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Tower of London test: A comparison between
conventional statistic approach and modelling
based on artificial neural network in
differentiating fronto-temporal dementia from
Alzheimer’s disease
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Abstract. The early differentiation of Alzheimer’s disease (AD) from frontotemporal dementia (FTD) may be difficult. The
Tower of London (ToL), thought to assess executive functions such as planning and visuo-spatial working memory, could help in
this purpose.
Twentytwo Dementia Centers consecutively recruited patients with early FTD or AD. ToL performances of these groups were
analyzed using both the conventional statistical approaches and the Artificial Neural Networks (ANNs) modelling.
Ninety-four non aphasic FTD and 160 AD patients were recruited. ToL Accuracy Score (AS) significantly (p < 0.05) differentiated
FTD from AD patients. However, the discriminant validity ofAS checked by ROC curve analysis, yielded no significant results
in terms of sensitivity and specificity (AUC 0.63). The performances of the 12 Success Subscores (SS) together with age, gender
and schooling years were entered into advanced ANNs developed by Semeion Institute. The best ANNs were selected and
submitted to ROC curves. The non-linear model was able to discriminate FTD from AD with an average AUC for 7 independent
trials of 0.82.
The use of hidden information contained in the different items of ToL and the non linear processing of the data through ANNs
allows a high discrimination between FTD and AD in individual patients.
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ri, Unità di Neurologia, Policlinico S.Orsola Malpighi, Bologna; I.
Appollonio, Clinica Neurologica, Ospedale S. Gerardo, Monza; C.
Mina, Dipartimento di Neurologia, Policlinico Umberto I, Roma; G.
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1. Introduction

Alzheimer’s disease (AD) is the prevalent type of
dementia in the elderly, followed by FTD which is con-
sidered the second commonest cause of dementia in
persons younger than 65 [18]. There is also evidence
that late onset FTD is not uncommon, generating some
difficulties to the differential diagnostic process from
frontal variant of AD, when language or dysexecutive
deficits are prevalent. An early differentiation between
these two forms may help choosing a therapeutic ap-
proach with cholinesterases inhibitors which are re-
stricted to AD, while for FTD there is no mention for
symptomatic or disease modifying therapy. Second-
ly, both AD and FTD have significant implications for
family members and a correct genetic counselling is
largely dependent on a correct diagnosis. Lastly, AD
and FTD have different natural histories and prognostic
features that patients and their caregivers have to face
with.

Besides current clinical criteria, mostly descriptive
for FTD [26] and AD [23], several neuropsychologi-
cal [37], behavioural [16], neuroimaging [29] and func-
tional [12,15] tools have been proposed to achieve an
early and reliable differentiation.

With important exceptions [14,37], there is general
agreement that neuropsychological tests measuring ex-
ecutive functions, are valid instruments to differentiate
AD from FTD [20,28].

Executive deficits, traditionally linked to the pre-
frontal dysfunction, are heterogeneous and difficult to
measure with a single cognitive test [32]. The difficulty
is partly a consequence of a large variety of functions
subserved by frontal lobes, as well as to the defini-
tion of executive functions, which includes a number
of abilities, such as planning, set shifting, monitoring,
impulse control, abstract reasoning, set maintenance
and inhibitory control of actions [10].

The Tower of London (ToL) has been derived from
the more complex Tower of Hanoi [2] which is one of
the classic puzzles, created by French mathematician
Eduardo Lucas in 1883, and originally proposed as a
valid tool to study visuospatial planning abilities and
problem solving [39].

In a previous study [13] using a simplified version
of ToL, AD performed worse than normal controls on
planning ability. The goal of the present study was
to evaluate the sensitivity of ToL to differentiate AD
from FTD in a large sample of subjects, comparing
two different statistical approaches, namely a classical
analysis vs non linear analysis consisting on artificial
neural networks.

2. Patients and methods

2.1. Patients

Twentytwo Dementia Centers from Universities or
General Hospitals agreed to participate to the study.
Consecutive patients with probable AD or frontal/
dysexecutive variant of FTD according to current re-
search criteria [23,26], with mild to moderate cognitive
impairment (MMSE unadjusted score> 18 [24]) and
no clinical evidence of comprehension deficits entered
the study. Patients were dwelling in the community and
were free from psychotropic drugs; cholinesterase in-
hibitors were allowed for AD subjects only when they
were on stable dose regimen during the last two months
before the participation into the study.

Besides the standard neuropsychological battery
used by each Center according to the international and
Italian guideline for the diagnosis of dementia, further
tests were also used encompassing attention, executive
functions, visuospatial and constructional abilities and
depression, namely numerical matrices [35], seman-
tic and phonological verbal fluencies [27], the Raven’s
Coloured Progressive Matrices (RCPM) [3], costruc-
tive praxia with (CDP) and without planning (CD) ele-
ments [6] and a Geriatric Depression Scale (GDS [34]).

2.2. Tower of London

A simplified version of the ToL described by Kriko-
rian et al. [19] has been used in this study, consisting
of three wooden pegs of different length, mounted on a
strip of wood and three balls of the same size, painted
on different colours (red, blue and green) placed on
each peg. Patients have to arrange the balls on the pegs
in order to achieve a new defined configuration from
a predetermined initial position. The task consists of
twelve problems (lond 1; lond 2;. . . lond 12.) of grad-
ed difficulty to be solved in the least number of moves
(2–5). A problem is correctly solved when the end state
is achieved in the prescribed number of moves. Three
trials are allowed for each problem. The score for each
problem ranges from 0 to 3 points.

Three different scores are considered:

a) Success score (SS): 1 point is given for the correct
response in each problem and 0 for failure; the
score ranges from 0 to 12;

b) Complexity score (CS): the percentage of vari-
ation in “difficult” tasks (number of success in
items 9–12 requiring up to five moves) in compar-
ison to “easy” tasks (number of success in items
1–4 requiring two or three moves);
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c) Accuracy score (AS) or total score: three trials are
allowed for each problem; 3 points are given for
the successful solution on the first trial, 2 points
on the second and 1 point on the third trial. A
score of zero is given if all three trials are failed.
The maximum possible score is 36.

Success Score is a measure of global planning ef-
ficiency. The Complexity Score quantifies the ability
to cope with more and more complex tasks. The Ac-
curacy Score measures the number of wrong solutions
and/or the number of violations of the defined rules
(e.g., picking up more than one ball at a time), giving
an index of accuracy of the planning.

The original paper by Krikorian also mentioned the
possibility of measuring latency and execution times.
On the basis of our previous experience [13], we decid-
ed to avoid any time measurement, allowing to the pa-
tients to complete the task without any time constraint.

Overall, the test took approximately 20 minutes to
be admnisitered.

In order to obtain a better homogeneity of the results,
a training session for each neuropsychologist involved
in the test administration, was established during a ded-
icated meeting before the study.

2.3. Statistical analysis

Two different ways of analysis were conducted, the
first using a classical approach, consisting of inde-
pendent t test to compare the demographic profile
and MMSE global score of patients and controls and
Wilcoxon’s test to compare AS and CS.

The discriminant validity of AS between FTD and
AD patients was checked by ROC curve analysis. Cor-
relation between AS and neuropsychological battery
was assessed by Spearman’s rank correlation test. All
statistical tests, corrected for multiple comparisons,
were two tailed and a value of 0.05 or below was ac-
cepted as indicator of significance.

Since in an early paper [13] SS and AS did not differ
significantly, only AS is presented in this analysis to
ascertain the between-group differences and the corre-
lation with the remaining neuropsychological tests.

Normative data for the ToL were collected in a large
sample of healthy individuals in another study (paper
in preparation). The results showed significant effects
of age, sex and education on the individual scores. For
this reason adjusted scores were used in our analysis.

Statistical analysis was performed using SAS 8.2.

2.4. Methods involving artificial neural networks
(ANNs)

The second statistical approach was based on a non
linear analysis by means of ANNs.

ANNs are computer algorithms inspired by the high-
ly interactive processing of the human brain. Like the
brain, they can recognize patterns, manage data and
learn. When exposed to a complex data set, they recog-
nize the underlying mechanisms of time series and out-
comes, thus identifying complex interactions among
input data, and recognising hidden relations which usu-
ally are not apparent when traditional statistical ap-
proaches are used. They are particularly suited for solv-
ing problems of the non linear type, being able to re-
construct the approximate rules that put a certain set of
data – which describes the problem being considered –
with a set of data which provides the solution.

These decision-support systems, based on novel
mathematical laws made their entry into medicine sev-
eral years ago [43], and efforts to improve predic-
tive and prognostic performance of these systems have
led to their application tools for clinical decision-
making [8,9,45]. ANN are highly flexible computer-
ized mathematical models for understanding and pre-
dicting complex and chaotic dynamics in complex bio-
logical systems, and have been effectively used to solve
non-linear problems related to diagnostic or prognostic
queries [4,8]. Thus, ANN would appear to be a promis-
ing tool for clinical decision-making and have been ap-
plied in various areas of Alzheimer research [11,21,
31]. Artificial Neural Networks (ANNs) are adaptive
models for the analysis of data which are inspired by
the functioning processes of the human brain. They are
systems which are able to modify their internal struc-
ture in relation to a function objective.

In this study, supervised ANNs networks were em-
ployed, where the output desired was already defined.
The input variables to feed AANs were represented
by the following variables: gender (male; female) age
(years); schooling (education years); performance to
each TOL items (lond 1; lond 2. . . lond 12) plus total
score (lond tot) These variables operated as indepen-
dent variables. Output variables, operating as depen-
dant variables, were FDT and AD diagnosis.

The ANNs employed in this analysis had the follow-
ing architecture:

– the input vector had number of nodes equal to the
number of independent variables (17);

– the output vector had two nodes corresponding to
the two different diagnoses FTD vs AD;
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– 1 layer of hidden units.

Supervised ANNs along a sufficient number of recur-
sive equations application (at least 1000 times) calcu-
lated an error function measuring the distance between
the desired fixed output (target) and their own output,
adjusting during this training process the values of the
numerical weights of connections among input nodes,
hidden layer nodes, and output nodes to minimize the
result of the error function.

The learning constraint of the supervised ANNs aims
to make the ANN output coincide with the predefined
target, i.e. the actual diagnosis of each patient. The
general form of these ANNs is: y= f(x,w*), where
w* constitutes the set of parameters which best ap-
proximate the function. The ANNs used in the study
are characterized by the law of learning and topology.
The laws of learning identify equations which trans-
late the ANNs inputs into outputs, and rules by which
the weights are modified to minimize the error or the
internal energy of the ANNs.

In this study we have used as standard model the The
Back Propagation standard (BP-FF) which belongs to
a very large family of ANNs defined by different inter-
connected layers of nodes characterized by a non lin-
ear function, which can be differentiated and is limited,
that has a linear combination of the activations coming
from the previous layer in input. Generally the function
in question is of the sigmoidal type. The fundamen-
tal equation that characterizes the activation of a single
node and therefore, the transfer of the signal from one
layer to another is:
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The validation protocol is a fundamental procedure
to verify the models’ ability to generalize the results
reached in the testing phase. Among the different pro-
tocols reported in literature, the selected model is the
protocol with the greatest generalization ability on data
unknown to the model itself.

The procedural steps in developing the validation
protocol rely on the following:

1. subdividing the dataset randomly into two sub-
samples: the first called Training Set, and the
second, called Testing Set;

2. choosing a fixed ANN (and/or Organism) which
is trained on the Training Set. In this phase, the
ANN learns to associate the input variables with
those that are indicated as targets;

3. saving the weight matrix produced by the ANNs
at the end of the training phase, and freezing it
with all of the parameters used for the training;

4. showing the Testing Set to the ANN, so that in
each case, the ANN can express an evaluation
based on the training just performed. This proce-
dure takes place for each input vector but every
result (output vector) is not communicated to the
ANN; in this way, the ANN is evaluated only in
reference to the generalization ability that it has
acquired during the Training phase;

5. constructing a new ANN with identical architec-
ture to the previous one and repeating the proce-
dure from point 1.

This general training plan has been further devel-
oped to increase the level of reliability of the gener-
alization of the processing models. The experiments
have been done using a random criterion of distribution
of the samples. We have employed a cross-validation
protocol with seven independent elaborations for every
sample. It consists in dividing the sample seven times
in 2 specular sub samples, containing each similar dis-
tribution of cases and controls.

3. Results

3.1. Demographic, clinical and neuropsychological
data

Ninety-four patients with FTD were recruited during
eight consecutive months, at the Dementia Research
Centers involved in the study [41 women; mean age
68.4 (SD= 8.4 years); mean education 8.5 years (SD
= 4.5); MMSE= 23.6 adjusted score (SD= 2.9)] and
160 AD patients [102 women; mean age 77.7 (SD= 5.2
years); mean education 6.5 years (SD= 3.5); MMSE
= 23.1 adjusted score (SD= 2.2)].

Patients with language disorders interfering with the
ToL task were excluded when the adjusted score at the
Token Test [35] was less than 29.

As expected, AD patients were significantly older
(p < 0.005) and less educated (p < 0.05) than FTD
patients. In the FTD group there were significantly
more men (p < 0.001) and the duration of disease was
longer (p < 0.005).

Table 1 shows main demographical and clinical fea-
tures, as well as the AS, of the two groups.

Table 2 shows the values of TOL variables employed
by ANNs: performance to each TOL problems (lond
1; lond 2. . . lond 12) plus total score (lond tot).



M. Franceschi et al. / Tower of London in the diagnosis of dementia types 153

Table 1
Comparison of main demographic and neuropsychological data of
the two groups of patients

AD FTD

Number (M/F) 160 (58/102) 94 (53/41)
Age 77.7 (SD 5.2) 68.4 (SD 8.4)
Education 6.5 (SD 3.4) 8.5 (SD 4.5)
Duration of disease (months) 23.2 (SD 15.8) 32.5 (SD 21.9)
MMSE (adjusted scores) 23.1 (SD 2.2) 23.6 (SD 2.9)
Accuracy Score 25.0(SD 7.3) 23.1 (SD 7.8)
(adjusted scores)

Table 2
Comparison of TOL individual items in the two diagnosis group:
(SD= standard deviation; C.I.= Confidence Interval)

TOL items FTD AD P
mean SD C.I 95% mean SD C.I 95% value

lond1 2.76 0.56 0.12 2.78 0.60 0.09 N.S
lond2 2.73 0.59 0.12 2.75 0.71 0.11 N.S
lond3 2.19 1.02 0.21 2.64 0.79 0.12 N.S
lond4 1.95 1.16 0.24 2.53 0.85 0.13 N.S
lond5 2.01 1.16 0.24 2.36 0.99 0.16 N.S
lond6 1.85 1.15 0.24 1.84 1.06 0.16 N.S
lond7 1.72 1.23 0.25 1.74 1.21 0.19 N.S
lond8 1.66 1.22 0.25 1.78 1.13 0.18 N.S
lond9 1.97 1.14 0.23 1.88 1.17 0.18 N.S
lond10 1.21 1.22 0.25 1.38 1.23 0.19 N.S
lond11 1.61 1.22 0.25 1.63 1.25 0.19 N.S
lond12 1.33 1.26 0.26 1.39 1.17 0.18 N.S
londtot 22.99 7.52 1.54 24.69 7.25 1.13 N.S

3.2. Classical statistical analysis

AD performed better than FTD group for AS [25.03
(SD 7.3) vs 23.12 (SD 7.8);p = 0.051], however the
ability of AS to discriminate FTD from AD was poor as
evidenced with ROC (AUC 0.57). Among other neu-
ropsychological tests, the phonological fluency score
resulted better (AUC 0.69), namely for women (AUC
0.74).

Table 3 shows the correlations between AS, global
deterioration as measured by MMSE and some neu-
ropsychological tasks tapping executive abilities.

For both AD and FTD accuracy score correlat-
ed with RCPM and, at lesser extent, with atten-
tion/concentration (numerical matrices) in FTD and
constructional praxia (CD) in AD.

When considering complexity score, FTD resulted
more impaired than AD patients (−13.3% vs−1.5%,
p < 0.01), when they had to solve problems with more
then 3 moves instead of 2 or less.

3.3. Neural networks analysis

The Fig. 1 shows the value of correlation index be-
tween the variables of TOL (score of each of 12 prob-

Table 3
Correlations between ToL AS score and tests examining global dete-
rioration (MMSE) or executive functions in the two patientsgroups

AD P-value FTD P-value
r r

MMSE∗ [17] 0.25037 0.0149 0.21866 0.0055
CD∗ [21] 0.32922 0.0015 0.24651 0.0017
CDP∗ [21] 0.22557 0.0316 0.27222 0.0005
Numerical 0.22384 0.0301 0.31821< 0.0001
matrices∗ [18]
RCPM∗ [20] 0.42060 < 0.0001 0.37393< 0.0001
Phonological 0.11912 0.2528 0.11397 0.1526
fluency∗ [19]
Semantic fluency∗ [19] 0.16774 0.1061 0.18856 0.0173

*Scores adjusted for age and education.

Table 4
Predictive values obtained in 7 independent testing sets

Neural network FDT Alzheimer Global accuracy

Back propagation (1) 70.21 90 80.11
Back propagation (2) 68.09 90 79.04
Back propagation (3) 76.60 81.25 78.92
Back propagation (4) 70.21 88.75 79.48
Back propagation (5) 74.47 85 79.73
Back propagation (6) 70.21 91.25 80.73
Back propagation (7) 78.72 80 79.36
Average 72.64 86.61 79.63

lems and total score), gender, schooling and age and
the FTD target. It is clear that age has the most relevant
value (r = 0.57) followed by performance on the TOL
problems 4 and 3 (r = 0.28 and 0.24 respectively).
From an overall point of view the r values are anyway
rather low (no correlation index higher than 0.3 with
the exception of age) and this justify the use of non
linear approach with artificial neural networks.

The predictive results obtained with artifical neural
networks are shown in Table 4.

The global predictive accuracy obtained with stan-
dard ANNs ranged from 79.04% to 80.73% (average
79.63%).

The corresponding area under the ROC curves for
each experiment and for the average results is shown in
Fig. 2.

The Fig. 3 shows the distribution of input relevance
of each variable considered in the neural network mod-
el during the training. As expected, the scoring of the
variable doesn’t follow the linear correlation distribu-
tion, excepted for age.

The input relevance is a parameter showing in arbi-
trary units the actual degree of importance in the trained
model of each variable.
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Fig. 1. Each bar represent the value of the correlation indexR between the specific items of Tower of London test(lond 1; lond 2; etc.) total score
of Tower of London test(lond tot) male and female gender, age, schooling years (scho) and presence of FTD. Negative valueof R denote variables
whose value is inversely correlated with the presence of FTDwhile positive value of R denote variables whose value is positively correlated with
FTD presence.

Fig. 2. ROC AUC of 7 testing experiments with ANNS.
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Fig. 3. Input relevance distribution of the variables in theneural network model.

4. Discussion

Despite a widespread use in experimental psycholo-
gy, the exact nature of the cognitive processes involved
in the execution of ToL remains elusive [40]. ToL mea-
sures the ability to plan and perform a complex visu-
ospatial task with sufficient accuracy and without vio-
lating predefined rules [19,39]. Subjects, before mov-
ing the balls, need to plan the sequences of moves while
reminding the previous ones. An impairment in ToL
performance could occur either because of the inabili-
ty to successfully inhibit inappropriate move selections
at a specific point of the decisional pathway [1], or
because of a deficit of visuospatial working memory,
or a planning deficit [5]. Recent neuroimaging stud-
ies [33,41,42] have focused primarily on the role of
the prefrontal dorsolateral and inferior parietal cortices
during cognitive tasks involved in ToL which also in-
duces functional activation of subcortical structures as
caudate nucleus [36], striatum and precuneus [41].

In a previous paper [13] we reported that early
AD patients were significantly impaired in visuospatial
planning and problem solving as measured with ToL.

In the present paper, using classical statistical meth-
ods we were unable to accurately differentiate AD from
FTD in single case study, whereas as a group, AD pa-
tients performed better in AS and CS. Based on neu-
ropathological [36], behavioural [44] and imaging [17]

data there is increased evidence of an early prefrontal
dysfunction in AD, which could explain the occurrence
of an early visuospatial planning deficit in this disease
compared to the expected dysexecutive deficits found
in FTD patients.

However, when Artificial Neural Networks’ method-
ology was used to evaluate the Success Score (SS), the
overall accuracy of this measure to discriminate AD
from FTD becomes more accurate (79.6%).

In a clinical setting the AANs analysis of SS score
on ToL reaches a diagnostic accuracy rarely obtained
by other diagnostic tools, much more expensive and
less patient-friendly, such as functional neuroimaging
techniques [12,15].

To the best of our knowledge only three papers have
been published focusing on the administration of ToL
in patients with AD or FTD. Rainville et al. [30],using a
different version of ToL, found significantly more rules
breaking in AD patients, while controls made more
moves to achieve the required position. As expect-
ed, AD patients were also significantly more impaired
along with the complexity of the problem. The authors’
comment was similar to the conclusions reported in our
paper about the usefulness of this task in the clinical
evaluation of AD patients [13].

In another study [7] comparing small samples of FTD
and patients with focal frontal lobe lesions, demented
were more impaired in both planning and execution
than patients with focal lesions.
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Marchegiani et al. [25] used the Krikorian’s version
of ToL to test 30 demented patients and 40 normal aged
controls. As expected, demented made more errors on
accuracy scores and showed longer execution time than
controls. Moreover, Authors found a good correlation
between MMSE and ToL scores and conclude that ToL
providescomplementary information to the MMSE and
vice versa.

Only one previous study [40] tried to apply ToL in the
differential diagnosis of AD vs FTD, along with several
other neuropsychological and behavioural parameters.
Using a computer version of ToL specifically devised
for the study, they were able to test only 3 FTD patients
vs 39 AD patients. As expected, ToL showed low
capability to discriminate between FTD and AD.

A limitation of the present study relies on the fact that
the rule violations were not recorded in our samples.
Rule violations are difficult to define and to assess,
although in previous papers with smaller size samples,
they were similarly frequent in AD [30] and in FTD
patients [7].

Another limitation of this study is the lack of any
pathological or genetical confirmation of the clinical
diagnoses. Even though mistakes are not uncommon
in the clinical differentiation of AD from FTD, our
sample was diagnosed by experienced professionals
attending the Dementia Centers, routinely involved in
the follow-up of the patients and consequently in the
clinical confirmation of the diagnostic process.

Strengths of our study are the size of the sample stud-
ied and the accurate training of the neuropsychologists
involved in the test administration.

Another interesting point resides on the suggestion
to pursue alternative ways to the conventionalstatistical
methodological approach, i.e. by using artificial neural
networks analysis, which seems to increase the diag-
nostic accuracy between different types of dementia.

The comparison of results obtained with two these
different statistical approaches, points out the need to
employ systems really able to handle the disease com-
plexity, instead of treating the data with reductionistic
approaches that are unable to detect multiple interac-
tions among variables.

Moreover, artificial neural networks, at variance with
the classical statistical tests, can manage complexity
even in the presence of small samples and to the subse-
quent unbalanced ratio between variables and records.
Taking into account this connection, it is important
to note that adaptive learning algorithms of inference,
based on the principle of a functional estimation like
artificial neural networks, overcome the problem of di-
mensionality.

In conclusion the simplified version of ToL was
found an easy, fast to administer and user-friendly test
to be included in the neuropsychological battery for the
early diagnosis of AD vs FTD also in a single case
study, along with a simple software dedicated to un-
conventional statistical methods, able to consider test
complexity and to solve non-linear problems related to
diagnostic or prognostic queries.
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