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Abstract

This paper presents a computer-based model for differential diagnosis of specific language
impairment (SLI), a language disorder that, in many cases, cannot be easily diagnosed. This
difficulty necessitates the development of a methodology to assist the speech therapist in the
diagnostic process. The methodology tool is based on fuzzy cognitive maps and constitutes a
qualitative and quantitative computer model comprised of the experience and knowledge of
specialists. The development of the model was based on knowledge from the literature and then
it was successfully tested on four clinical cases. The results obtained point to its final integration in
the future and to its valid contribution as a differential diagnosis model of SLI.
© 2002 Elsevier B.V. All rights reserved.
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1. Introduction

Despite the numerous studies that have been conducted since the first half of the 19th
century [25], Specific language impairment (SLI) remains a language disorder that cannot
be easily diagnosed and discerned due to its similar characteristics to other disorders.
Research has shown that almost 160 factors can be taken into account in the diagnosis of
SLI [49] and that there is no widely accepted method of identifying children with SLI [23].
Therefore, it is necessary to develop a model of differential diagnosis of SLI, which will aid
the specialist in the diagnosis by suggesting a possible diagnosis.
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Speech assessment is a procedure, which should include a complete history of each
patient, diagnostic tests to examine all of the aspects of speech, language and communication
in general, as well as a detailed observation of the patient over a long period of time.
However, in many cases there are similar symptoms that correspond to a group of disorders.
Thus, the differential diagnosis has to determine which is the most probable disorder and the
goal of this study is to offer a model of differential diagnosis in order to facilitate this process.

In the first phase of this study, SLI and two other communication disorders were
examined, dyslexia and autism. Findings in the literature have shown that both dyslexia and
autism are disorders, whose diagnoses many times in the past have been confused with the
diagnosis of SLI [2,18,25,43,56]. In particular, the data have initially lead to the assump-
tion that SLI cases are confused either with severe cases of dyslexia or with mild cases of
autism. This assumption was supported by the results of this study, as well.

The proposed method of differential diagnosis is based on fuzzy cognitive maps (FCMs).
FCMs are a soft computing methodology that has been successfully used to model complex
systems [5,7,46—48] and to support making decisions [29]. The differential diagnosis
system can be considered a complex system. FCM theory uses a symbolic representation
for the description and modeling of complex systems. It utilizes concepts to illustrate the
different aspects of the model and behavior of the system while the concepts interact with
each other showing the dynamics of the system [22]. FCM structures can be used to
represent qualitative and quantitative data [28]. A FCM, due to the way it is constructed,
integrates the accumulated experience and knowledge on the causal relationship between
factors, characteristics and components of the system. In fact, it uses human experts that
know the system and its behavior under different circumstances.

This paper presents some basic factors that appear in all three disorders (SLI, dyslexia
and autism) with different frequency and severity in most cases. The considered factors are
either causative factors or symptoms of the disorders. A detailed and in-depth analysis of
the factors is not within the scope of this work. Instead, the development of an advanced
system is discussed that is capable of contributing to the differential diagnosis of SLI from
other disorders, taking into account the factors that are involved in each disorder. The
factors considered in the model, are those that have been found to play an important role in
the diagnosis of all three disorders. Some other factors (e.g. memory, auditory processing
and orientation in space and time) will be included in the next phase of the study, because
these factors need more investigation.

This paper contains five sections. Section 2 describes the disorders and their main
causative factors and symptoms, which are taken into account in this differential diagnosis
model. Section 3 describes FCMs, the method for developing the differential diagnosis.
Section 4 discusses the results of the successful implementation of the model in four known
clinical cases. Finally, Section 5 contains the conclusions and presents the future directions.

2. Disorders and factors
2.1. Definition of the disorders

SLI is a significant disorder of spoken language ability that is not accompanied by
mental retardation, frank neurological damage or hearing impairment. Children with SLI
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face a wide variety of problems both on language and cognitive levels, although it is
recognized that SLI children constitute a heterogeneous group [25]. SLI is congenital and it
is not a result of some disease or a psychological trauma.

Dyslexia is a disorder of children that appears as a difficulty in the acquisition of reading
ability, despite mental abilities, adequate school training or positive social environment
[39]. It is a disorder of written and not of spoken language, although it is possible for a
dyslexic child to have limitations in some aspects of spoken language as well [33]. Such a
child is very likely to learn how to read with adequate training, but will always remain
dyslexic. Dyslexics may also face problems concern writing and spelling, as well as other
academic abilities [39].

Autism is a developmental disorder and pathologically it is defined as an interruption or
aregression at a premature level of a person’s development [55]. The main idea in autism is
the impaired or limited relation that exists between the autistic person and its environment.
It constitutes mostly a severe social weakness rather than a frank language disorder. The
three basic terms that can give the picture, to a significant degree, of an autistic person are:
social withdrawal, repetitiveness and lack of communication [12].

2.2. Basic factors of the disorders

Some basic factors that appear in all three disorders with different frequency and severity
in most cases will be presented briefly. These factors are either causative factors or
symptoms of these disorders. They are separated into two main categories: language
factors (Table 1) and non-language factors (Table 2). Since only half or even less autistic
children develop the ability to use language as a means of communication [12], the
language factors used concern these cases of verbal autistic children.

The factors within each disorder were taken into consideration in a comparative way. For
each factor, the degree of its importance as a diagnostic criterion (d.c.) in determining the
corresponding disorder is provided in Table 1. The significance of each factor is defined
with the following fuzzy variables: (a) very-very important d.c.; (b) very important d.c.; (c)
important d.c.; (d) medium d.c.; (e) not very important d.c.; and (f) minimally important
d.c. These criteria were converted to fuzzy weights for this FCM differential diagnosis
model.

3. SLI differential diagnosis model
3.1. Fuzzy cognitive maps

Fuzzy cognitive maps are a soft computing tool that is a result of the synergy of fuzzy
logic and neural network methodologies and is based on the exploitation of the integrated
experience of expert scientists [7]. The graphical illustration of a FCM is a signed,
weighted graph with feedback that consists of nodes and weighted arcs. Nodes of the graph
are the concepts that correspond to variables, states, factors and other characteristics
incorporated in the model, which describe the behavior of the system. Directed, signed and
weighted arcs, which represent the causal relationships that exist between the concepts,
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Table 1

Language factors

Lexical abilities
SLI

Dyslexia

Autism

Syntax
SLI

Dyslexia

Autism

Significant delay in the acquisition of first words and first word combinations [25]. School age:
word-finding problem [24,41] and naming errors (both semantic and phonological) [34]. Very-
very important d.c.

Observations: word-finding problem, frequent naming errors [44]. Vocabulary: rather limited in
most cases. Few sentences, short answers. Medium to important d.c.

Extremely limited. Excessively delayed language development (very few reach the two-word
level). Limited vocabulary. Persistent naming of an object. Repetitive questions, not agreeing
with the content of a conversation [12]. Very-very important d.c.

Simplified. Omissions: the most common mistakes. Use of the basic syntactic categories
(subject—verb—object) [25]. Production of fewer sentences than normal children with the same
MLU [16]. Types of questions indicative of younger normally developing children [25]. Very-
very important d.c.

Difficulties in construction of syntactically correct sentences [33]. Small, syntactically poor
sentences. Incorrect intonation. Problems in both written and verbal language [11,32]. Medium
to important d.c.

Significant weaknesses. Great delay in syntax acquisition compared both with younger normal
children and mentally retarded children. The order of syntax development is qualitatively
similar. Incorrect order of partial components of a sentence. Use of memorized pieces of
speech [12]. Very important d.c.

Grammatical morphology

SLI

Dyslexia

Autism

Mainly: omissions, replacements or mistaken use of articles, plural of nouns (-s), pronouns,
regular past (-ed), third person singular (-s), irregular past and copula, and auxiliary “be”
forms and “do” forms [16]. Very-very important d.c.

Inadequacy in the acquisition of grammar. Great difficulty in the conjugation of nouns and
verbs and in distinguishing regular and irregular verbs especially in the past tense [32].
Medium to important d.c.

Great difficulties in the use of the language forms that express tense and person [12]. The order
in which grammatical morphemes appear is the same in autistic, normal younger and children
with Down syndrome [12]. Misuse of personal pronouns [17,12]. Very important d.c.

Phonological development

SLI

Dyslexia

Autism

Pragmatics
SLI

Similar characteristics with the phonology of younger normally developing children.
Acquisition of phonemes occurs with the same order as in normal children but at a slower
rate [25]. Consonant cluster reduction, final consonant deletion and word-initial weak syllable
deletion (processes frequently observed in two-year old normal children) [15,25]. Some
unusual phonological errors. Important d.c.

Difficulty in separating a written or spoken word in its phonological components [44]. Many
errors in exercises concerning mixing sounds of language and relating a sound to its symbol
[33]. Very-very important d.c.

During the premature language development, autistic children may have difficulties in
formatting phonemes. Often confusion of words that are acoustically similar [12]. Medium d.c.

Reduced performance with respect to the acts of speech (requesting, naming, warning,
thanking, questioning, etc.) which seem to reflect their problems in morphology and syntax
[25]. Participation in conversations or initiation of conversations easier with peers than with
adults [10,25]. Medium to important d.c.
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Table 1 (Continued)

Dyslexia -

Autism Difficulties in the pragmatic use of language: one of the most important language
characteristics of autism. Difficulty in beginning or even continuing a conversation [12,17].
Particular difficulties in: choosing topics, going from one topic to another, taking turns and
preserving the cohesion of a conversation [12,42]. Incorrect use and understanding of prosody
and metaphors [12,17]. Very-very important d.c.

Reading ability

SLI At high risk of limitations in reading ability at school age [21,36]. In some cases, reduced
reading comprehension [50]. Confusion with severe cases of dyslexia. Medium to important
d.c.

Dyslexia Very serious problems. Difficulty in distinguishing words with the same letters and in reading

uncommon words, mirror reading, mistaken pronunciation of vowels and replacement of words
by others with similar meaning [39]. Slow, hesitant reading or even syllabicating [33].
Difficulties in reading comprehension [1]. Very-very important d.c.

Autism A remarkable percentage of autistic children that are mental retarded learn how to read up to a
very satisfying degree [12]. Autism and hyperlexia [40]. Important d.c.

Echolalia
SLI Appears only in severe cases of SLI [19]. Confusion with some cases of autism. Minimally
important d.c.
Dyslexia -
Autism One of the main language characteristics of autism. Ability to repeat large or small pieces of

language extremely accurately [12]. Very-very important d.c.

Comprehension of verbal language

SLI At a higher level than production. Limited, up to a point, compared with normal children of the
same age [25]. Medium d.c.

Dyslexia Comprehension of verbal language is affected but not to a very high degree. Confusion in the
comprehension of compound commands [1]. Not very important d.c.

Autism Quite impaired. Severe difficulties in understanding the meanings of words, the subtext and of

non-verbal components of communication [12]. Very-very important d.c.

Other factors

SLI Mean length of utterance (MLU). The MLU of children with SLI approaches the MLU of at
least one year younger normal children [25]
Dyslexia Writing and spelling abilities. Severe problems, that are mainly connected with the problems in

reading ability. Most common problems: many spelling errors, mirror writing, ‘‘untidiness” of
written papers, use of capital letters among lower case, and omissions, transpositions,
additions, and replacements of letters, syllables or even words [33,39]

Autism -

interconnect the FCM concepts. An illustration of a simple FCM is depicted in Fig. 1. Each
concept represents a characteristic, state or variable of the system; concepts stand for
events, actions, goals, values and/or trends of the system being modeled as an FCM. Each
concept is characterized by a numeric value that represents a quantitative measure of the
concept’s presence in the model. A high numeric value indicates the strong presence of a
concept. The numeric value results from the transformation of the real value of the system’s
variable, for which this concept stands, to the interval [0, 1]. All the values in the graph are
fuzzy, so weights of the arcs are described with linguist values that can be defuzzified and
transformed to the interval [—1, 1]. Studying this graphical representation, one can
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Non-language factors

Verbal and non-verbal IQ

SLI
Dyslexia

Autism

Heredity
SLI

Dyslexia

Autism

Sociability
SLI

Dyslexia

Autism
Mobility

SLI

Dyslexia

Autism

A difference between verbal and non-verbal 1Q, with the first being around 70 and the second
being within normal limits [25]. Very-very important d.c.

Steadily lower performance in verbal WISC test than normal readers, while the total 1Q is
within normal limits [1]. Very-very important d.c.

Scores in verbal subtests in contrast to non-verbal subtests are very low: three out of four autistic
children are mentally retarded [12]. Medium to important d.c.

Plays an important role in many cases. Inconsistent percentages in studies: 20, 39 and 75%
[35,51,57]. Medium to important d.c.

Very important role. Percentages are reported on existence of positive family history: from 50 to
88% [6,39]. Very important d.c.

Significant role. Genetic predisposition for cognitive and language disorders [12]. Two percent
of autistic siblings are also autistic. Important d.c.

Interaction with fewer peers. Selected as playmates in smaller percentages than normal children
[14]. Medium to important d.c.

Low self-esteem. Pathological fears and mood disorders in small percentages [26]. Difficulties
in interacting with peers [4]. Medium d.c.

Characterizing element: impaired social behavior. Extreme difficulty or inability to develop
social relationships. Weakness to understand social rules [12]. Indifferent to presence of others
or shy, fearful, anxious, aggressive [42]. Very-very important d.c.

May be clumsier and have slower motor responses than normally developing children of the
same age [3]. Medium d.c.

Two cases: (1) clumsiness, hyperactivity, impulsiveness [26], difficulty writing [39]; (2) very
good motor coordination [26]. Case dependent

Rather impaired. Stereotypical and constant movements of legs, hands, head, body etc.,
stereotypical jumping or shaking, difficulty in imitating complicated movements, walking on
toes and in some cases deficient movements of articulators [12]. Exception: rather developed
mobility [17]. Very-very important d.c.

Attention ability

SLI
Dyslexia

Autism

Limited attention and concentration abilities may be present [53]. Medium d.c.

Reduced attention ability and great difficulty in concentrating on one task for a period of time
[26,33]. Medium to important d.c.

Attention can be easily distracted. Non-steady eye contact. Reduced interest for many activities
[12,42]. Very-very important d.c.

Arithmetic ability

SLI

Dyslexia

Autism

Symbolic play
SLI

Dyslexia
Autism

Pre-school age: difficulties remembering correct order of arithmetic words. School age:
difficulty remembering very simple arithmetic operations or the correct order of numbers
beyond 20 [9]. Reduced counting speed [8]. Medium to important d.c.

Two cases: (1) frequent problems, memorization difficulties of multiplication tables or
subtracting numbers [39], and confusion of visually similar arithmetic symbols and numbers
[1]; (2) great performance in arithmetic [39]. Case dependent

Two cases: (1) very high abilities in math and in performing arithmetic operations [12]; (2) very
low or mediocre abilities [42]. Case dependent

Less developed symbolic play. Same quality as that of younger children with the same MLU
[25]. Medium d.c.

The level of symbolic play is rarely reached and if so, its simplest form. Tendency to use objects
and games without intention [12]. Very-very important d.c.
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Fig. 1. Graphical representation of fuzzy cognitive map.

conclude which concept influences other concepts and what are the interconnections
among them. This representation makes the updating of the structure of the graph easy, as
new information becomes available or as more experts are asked. This can be done, for
example, by the addition or deletion of an interconnection or a concept.

Between concepts, there are three possible types of causal relationships expressing the
type of influence of one concept on another. The weight of an interconnection, W;;, for the
arc from concept C; to concept C;, can be positive (W;; > 0), which means that an increase
in the value of concept C; leads to the increase of the value of concept C;, and a decrease in
the value of concept C; leads to the decrease of the value of concept C;. Or there is negative
causality (W;; < 0), which means that an increase in the value of concept C; leads to the
decrease of the value of concept C; and vice versa. When there is no relationship from
concept C; to concept C;, then (W; = 0) [22].

When the FCM starts to model the system, concepts take their initial values and then the
system is simulated. At each step, the value of each concept is determined by the influence
of the interconnected concepts on the corresponding weights:

n
A =r DD Wi (1)
j=Lj#i
where A'™! is the value of concept C; at step ¢+ 1, A; the value of the interconnected
concept C; at step t, Wj; the weighted arc from C; to C;, and f a threshold function.

A FCM is a type of cognition network, which is developed by experts, using an
interactive procedure of knowledge acquisition. An expert defines the main concepts that
represent the model of the system, based on his knowledge and experience on the operation
of the system. At first, the expert determines the concepts that best describe the system. He
knows which factors are crucial for the modeling of the system and he represents each one
by a concept. Moreover, he has observed which elements of the system influence other
elements and for the corresponding concepts he determines the positive, negative or zero
effect of one concept on the others. He describes each interconnection with a linguistic
value that represents the fuzzy degree of causality between concepts.

For better results in the development of the FCM and in order to create an advanced
FCM, a group of experts is used. All experts are polled together and they determine the
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relevant factors, the main characteristics of the system and thus, the number and kind of
concepts, which should be contained in the FCM. Then, they determine the structure and
the interconnections of the network using fuzzy conditional statements [20]. It is not
necessary that all experts agree and assign exactly the same interconnections. FCMs can
deal with multiple, perhaps even contradictory/conflicting data from experts, since explicit
rules are not extracted as in rule-based expert systems. In order to deal with this, it is
possible to assign credibility weights for each expert [46]. Thus, the FCM will represent the
extraction of knowledge and experience of the more credible experts.

A major advantage of FCMs is that they can handle even incomplete or conflicting
information. This is very important in the diagnosis of language/communication disorders
because frequently important information may: (a) be missing (e.g. it may not be possible
to conduct certain tests); (b) be unreliable (they may be a result of unreliable measurement
techniques); (c) be vague or conflicting (there may be more than one logical ways to
interpret them); or (d) be difficult to integrate with other information [13].

The development procedure of the FCM not only determines the number and kind of
concepts making up the FCM, assigns linguistic weights from experts and combines
them, but it continues a step further. The linguistic weights of the FCM are transformed
into numerical weights using the methodology proposed in [48]. Then, an algorithm is
proposed for adjusting the weights of the FCM in order to ensure that the FCM will
always converge to a fixed desired region. Actually, the FCM could converge to a fixed
point, limit cycle, or chaotic attractor [7], but when FCMs are used for the decision
making process, it is desirable to converge to a region corresponding to the selection of
one decision. This algorithm is used successfully in this research work here to
strengthen some weight interconnections and weaken some others and it is presented
in Section 3.2.

3.2. Description of the differential diagnosis model

The proposed FCM, depicted in Fig. 2, consists of two different types of concepts. The
three central concepts (disorder concepts) correspond to the three disorders. The factors
presented in Section 2 belong to the second type of concepts, factor concepts which are
symptoms and cause factors to the disorder concepts, and they are considered as
measurements that can determine the result of the diagnosis. The direction of interconnec-
tions between the concepts is shown in Fig. 2 by the arrowed arcs. This shows in a simple
way which concept influences another concept. However, due to limited space and in order
to make the figure simpler, the sign and weights of the connections are not illustrated in
Fig. 2. These are extracted from Table 1 by assigning the qualitative (linguistic) values:
very-very high, very-high, high, etc. to the importance of each diagnostic criterion,
respectively. These connections may show a positive or negative dependence between
factors and disorders. A positive connection (+4) implies that the given factor increases the
probability of diagnosis of the connected disorder. Lack of connection between a factor and
a disorder suggests that no influence of that factor on the disorder has been found, yet. A
negative (—) connection between the factor and the disorder (such as reading ability and
autism in Table 1) implies that the existence of the given factor must lead to reduction of the
probability of diagnosing the particular disorder.
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Fig. 3. Membership functions.

Apart from describing the direction of causality between two concepts and the sign of
causality, the degree of cause and effect between two concepts must be determined, since
we do not expect that all factors have the same weight for a given disorder, nor the same
weight for each disorder. Each expert describes the degree of influence for each inter-
connection using a linguistic variable. Thus, each expert of the group of experts suggests a
linguistic weight for each interconnection, so a set of linguistic weights for each
interconnection is assigned. This set of weights for each interconnection is integrated,
using a sum combination method and then the defuzzification method of center of area
(CoA) [28,31] is used and a numerical weight for this interconnection is produced, which
belongs to the interval [—1, 1]. In this first phase of the research, published research results
have been used as “‘experts” and these were integrated using the procedure described
above.

The allowable linguistic variables for this application may belong to the fuzzy sets
described below. Each fuzzy set corresponds to a membership function shown in Fig. 3.
Seven membership functions are suggested to describe the degree of influence, giving the
possibility to the experts to describe in detail the influence of one concept to another:

M(very-very low): the fuzzy set for influence around 10% with membership function ;.
M(very low): the fuzzy set for influence around 20% with membership function u,;.
M(low): the fuzzy set for influence around 35% with membership function .
M(medium): the fuzzy set for influence around 50% with membership function p,y,.
M(high): the fuzzy set for influence around 65% with membership function p;,.
M(very high): the fuzzy set for influence around 80% with membership function fiy,.
M(very-very high): the fuzzy set for influence around 90% with membership function

Hyvh-

The membership functions are not of the same size since it is desirable to have finer
distinction between grades in the lower and higher end of the influence scale.

As an example, three experts have been asked to develop a FCM and they each propose
different linguistic weights for the interconnection Wj; from concept C; towards concept Cj:
(a) positive and high; (b) positive and very high; and (c) positive and very-very high. The
three suggested linguistic weights are summed and using the defuzzification method of
CoA, the summed value is transformed into the numerical value of W;; = 0.7396.

However, the real strength of FCMs is their ability to describe systems where there are
feedback relationships and relationships between the factor concepts. Interrelations
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between factor concepts have also been found and are presented in Table 3. The linguistic
weight of low is considered for all the connections.

The proposed FCM of Fig. 2 also has connections (arcs) between the disorder concepts.
These are not cause—effect connections, but inhibitory connections. In this application
where FCMs are used to establish a diagnosis, the disorder concepts are considered
outputs. These output nodes must “‘compete’ against each other in order for only one of
them to dominate and be considered the correct diagnosis with the highest probability. Here
anew idea is proposed for achieving this “competition’ between concepts. The interaction
of each of these nodes with the others should have a very high negative weight (even —1).
This implies that the higher the value of a given node, this should lead to a lowering of the
value of competing nodes, i.e. strong inhibition.

Another new consideration is that in the FCM in which there are nodes that do not accept
feedback, it is important not to allow the values of those nodes to change. In order for this to
be achieved, a check should be made of each node to examine if it accepts inputs from other
nodes. If not, then a self-feedback value of the node should be set at 1 and the value of that
node after each repetition should remain the same. Therefore, the algorithm is as follows.

e Set values A; of nodes according to a patient’s symptoms and causative factors. The
symptoms’ and causative factors’ values are described using fuzzy degrees similar to the
weights, i.e. none, very-very low, very low, low, medium, high, very high, and very-very
high. These fuzzy degrees correspond to the crisp numerical weights 0, 10, 20, 35, 50,
65, 80 and 90%, respectively. The fuzzy values of the factor concepts that represent the
estimate of the speech pathologist for each clinical case that is examined are defuzzified.
The disorder concepts are given the initial value of O because there is no initial
diagnosis.

e The fuzzy connection weights between the factor concepts and the disorder concepts are
converted to initial values (between O and 1) using defuzzification. These are then
placed in matrix W. The values in the first column correspond to the weighted
connections from all the concepts towards the SLI disorder concept, the values in
the second column correspond to the weighted connections from all the concepts
towards the dyslexia disorder concept, and the values in the third column correspond to
the weighted connections from all the concepts towards the autism disorder concept.
Also included in this matrix are the —1 weight values for competition between output
disorder concepts, as described earlier. The values of the first three rows of the
remaining columns are zero since there are no connections from disorder concepts
towards factor concepts. The remaining submatrix of Wand has its diagonal equal to 1.
This ensures that the values of factor concept with no connections to other factor
concepts remain unchanged. The matrix W (after defuzzification) for the values
corresponding to the connections between concepts is shown in Fig. 4. The values
of the diagonal weight elements sli_f, dys_f, and aut_f are a result of a logical majority
rule operation. This means they are either O or 1 depending on whether the patient under
investigation shows the majority of critical symptoms to a severe degree for the
corresponding disorder. These critical symptoms are those that have the indication
very-very high d.c. in Section 2.

e Use update rule: Ay, = A5 W.



Table 3
Relationships between factor concepts

Findings Influencing factor

Influenced factors

Late talkers at high risk for developing reading difficulties Reduced lexical abilities
[25]. Children with language delay may be at high risk for
developing learning disabilities [37]. Strong relationship
between vocabulary knowledge and reading comprehension [52].
Speech delay may have a significant impact on social as well
as academic life of children [27]
Knowledge of morphology is critical for good Problems in grammatical morphology
reading abilities [52]
Children with poor motor coordination and hyperactivity may Impaired mobility
be at high risk for developing learning disabilities [37]
Children with short attention span may be at high risk for Attention distraction
developing learning disabilities [37]. Reading disability
relatively common in children with inattention problems
becoming even more frequent as the child [45]
The children who became poor readers were much weaker Problems in syntax
than other groups on the syntactic and phonological
measures [45]. Abilities in syntax and grammatical
morphology are closely related [25]

Impaired or limited phonological development

Problems in grammatical morphology

Reading difficulties, reduced arithmetic ability,
reduced ability of verbal language comprehension,
impaired sociability

Reading difficulties
Reading difficulties, reduced arithmetic ability

Reading difficulties, reduced arithmetic ability

Reading difficulties, problems in
grammatical morphology

Reading difficulties
Problems in syntax
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shie - 14 0 0 0 00 0 00 00 0]
-1 dys_f -1 0 0 0 0 O 0 00 00 0
-1 -1 aut f O 0 0 0 0 o 0 00 0 0O O O
0.9 0.58 0.9 1 0 0O 0 0 02 002 00 02 00 02 O
0.9 0.58 0.8 0 1 02 0 002 0 0 00 O OO O O
0.9 0.58 0.8 0 02 1 0002 0 0 00 O 00 O O
0.65 0.9 0.8 0 0 o 1 002 0 0O 00 O OO O O
0.58 0 0.9 0 0 o o1 0 00O 0O O OO O O
W =] 058 0.9 -065 0 0 o 00 1 00 OO O OO O O
0.2 0 0.9 0 0 o 00 0 1 0 0O O OO O O
0.8 0.35 0.9 0 0 o 00 0 01 00 O 0O O O
0.9 0.9 058 0 0 o 00 0 0O 10 O 0O O O
058 070 065 O 0 o 00 0 0O O1 O O0O0 0 O
0.58 0.8 0.9 0 0 o 00 0 00O OO I 0O O O
0.8 0 0.9 0 0 o 0 002 0 0O 00 O 10 02 O
0.5 0.58 0.9 0 0 0O 0 002 0 0O 00 O O0O1 02 O
0.58 0. 0D 0 0 o 00 0 0O OO O OO 1 O
0.5 0 0.9 0 0 0O 0 0 o 0 00 0 00 0 1

Fig. 4. Example of matrix W.

e Pass the elements of A, Where the first three elements correspond to the values of the
disorder concepts, through a sigmoid non-linearity to ensure values of concepts between
0 and 1. The unipolar sigmoid is given by:

1

- @)

fx)
where 4 > 0 determines the steepness of the sigmoid.

e Since there is feedback between disorder concepts (the new value of a disorder concept
is affected by the value of the others), there must be a number of repetitions of the above
algorithm in order for the disorder concepts to reach their final values. When
equilibrium has been reached and the values of the disorder concepts no longer change,
the procedure stops and the final values of the disorder concepts are found, the
maximum of which is the most probable diagnosis. It should be noted that these values
do not represent probabilities per se.

In essence, a model was developed that is capable on its own to perform a comparison
and lead to a diagnosis. The only things that were comparatively taken into consideration
by the researchers in the development of the model were the weights of the factors for each
disorder separately. For example, for SLI the problems in grammatical morphology have a
weight of +very-very high, whereas the problems in phonology have a weight of +high.
This means that the existence of problems in grammatical morphology in a case influences



274 V.C. Georgopoulos et al./Artificial Intelligence in Medicine 29 (2003) 261-278

the diagnosis of SLI more than the existence of phonological problems. This does not
imply that only one or the other type of problems exists. Rather it means that the first,
according to the literature, is more prevalent than the second in a case. Of course, it would
not be possible for the model to make such a comparison when the factors are taken into
consideration on equal basis for all the disorders, because dissimilar things are being
compared. For this reason, factors were chosen for each disorder that have the highest
weights—which implies that these are more crucial in determining the diagnosis of each
disorder—in order to constitute the key factors whose existence in a case is taken into
consideration by the model more than the existence of other factors. This suggests that a
sufficient model was developed which, under constraints (described above), processes the
information about a case in such a way that out of three possible diagnoses we are lead to
the diagnosis of the most probable disorder.

4. Confirmation of results of the model for four clinical cases

After the construction of the above differential diagnosis model, four case studies from
the literature were investigated (two on SLI [54,56], one on dyslexia [38] and one on autism
[30]), in order to confirm its effectiveness. The value of occurrence of each factor in each
case study is denoted with similar qualitative degrees, as shown in Table 4. For the cases
that the value of a concept factor is 0, it denotes that either there was no information
supplied on the given factor or that the given symptom did not exist. The following initial
vectors of concepts values are used for each one of the four cases; their values are produced

Table 4
Weight of each factor concept for each clinical case
Number  Factor concepts Case 1 Case 2 Case 3 Case 4
1 Reduced lexical abilities Very-very high  High Medium to high 0
Problems in syntax Very-very high  Very high High 0
3 Problems in grammatical Very high Very high High 0
morphology
4 Impaired or limited 0 0 High 0

phonological development

5 Impaired use of pragmatics 0 0 0 0
6 Reading difficulties 0 0 Very-very high 0
7 Echolalia 0 0 0 Very-very high
8 Reduced ability of verbal 0 0 0 Very-very high
language comprehension
9 Difference between verbal High High High 0
and non-verbal 1Q
10 Heredity High 0 0 0
11 Impaired sociability Medium 0 0 Very-very high
12 Impaired mobility 0 0 Medium Very high
13 Attention distraction 0 0 0 Very high
14 Reduced arithmetic ability 0 0 Medium 0
15 Limited use of symbolic play 0 0 0 0
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Casel Case2

0 0 SLI
0 5 10 0 5 T R DYSLEYXIA

nurmher of repetitions number of repetitiors -0 AYTISM

0 5 10 0 5 10
number of repetitions nurber of repetitions

Fig. 5. Results of four clinical cases.

implementing using the defuzzification method of CoA on the linguistic values of Table 4,
respectively:

Ap=[0 0 0 09 09 08 0 0 0 O O 0.65 065 05 0 0 0 0
Ap=[0 0 0 08 09 09 0 0 0 0 O 065 0 O 0 O O O]
Ap=[0 0 0O 058 08 08 08 0 09 0 0 065 0 0 05 0 05 0]
Ap=[0 0 0O 0O OO O OO 09 09 0 0 09 08 08 0 0

Fig. 5 contains plots of the values of the output nodes, SLI, dyslexia and autism as a
function of the number of repetitions for each case. Each node converges to a final value
and the node with the maximum value is the most probable diagnosis based on the model.
In all four cases, even though the information was incomplete, the result given by the model
agreed with the published diagnosis. That is in all four cases, the correct diagnosis was
concluded: SLI, SLI, dyslexia and autism, respectively (Fig. 5). Only in the case of dyslexia
the maximum valued-final diagnosis, even though correct, differed by a relatively small
amount from the second (which was SLI) for the reason that it is a severe case of dyslexia.
As was originally hypothesized and is shown below, severe cases of dyslexia are often
confused with SLIL.

At this point, in order to confirm the initial hypothesis, i.e. that SLI is often confused
with severe cases of dyslexia and mild cases of autism, the procedure was repeated 10,000
times with random values of factor concepts (this is equivalent to 10,000 different supposed
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cases with the given symptoms whether they existed or not). With this method, it was found
that whenever the diagnosis was not SLI, in the very high majority of cases, the second
most probable diagnosis was SLI, partially confirming the above hypothesis.

5. Conclusions and future directions

The major goal of this research was to describe a new approach to the differential
diagnosis of SLI from dyslexia and autism based on FCMs, since it had been found that SLI
cases were confused either with severe cases of dyslexia or with mild cases of autism. To a
high degree this goal was achieved since the reported trials fully verified the effectiveness
of the model.

In this first phase of the research, published results from the literature were used as
“experts” and these were combined using the center of area method to design the
differential diagnosis FCM. A questionnaire is under development, which will be sent
to expert specialists along with the description of the current diagnostic model for the
enrichment and improvement of the model. The reason FCMs were chosen as the design
methodology is because they can be easily interpreted, since they clearly show the
relationships between the different concepts and, at the same time, it is relatively easy
to add or remove concepts, whenever necessary.

The ultimate goal of this effort is to develop a sufficient estimation model that can
reliably be used complementary to other diagnostic methods to assist the speech pathol-
ogist in cases of language and communication disorders that are difficult to discern. Even
though this effort is in its initial stage, we hope that when successfully completed it will
contribute to the field of differential diagnosis in speech and language pathology.
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