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Abstract. The aim of this paper is to describe a novel approach
to the analysis of data obtained from card-sorting experiments. The
card-sorting experiments were performed as a part of the initial phase
of a project,called NEONATE, that has an aim to develop decision
support tools for the neonatal intensive care environment.

Physical card-sorts were performed using clinical “action” and pa-
tient “descriptor” words. Thirty-two staff (8 junior nurses, 8 senior
nurses, 8 junior doctors and 8 senior doctors) participated in the ac-
tions cards sorts and 32 staff (of similar classifications) participated
in separate descriptors card-sorting experiments. There was consid-
erable overlap of staff in the two groups (of 32), but the actions and
descriptors experiments were held several months apart. The card-
sorts were replicated for all staff in the descriptor experiments, and
for nurses only during the actions card-sorts.

The card-sort data were analysed using conventional cluster anal-
ysis to produce tree-diagrams or dendrograms. These showed inter-
esting differences in the way the various classes of staff mentally
map clinical concepts, and some of these differences are briefly high-
lighted here. However, the main aim of this paper is to present a
method of summarising the differences in the card-sort data for the
various staff categories, and further, to develop a method to quantita-
tively measure the different information requirements for the differ-
ent staff classes in order to facilitate user-interface design. This in-
formation theoretic based technique may also have application later
in the development of a clinical support system as a metric for the
appropriateness of particular formats for clinical information presen-
tation.

1 INTRODUCTION

The modern intensive care unit is an environment that requires med-
ical and nursing staff to deal with large amounts of, and many dif-
ferent types of, information in making clinical decisions. It has been
shown that just displaying these data in their raw form does not of
itself lead to improved patient care. The work reported in this paper
formed part of the initial effort in an ongoing project, NEONATE,
to develop decision support for clinical staff (doctors and nurses) in
a neonatal intensive care environment—Neonatal Intensive Care Unit
(NICU) at the Simpson Maternity Hospital, Edinburgh. The compo-
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nent of this initial phase, which is reported here, focussed on devel-
oping a concise lexicon of terms used by clinical staff during clin-
ical practice, and further, the use of these lexicons as the basis for
card-sorting experiments designed to elucidate the way clinical staff
mentally organise those terms. This information was used to design
the interface for a software tool to allow a trained observer (research
nurse) to record (in a standardised fashion on a computer database)
the clinical activities of doctors and nurses as a data gathering exer-
cise for the NEONATE project. (Detailed physiological data such as
heart rate, blood pressure, are automatically collected by the NICU’s
computerised monitoring system.)

The standard way of analysing card-sort experiments is by per-
forming cluster analysis in order to generate tree-diagrams (or den-
drograms) as a graphical representation of the relationships between
the concepts under study. However, the dendrograms generated by
cluster analysis of card-sort data are often very complex and difficult
to interpret. Even though, a visual analysis of tree-diagrams may pos-
sibly provide useful insight into how people mentally organise con-
cepts, it is tedious and does not provide a quantitative measure of the
complexity or order implicit in the dendrogram. The work reported
here aims to fill this gap by providing a simple graphical summary,
and a quantitative measure of the difference in the information car-
ried by various dendrograms that are being compared. This work is
still under development, but the feasibility of the approach is demon-
strated here.

2 METHODOLOGY

The scope of this section is to outline the methodology employed
in the data gathering, performance and analysis of the card-sorting
experiments.

2.1 Clinical Lexicons

In order to elicit lexicons for both patient “descriptors” and clinical
“actions” we interviewed medical and nursing staff at different levels
to delineate their roles in the unit and the vocabularies they use to
categorise neonatal data obtained by observation and physical means.
Senior clinical staff subsequently reviewed these lists for consistency,
and to remove synonyms and singletons (single words used by only
one member of staff). The derived actions lexicon contains 51 terms,
while the descriptors lexicon contains 166 terms.



2.2 Card-Sorting Experiments

Following the interviews, we carried out card-sorting experiments
using the two lexicons as the concepts to be sorted. Card-sorting was
used as an elicitation technique because “Concept Sorting” is a well-
known technique, and studies in Cognitive Psychology and related
fields[2, 6] have shown it to be effective and very efficient.

Thirty-two subjects consisting of, 8 junior nurses (JN), 8 senior
nurses (SN), 8 junior doctors (JD) and 8 senior doctors (SD), partic-
ipated in the actions card sorts and thirty-two staff (of similar levels)
participated in separate descriptors card-sorting experiments. There
was considerable overlap* of staff in the two groups (of 32), but
the actions and descriptors experiments were held several months
apart.At least one week after the initial sessions, the card-sorts were
replicated for all staff in the descriptor experiments, and for nurses
only in the actions experiments. Each actions card-sorting session
took about an hour to complete on average, while each descriptors
card-sort session required about 1.5 hours to complete. The level at
which staff were categorised, whether junior or senior, was decided
upon by the senior clinical staff involved in the project.

The actual card-sorting procedure we asked subjects to perform is
illustrated in figure 1. During a session each subject was presented
with a physical pile of cards, each with a term from the appropri-
ate lexicon. These (level-0) cards were marked on the back with a
bar-code (3 of 9 code), containing the term on the front of the card,
and a unique identifing alpha-numeric code. We also produced cards
that were blank on one side and bar-coded on the other, again with a
unique identifing alpha-numeric code, to be used as indicated in the
next paragraph.

Each subject was asked to sort the cards into piles of “similar”
cards, without any prompting as to how many piles to create or what
attributes to use to sort the cards. Once satisfied, the subject was
asked to name each group (without restriction) and these names were
written by the experimenter on to (level-1) blank cards. The exper-
imenter then entered the names and codes of the cards, within their
sorted groups, into a computer database by means of a bar-code scan-
ner. This saved considerable time and minimised errors in data entry.
The subject was then asked to sort the cards containing the names of
the groups that had just been created into higher groups; i.e. groups
of groups. Again, the names of the groups were written by the exper-
imenter on to (level-2) blank cards. This process continued until the
subject was happy with the result.

2.3 Analysisof the Card-Sort Experiments

Within the context of the work described in this paper, cluster anal-
ysis calculates the strength (distance) of the perceived relation-
ships between card-pairs, and displays these relationships graphi-
cally (dendrograms). We performed hierarchical agglomerative clus-
ter analysis of the card-sort data using a free software package called
EZCalc[3], which was designed to be used with its companion soft-
ware, EZSort, that facilitates computer based card-sorting experi-
ments. As we did physical sorts, the data files needed to be formatted®
and pre-processed to allow use by EZCalc. The pre-processing also
checked for consistancy within the card-sort data files. As EZCalc
used arbritrary weighting for second level groups (the highest level
of hierarchical grouping it could handle) in the card-sort, we only

Continue process until
subject is satisfied.

Merge labelled cards (categories)
into higher level categories.

4 Many of the staff who participated in the card-sorts were also involved in
the interviews to establish the lexicons. However, there was several months
gap between the interviews and the card-sorts.

5 Into the format generated by EZSort.

Sort cardsiinto piles
and label piles.

Shuffle set of cards

Figurel. Card-sorting procedure.

used first level sort data for our analysis. We employed the average
linkage method of cluster analysis, as this provides a good compro-
mise between the extremes of other methods[1].

Using in-house software we carried out further analysis of the
card-sort data. This software produced distance matrices, which
quantified how often all the possible pairs of cards were grouped to-
gether by a group of subjects. Based on the distance matrices further
graphical and analytical measures were produced, and are described
in section 3.2, while the outcomes of applying these measures are
presented in section 4.

3 DEVELOPMENT OF A QUANTITATIVE
INTERPRETATION OF CLUSTER
TREE-DIAGRAMS

In this section we will develop a quantitative measure of the amount
of “information” mismatch, in terms of the entropy (defined by equa-
tion 3 in section 3.1), or amount of structure, displayed by differ-
ent dendrograms under comparison. (In our case the dendrograms
derived from the card-sorts for the different staff categories in the
NICU.)

This section is divided into two parts. In the first section we discuss
a classical information communications system and define key con-
cepts, while in the second section we derive a notional information
system based on the card-sort data, and derive properties analogous
to those we defined for the classical system. Using the information
system analogy is compelling, since we are interested in how the dif-
ferent staff groups use and think about clinical information, and how
they communicate this to each other.

3.1 Information Theoretic M odél

We will briefly describe the classical information theoretic model
used to define information transfer in an information channel[8, 7, 5].
Shown in figure 2 is a simple diagram of the basic components of
a communications system. This system consists of an information
source with a symbol set, {a;}, (alphabet) containing N symbols



each with a probability of occurrence of P(a;); an information re-
ceiver or user with a symbol set, {b;}, containing A symbols each
with a probability of occurrence of P(b;); and an information chan-
nel that represents the interactions between the source and the user.

Note, that
N M
> Plai)=1=)_ P(b)).
i=1 j=1

The information channel, @, is characterised by an M x N ma-

Communications Channel
(card-sort clusters)

Information Source
(card-sort staff class A)

Information User
(card-sort staff class B)

Y

A\ 4

Alphabet, N symbols, A={ a}
probabilty of symbol & =P( &).

Channel Matrix - Q =[ q;] Alphabet, M symbols, B={ bj}

Figure2. A Basic Information System
trix whose elements represent the conditional probability of the user

receiving (interpreting) a particular symbol given that a particular
symbol was “sent” by the source; i.e.

P(b1|a1) P(b2|a2) P(bllaN)
P(b2|a1) . :

Q= . 1)
P(bl\.llal) P(bJ\./[|a2) P(blvlf|aN) _

The source and user probabilities may be represented as vectors thus:

P(a1) P(by)
P(a2) P(b2)

s = andu = )
P(lllN) , P(I;M) _

The information system can then be completely described by the
equation[8, 7]:

u=0s. (2
The entropy of the source is defined as:
N
=- Z P(a;)logP(a;), 3
i=1

where H (s) quantifies the average amount of information per symbol
obtained by observing a single source output. The units of entropy are
defined in r-ary units, where r is the base of the logarithm used. An
increase in entropy represents an increase in the amount of disorder
or uncertainty in the information, and thus represents an increase in
the average information per symbol (since it is harder for the user to
“guess” its identity). Likewise the entropy of the information user is:

M
— " P(b;)logP(b;). 4)
j=1
The equivocation of s with respect to u is the average information

associated with one source symbol, assuming the observation of the
output symbol that resulted from its occurrence. This is defined as:

H(s|u) = ZZP ai, bj)logP(a;|b;), (5)

i=1 j=1

probabilty of symbol by =P( by).

were P(a;,b;) is the probability of a; being “sent” and b; being
“received”(i.e. joint probability of a; and b;). The difference between
H(s) and H(s|u) is called the mutual information of s and u and
gives the average rate of information transfer per symbol (in r-ary

units); i.e.
I(s,u) = H(s) — H(s[u). (6)
Equation 6 can transformed into a form suitable for calculation of

I(s,u), by substituting equation 3 and equation 5 into equation 6 to
produce:

I(s,u) = ZZP ai)gjilog—z—2t )

i=1 j=1 Zk 1P(ak)(bk

The minimum value possible for I(s,u) is zero, which occurs
when the input and output symbols are statistically independent (i.e.
P(a;,b;) = P(a;) - P(bj)), since H(s) = H(s|u). The maximum
value of I(s, u) is called the channel capacity (C), and is maximised
for a particular source distribution, {Pmaz(as:)}, over all possible
choices; i.e.

C = max I(s,u). (8)
The channel capacity quantifies the maximum rate of information
transfer per symbol that the channel can reliably transmit.

3.2 Development of a Measure of Relative
Information in Dendrograms

We now develop an approach to measure the relative information
associated with particular dendrograms using the basic model dis-
cussed in section 3.1, and by utilising analogies between the two
concepts, which at first sight seem quite different.

As described in section 2.3, one of the products of the card-sorting
experimental data were distance matrices, which are symmetrical
(about the major diagonal) and the elements have values between
zero and unity. Since the matrices were symmetrical we converted
them to triangular matrices thus:

dig dip din-1  din
0 dop2 da,N-1 da,N
p=| T e ®
‘ ‘ ... dN-1,N-1
0 0 0 dn,n

Since the elements of the distance matrix have values within the
range zero to one, (i.e. 0.0 < d;; < 1.0) they can be considered
as random variables with associated probability values®. However,

since
N N
SN dy #1, (10)
i=1 j=1
the elements of the distance matrix as a whole do not represent a
probability distribution. To overcome this difficulty we developed an
analogue to a cumulative probability distribution by the following
means.
Each element d;; of the distance matrix D represents the joint
probability P(a;,b;) of two cards appearing together in the same
pile” in a card-sort. We applied a test to each d;; of:

+1 dis <71
fr = {;’; d'{ N TVdij €D, (11)
1) Z

6 The d;; have also been generated from frequency data.
7 Deemed similar in some sense by experimental subjects.



where 7 is a monotonically increasing threshold value such that
0 < 7 < 1, while 7 was increased in discrete steps of § : § <
min 3% S 3 S5, |dij — dyal, and fy is frequency of
the test being passed for each d;; at the k™ increment in .

The f;, were normalised to a range 0.0 < fk < 1.0 by divid-
ing by 5ty = N(P=1 | the number of possible combinations of
different pairs of cards from a stack of N cards. A stylised plot of
fk is shown in figure 3 (actual plots are shown in section 4.2). This
graph is analagous to the plot of a cumulative probability distribu-
tion (F'), as the y-axis represents F,(d;;) = P(d;; < 7) (i.e. the
probability that the distance between any card pair is less than some
distance value d = ), and the x-axis is the distance (d). A prop-
erty of any cumulative probability distribution of a discrete random
variable X € {z1,z2,...,zo} IS

P(xq,) = F(IISZ) — F(.’Eq;_1). (12)

Figure 3 serves as a summary of a distance matrix, and in fact the
dendrogram(s) produced from it. The straight line graph in depicted
in figure 3 represents the the plot expected when the distance ma-
trix is completely random; i.e. the entropy is maximum. The other
curves in figure 3 represent different degrees of order (entropy) in
two hypothetical distance matrices.
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Figure 3. A stylised plot of the proportion of card-pairs (cumulative
probability) that are separated by a distance less than d

We now wish to draw an analogy with the information system
discussed in section 3.1. Let us consider the information source,
sc, to be a distance matrix of a particular class of clinical staff
¢ € {IN,SN,JD,SD}. A distance matrix holds the information re-
quired to produce graphical illustrations (dendrograms) of the way
clinical staff construct mental schemas related to clinical actions or
patient descriptors, and can be viewed as an encoding of this infor-
mation. The source “symbol” set, in this case, is the set of card pairs
that are identified by the coordinates for the d;; in D. However, the
symbol probabilities are not simply the d;; since they do not sum to
unity as shown in equation 10. A method to convert the d;; to prob-
abilities (or analogues thereof) is required. To this end consider the
following.

Convert the triangular distance matrix into a single vector by con-

catenating the rows;

Fdis ]
d
dign di2 ... di,N-1 di,n dl’N
0 d2,2 e d2,N—1 d2,N 2_,2
0 0 dsg3 _ . —d
. . . d )
. dN_1,N-1 ;’N
0 0 0 dn,N 3
[dn, N ]
(13)

whereV 4,5 ¢ > j. Let the elements of vector dy be indexed as dy,
such that ascending & implies increasing magnitude of dy; i.e. the dy,
are ranked.

A method to convert the dj to probabilities is demonstrated in
figure 3, where a dj, value on the x-axis corresponds, via a specific
curve, to a value of F-(dy). From equation 12, P(dy) = F,(di) —
F,(dr—1). Likewise, the properties of an information user, u., can
be derived in a similar manner, but utilising the distance matrix of
another staff class.

The information source and user symbol probabilities can then be
calculated from the appropriate distance matrices and may be repre-
sented by the vectors:

Pc(al) Pc(bl)

P.(a2) P.(b2)
Se = ' and uc = '

PC(G/M) , Pc(bM) ,

where M = Y@=1) and is the length of a vector produced from
a distance matrix as defined in equation 13. Therefore by analogy
with equation 2, we may write the equation to describe our notional
information system as:

ue = QcSe. (14)

We propose to use the mutual information, I(s,u), (see equa-
tion 7) as a metric for the amount of mismatch in the information
that different categories of staff use in structuring the concepts they
use in clinical practice (within the limitations of the card-sorting ex-
periments). Since, once given the card-sorting results, we have fixed
source and user alphabets and probability distributions. For each pair
of staff classes (one source, the other user, defining a channel), there
exists only one value of I(s,u), and that is equivalent to the chan-
nel capacity (as defined in equation 8). This requires that we define a
channel matrix, Q¢, of the form shown in equation 1, which would
completely determine the channel capacity according to the system
defined by equation 14. Further, this requires the definition of the
conditional probabilities of P.(b;)|P.(a;), which are the elements
of the matrix Q. in equation 14, and are analogous to those in equa-
tion 1.

Consider two distance matrices obtained respectively from the
card-sorts of staff category A and staff category B. For a given
value of the distance threshold 7, the derived cumulative probabil-
ity distribution (as in figure 3) for A is F,(d;) and P.(a;) =
F.(do;) — Fr(da,_,), Where dq; is di, (at a;), and dq;_, is di

i



(at a;—1). Similarly for the same 7, B has Fr(dbj) and Pr(b;) =
F(dp;) — F-(db;_,)- Therefore, we can argue that the notional in-
formation source has sent a “message” that the symbol (card pair, a;)
represents the distance of Ad = dq; — da;_,, and has probability
P.(a;) of occurring. The information receiver “interprets” that mes-
sage to correspond to the symbol b;, which has probability P.(b;)
of occurring. Hence, the probability of b; occurring given that a; has
occurred, Pe(b;)|P:(as), is the probability P.(b;) that corresponds
to the same 74, and 7,,_, that are associated with symbol a; with
probability P.(a;). By this approach all the elements of the matrix
Q. can be determined.

The value for the mutual information is obtained by applying
equation 7 in the system defined by equation 14. This in effect mea-
sures the mismatch of information represented by the dendrograms
for the different staff categories.

In the next section, actual data derived from the card-sorting ex-
periments for both action and descriptor words is presented.

4 RESULTSand DISCUSSION

Due to space constraints, only the results of the actions card-sorting
experiments are discussed. This does not limit the intended scope of
this paper, as we are demonstrating the feasibilty of the proposed in-
formation measure, and not interpreting in detail the results of the
card-sorting experiments. Firstly, the results of the cluster analysis
are presented, secondly, the cumulative probability graphs are dis-
played, and finally, the results of the calculations of the information
channel capacities, for the information “channels” between the four
staff classes under consideration, are yielded and discussed.

As indicated in section 2 the card-sorts were replicated for for
nurses in the actions experiments. The initial and replicated vec-
torised distance matrices (see equation 13) were statistically com-
pared using the both Wilcoxon Signed Ranks Test (as a nonparamet-
ric alternative to the t-test, since plots of the data indicated they were
not normally distributed).

The results of the statistical tests for the actions data are shown
in table 1 to table 2, and show with very high confidence (p <
0.00001), for both junior and senior nurse data, that initial and repli-
cate data come from the same probability distribution; e.g. the results
between separate experiments for the same staff class are consistent.
This is also reinforced by correlation (Pearson) tests: junior nurses
(r =0.91, p < 0.0001), senior nurses (»r = 0.92, p < 0.0001).

Table1l. Wilcoxon Signed Ranks Test for sortl and sort2 (replicate) of the
card-sorts for junior nurses.

(I | N [ MeanRank | Sum of Ranks ||
JN-S2 Negative Ranks | 679(a) 392.92 266795.50
JN-S1 Positive Ranks | 107(b) 397.15 42495.50

Ties 439(c)
Total 1225

[[ (@ IN-52 < IN-ST (b) IN-52 > IN-SL (c) JN-51 = JN-52

JN-S2 - JN-S1
Z -17.865(a)
Asymp. Sig.
(2-tailed) 0.0000 |

Table2. Wilcoxon Signed Ranks Test for sortl and sort2 (replicate) of the
card-sorts for senior nurses.

(I [ N [ MeanRank | Sum of Ranks ||
SN-S2 Negative Ranks | 392(a) 272.84 106955.00
SN-S1 Positive Ranks | 151(b) 269.81 40741.00

Ties 682(c)
Total 1225

[ (@) SN-52 < SN-S1 (b) SN-52 > SN-S1 (¢) SN-S1 = SN-52

SN-S2 - SN-S1
Z -9.184(a)
Asymp. Sig.
(2-tailed) 0.0000 |

4.1 Dendrograms

Cluster analysis was performed on the processed card-sorting data
and dendrograms have been produced for the various classes of staff.
This has yielded some interesting results. However, only the major
findings are briefly discussed here as a detailed discussion is beyond
the scope of this paper.

Shown in figure 4(a) is a section of the dendrogram derived from
the actions card-sorts for junior nurses, while figure 4(b) displays a
section of the dendrogram derived from the actions card-sorts for se-
nior doctors. Both of these sections of dendrograms show some com-
mon terms of interest from the actions lexicon, and are now briefly
discussed.

e There is a difference in structure of the dendograms across the dif-
ferent staff groups, and an extreme difference in structure between
junior nurses and senior doctors. In the case of the latter, there is
evident a much richer structure with more groups (more discern-
ing) than is evident for the former, who formed large groupings
with little discernment;

e Junior nurses did not group “Biophysical Observation”
with“Examine Baby” (whereas the other three staff groups
(SN, JN, SD) grouped these closely together) nor do they seem to
be helped much by the monitor-"Observe Baby” was not grouped
with “Biophysical Observation”, implying that we need "attention
getting’ mechanisms.

It is clear from the dendrograms that the various groups of staff
within the NICU interpret and categorise data differently. The group-
ing of data appeared to be associated with particular professional
practice. For example the actions related to artificial ventilation were,
in general, grouped the same for senior and junior nurses; senior doc-
tors had a similar group but omitted the management of the ventilator
humidifier - this was grouped with issues of equipment safety. Like
senior doctors, junior doctors similarly clustered actions related to
artificial ventilation but in their minds, humidifier management and
equipment safety were associated with routine nursing care. These
variations in representation may correspond to differences in knowl-
edge and or professional role and responsibilities. The dendrograms
of the junior nurses and of the senior doctors displayed the greatest
difference of the 4 staff groups.

4.2 Cumulative Probability Graphs

We produced graphs of the form shown in figure 3 from the distance
matrices derived from the card-sorting experiments. These graphs
provide a summary of the structure of the dendrograms that are
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Figure4. Example sections of dendrograms.

produced from cluster analysis of the card-sort data. As the loci
of the graphs approach a straight line from (0,0) to (1,1), (become
less concave) the associated dendrogram becomes less structured,
and a straight line graph would represent a structureless (maximum
entropy), meaningless ‘dendrogram’. (This was verified experimen-
tally.) Thus the area under the curve is related to the degree of or-
ganisation of the associated dendrogram. Also, the actual shape of a
curve indicates the level of branching of the associated dendrogram
for various distance values; e.g. the trajectory of a curve remaining
shallow and then rapidly increasing after a distance, d, would indi-
cate that most branching (in the associated dendrogram) is ocurring
at a distance greater than d.

Consider figure 5, which shows the graphs of the proportion of
card-pairs with distances greater than values of distance versus that
distance. Visual inspection of the graphs indicate that the degree of
structure in the dendrograms increases for staff class in the order:- ju-
nior nurses, senior nurses, junior doctors, senior doctors, at least for
values of d < 0.6. This agrees with what is seen on the actual den-
drograms, and intuitively makes sense in light of the actual roles of
the various staff classes (A deeper discussion of staff roles is beyond
the scope of this paper, and will be discussed further in a forthcom-
ing paper[4].). At this stage we have not calculated any confidence
limits for the graph, and so no definitive quantitative statements can
be made about differences in graph attributes.
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4.3 Information Measures

We have developed an information theoretic model, quantifying the
relationships of the distance matrices for different staff classes, as
outlined in section 3.2, and defined by equation 14. We then im-
plemented equation 7 (logarithm to base e was used), using the pa-
rameters derived from the distance matrices for the different staff
classes, and defining separate information systems, where the source
and user for each system was defined for all the possible combina-
tions of staff classes. This will become clear by inspection of table 3,
which quantifies the mutual information (in Nepers, log base e, per
symbol [card-pair]) for all the possible notional information systems
for the four classes of staff. For example, if we define an informa-
tion system were the source is derived from the junior nurse’s dis-
tance matrix, and the user is dervied from the senior nurse’s distance
matrix, the mutual information is 0.32 information units per symbol
(Neper).

When the source and user are identical, the mutual information is
zero, as there is no "surprise’ or uncertainty in determining the user
symbol given the source symbol. The larger the number implies a
greater information mismatch between source and user. Perusal of
table 3 indicates that there is the greatest information mismatch be-
tween senior doctors and the other three groups, whereas the infor-
mation mismatch between the junior nurses, senior nurses and junior
doctors is about constant at 0.3 Neper. This reflects what was shown
in the dendrograms and the graphs described earlier. However, a nu-
merical value is given that summarises the information differences in
the dendrograms, and as such may be used by computer algorithms
as a metric of information mismatch.

Table3. Mutual information measures, as a summary of the difference in
information content of dendrograms for the various staff classes. The units
are Nepers (natural logarithm) per symbol.

StaffClass | JN [ SN [ JD | SD |

JN 0.00 | 0.32 | 0.31 | 0.47
SN 0.00 | 0.29 | 0.48
JD 0.00 | 0.43
SD 0.00




5 SUMMARY and CONCLUSION

We have described card-sorting experiments designed to elicit
knowledge, from domain experts in a Neonatal Intensive Care Unit,
about how they mentally map clinical concepts. These experiments
produce data on how the subjects group concepts based on some
notion of similarity. Often, this card-sort data is not processed
further[3], but if processed further, the usual mode of analysis is clus-
ter analysis, which is applied to the data to produce dendrograms.
These dendrograms give useful incite into how people mentally or-
ganise concepts, but are often complex and tedious to analyse, and
are not easily amenable to inclusion in computer algorithms.

We have shown here, the feasibility of using both a graphical
method and a numerical method to summarise the information im-
plicit to dendrograms. The graphical method, which is not fully ex-
plored here, allows direct visual comparison of different (but re-
lated) dendrograms. This facilitates a quick analysis of the differ-
ence in structure of dendrograms under consideration. The numeri-
cal method uses an analogy to an information/communications sys-
tem model to produce measures of the information mismatch reflect-
ing the difference in structure of dendrograms (of the same domain).
These information metrics are suitable for direct use in computer de-
cision algorithms.

Note, this paper has only discussed the feasibility of the ap-
proaches developed within, and further development is needed, in
particular, the analysis of confidence intervals for the methods dis-
cussed.
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