003).

I, Storms e al. (2003) inially vsed alternating least
sguares scaling (ALSCAL) o obinin henchmark distribu-
tons of stress values under random rankings. They ten
compared the siress values obtained (rom emprical stodies
done by Clan, Butters, Paulsen. et al. (1993 und others w
conclude that the stress values obtained from the patient
croup were nol significantly different from those obrained
trom the random ranking studies. But why ALSCAL? This
is a bit peculiar, inasmuch as ALSCAL does not minimize
stress. and conscyuenily obiins siress values larger than
those obtained by the methods that explicilly minimizc
sfress.

2. Storms et al (20037 gencrated random triadic compar-
15on data and analvzed them along with the aclual noeml
participent data by INDSCAL, The results were used to
show tiat Chan, Butters, Puulsen, et al.’s (1993} finding thal
the DAT pateent and control groups were well discriminated
on the hasis of the weights obiained by INDSCAL was a
mere artifact of the analysis, Muore speeilically, they showed
that an equally zood discrimination could be made between
the normal participant wetghts and those obtiined from the
random triadic comparison data. However. the random 1ri-
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adic comparison procedure necessarily creates homoge-
neous data se1s with o lot of similariyy values concentrated
near averapes, which are chamcienstically different from
the normal participant data. Itis no surprise then that Stonns
el al. could get such a pood discrimination between the
noringl and rundom paticnl groups. The key question 15
whether the actual patient data resemble the random triadic
data in their degrees of homogeneity,

A0 Stoemes et al, (2003 repeated the random ranking
studies wsing the dota sets they collecied themselves. To
show thai the stress values obtmmed from MDS analvses of
apgregoled data were nol significantly different Trom those
abtuned Trom random ranking data. they used Spence and
Opilvie's (1973} ertenon. But why? It seems that this
provedure is Tased on e gasumption at the stress values
lollow an approximate normal distribution around their
means, This s non likely o be ime, inssmuoch as they are
bounded, Particulurly, they are bounded from below by 0,
which is rather crucial because the range of stress values
concerned ure close W the lower boomd, und the distnbu-
uons of the siress values in this range are most likely 1o be
skewed, T makes mueh more sense (and s simpler as well)
to directly caleulale the p values corresponding 1o the ob-
served stress values,

4. Bworms @l ol (2003) compared INDSCAL solutions
obtained by Chan, Butters, Solmon, and MceGuire (1993)
anil thisse ablained by themselves for the control groups and
the puticnl groups. They found that the mean aerecment
between stimulus conligurations obtwined from the control
aroups was snbstanally higher than that between the pa
tenl groups. [n the process of this analysis, they rans-
formed one of the two configurations to be compared with
a maximum agreement by sealing, rotanon, and retlection.
Stimulus conlipurations derived Trom INDSCAL are, how-
ever, uniguely determined up 1o reflection of the coordinate
axes, They should not have allowed any transformations
other than cellection. I is also not clear if the degrees of
agreement between the patient conligurations 15 within the
ranpre ol 8 chimee level, Somewhat unfortunately, no ran-
dom  ranking  studies were conducted  [or INDSCAL
anilysis.

Slorms e ale (20033 porry the INDSCAL model as 2
very restrictive one requiring the existence of common
dimensions across individuals and allowing oniv differential
weightings of those dimensions by different individuals.
However, the [act of the matter 15 contrary. I fact, it is as
meneral a8 separate analyses of individoal data by the simple
{unweciglted ) Euclicdean meodel. Suppose there are byvo stime-
ulus configuritions having no commonality between them.
That is, X'\ X, = 0. The ran configurations can, however,
b put ina single weighted Euclidesn mode] by joining the
two conligurations ogether by X = [X,. X.]. and by de
fining the weight marmces of the two individuals by W, =
dingil, 0 and W. = diagilh Ty

5. Storms e al. 12003 applied separate MDS analvses of
individual dala by the simple Euclidean model in view of
the fact that there was little inter-individual consistency in
CYAT patients daca [would araoe, however, that the proce-
dure wsed W derive similanty data from inadic comparison

data toveriably crestes many Ged ohservations sl an indi-
vidual Tevel. There are nin — 1) pairs of stimuli; where q
indicates the number of stimuli, and there are only o — 1
possible distinet similarily values. Random ranking studies
should take into account the numbers of tied observations in
the ohserved data, as they may potentially have a significant
impact on the distributions of the stress valoes. Prelerably,
the random ranking data contain equal amounts of tied
uhservations as the observed similarity data. One plasible
woy of ensuring this is o randomly peemale the observed
daia 10 obtain the random ranking data. Existence ol so
muny lied ohservations may account for part of the reason
why high degrees of mistit were observed in some of he
normal participants” data

. Assessment of the relinhility is very cssentinl in oany
kind of data analysis, and [am glad that Storms et al, (2003}
el ot the might way. As has been mentioned already, it wis
goud tal they correlobed orginal sioilarity date over bao
occasions. They could have done better, however, i1 they
had collected the west=retest data from the normal conirol
participants as well, Theyv then could have compared the
range of est=retest reliability across the two groups, ‘They
could have dome even better, i they had colliecicd the data
not only twice but three tmes, They then could have ¢om-
parcd the range of reliability acenss different intervals ol
tme belween metsurgments,

It is striking o fod such wide ranges of individoal
differences (as well a5 group differences) in reliabilivy and
in the degree of representability of individuul similurity dutu
by the Eochidean distance model. A univariote analysis of
varianee miy help in learimg apart various effects attribot-
able to difterent sources. Another notable observation is thal
there seem o be some degrees of reliable components in the
patient data, no matter how small they may be. It is lempting
then to find out what they are.
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