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ABSTRACT

Objectives: The first objective of this paper is to show
the improved binary outcomes resulting from using
MARIE as a diagnostic instrument that allows valid
and reliable visual recognition of facial emotional
expressions (VRFEE) in an objective and quantitative
manner. The second objective is to demonstrate mathe-
matical modeling of binary responses that allow the
measurement of categorical dimension, sensitivity,
camber, equilibrium points, transition thresholds, etc.
The final objective is to illustrate the use of this test
for 1) testing a homogeneous sample of healthy young
participants; and 2) applying this method to a sample
of 12 participants with early Alzheimer disease com-
pared to a matched control sample of healthy elderly
participants. Design: Transforming the binary out-
comes of MARIE in mathematical variables (experi-
ment 1), allowing verification of a disorder of VRFEE

in early Alzheimer’s disease (experiment 2). Measures:

Comparison of numerical variables and graphic rep-
resentations of both samples. Results: The objective
measurement of VRFEE is possible in a healthy po-
pulation. The application of this methodology to a
pathological population is also made possible. The
results support the current literature. Conclusion: The
combination of the mathematical method with the di-
agnostic instrument MARIE shows its power and ease
of use in clinical practice and research. Its appli-
cation in many clinical conditions and in clinical re-
search can be useful for understanding brain fun-
ction. This method improves 1) the inter-examiner
comparison and standardizes the quantification of
VRFEE for use by multiple researchers; 2) the follow-
up of a sample over time; 3) the comparison of two or
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more samples. This method is already available in
clinical work for refining the diagnosis of Alzheimer’s
Disease (AD) in our department.
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1. INTRODUCTION

Facial emotional expression is a nonverbal communi-
cation channel which precedes language. The develop-
ment of computer technology allows a more precise
study of emotional expression. Emotion is a signal that
borrows various channels: voice, posture, gestures and
facial expressions. Metaphorically speaking, it is expres-
sed by a transmitter and sensed by a receiver. We propose
to study only the receiving system. The central nervous
system allows the visual recognition of facial emotional
expression (VRFEE) controlled by the receiver system. A
feature of this system is the categorical dimension and
most current literature confirms this. Categorical percep-
tion (CP) seems to be a fundamental property of per-
ception, as it simplifies and reduces the complexity of
the to-be-processed percept generated by the stimuli [1-
10]. Indeed, even when a stimulus can take an infinite
number of values between a minimum and a maximum,
only a small number of categories are perceived. For
instance, while the wavelength of the visible light can
vary continuously between +390 and +700 nm, only
seven different color categories are seen by the human
perceiver. Thus, CP shows that the relationship between
the stimulus and the perception is not a linear function,
but rather a threshold or sigmoidal one. Consequently,
the demonstration of a sharp category boundary is a
diagnostic sign of CP.
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In experimental psychology, CP has been demons-
trated and studied since influential reports on the dis-
crimination of phonemes [9,11-17] and the perception of
colors [2,18]. Thanks to the development of computers
and image processing softwares, it is now possible to
make a continuous transition between a minimum and a
maximum value of multidimensional stimuli like faces.
By implementing these morphing techniques, numerous
recent publications have revealed CP of face gender
[19,20] face identity [1,5,8,21-23] and emotional facial
expressions [6,10,12,19,21-35]. The resulting graphs ty-
pically take the form of a sigmoid- or threshold-like
function. However, from such a non-normal function, it
is not feasible to calculate the traditional parameters like
means, standard deviations, or variances. As a conse-
quence, quantitative comparisons of two or more distri-
butions are not amenable to computation. Therefore, we
need a technique such as the one proposed here to
circumvent the theoretical impasse presented by statis-
tical approach [24,30-33]. A similar approach was re-
cently proposed by Huang et al. [35]. The purpose of our
mathematical method was to make it measurable and
explicit series of 0 and 1 whose expressions were sig-
moidal graphics (for details, see [24,30-33]).

This presents two challenges: 1) to define adequate
parameters of the distributions; and 2) to design adequate
statistical methods for comparisons. The purpose of the
present study is to offer a way to overcome the former
challenge. To achieve this, we chose a mathematical
approach because we wanted to benefit from the high-
level algorithms implemented in most computed algebra
software packages. The second challenge will be
addressed in future developments, when we will make
use of statistical methods to compare results obtained
from these mathematical tools.

It is worth noting that many statistical attempts are
already reported in the literature [4,12-14,16,31,35-38]
These studies often use the probit analysis [6,39-46] in
the framework of the analysis of the psychometric func-
tion [4,15,17]. However, while this statistical approach is
able to determine coefficients and likelihood of validity
and reliability of a model, it cannot study important
properties of the function: camber, equilibrium points,
transition thresholds, and so on (see the method section),
except the slope [17,31,40]. This is why a mathematical
approach was preferred. This method is similar to the
logistic regression which is a statistical technique that
aims to produce a model to predict the values of a

categorical variable, usually binary, from a series of con-
tinuous explanatory variables and/or binary variables.

The aim of this work was to develop this mathematical
method from the results of a sample of healthy young
adults (experiment 1), and then to compare a sample of
elderly patients with early Alzheimer’s disease to a mat-
ched sample of elderly healthy participants (experiment
2).

2. GENERAL METHOD: STIMULI AND
PROCEDURE

The method was identical in both experiments. Each
subject underwent a set of trials of recognition of emo-
tions displayed in a series of images of a poser’s face.
The stimuli were prepared and displayed by means of
MARIE, a computerized tool already described in detail
elsewhere [24,30-33]. In short, the test is based on a
morphing procedure that converts gradually an image A
into an image B. The number of pixels of image A and
image B vary inversely to the distance from A and B. We
created nine emotional series (ES) consisting of two
canonical emotions and 17 chimeras (morphs). The 19
emotional images of each ES were shown to each subject
in a random order. The subject had to respond by
clicking the right or left mouse button. Each response
was converted into 0 or 1. The stimuli were morphs
drawn from 27 pairs of original photographs from
Ekman and Friesen (with permission [29]), each pair
being made of two basic emotional expressions, labeled
A and B in what follows, displayed by the poser (the
blond girl), displaying seven expressions: fear, anger,
disgust, happiness, neutrality, sadness and surprise. Nine
pairs of emotions were selected: angry-afraid, angry-sad,
happy-sad, and all combinations of the neutral with the
remaining six expressions. The contribution of picture B
in AB morphs was 0, 10%, 20%, 30%, 35%, 38%, 41%,
44%, 47%, 50%, 53%, 56%, 59%, 62%., 65%, 70%, 80%,
90% and 100%. Therefore, this led to an ES of 19 stimuli
including the original photographs (Figure 1) for each
pair of expressions: a total of 9 pairs of expressions x 19
pictures = 171 stimuli. First, the order of the nine pairs of
expressions was selected at random for each subject.
Then, the 19 stimuli of each ES were shown in a random
order, with the exception that the last two images were
systematically the original, unmorphed photographs, to

#16  #17

Figure 1. The happy/sad series for the Blond. The most left picture depicts the “pure” happy expression (A); The most right
picture depicts the “pure” sad expression (B); The remaining 17 pictures are ranked by increasing values of the contribution of (B)

to the picture.
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avoid biases in the identification of expressions of the
intermediate morphs.

For each stimulus (10 % 18 cm; viewing distance = 40
cm), the subject had to choose between two responses (A
and B, e.g., angry and afraid) by pressing the left (A) or
right (B) button of the mouse. The two corresponding
labels of the expressions were displayed as prompts on
the left and right side of the stimulus.

3. EXPERIMENT
3.1. Participants

The test was carried out with a sample of 30 healthy
subjects (15 females) selected in accordance with a series
of criteria in order to ensure that the sample was homo-
geneous (education level, handedness, gender). Subjects
were 21 to 30 years of age, with normal or corrected-to-
normal visual acuity. Subjects with detectable psychiatric
and/or neurological disorders, and on medications, were
excluded.

3.2. Pretest

As each image (n = 171) was shown only once to each
subject, a pretest with five presentations was performed
to check for the stability of responses. This control pre-
test involved 13 independent healthy subjects (6 females)
between the ages of 29 and 41 (mean = 35; SD = 5),
submitted to five repetitions of the 171 images. The cri-
terion of stability of responses across repetitions was at
least four identical responses out of five (80%). The
grand mean was 93.1%. The criterion of 80% was
reached for 160 out of 171 values. An agreement of
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100% was observed for 36 of these 160 values. The re-
maining 11 values were tested against 80% by means of
unilateral Student t tests. No value differed significantly
from 80%. Consequently, it appeared that the single-trial
procedure was sufficiently error-proof.

3.3. Data Analysis

The dependent variable was the number of subjects, out
of 30, who chose expression B. Thus, choices pooled
over subjects displayed the variable sensitivity existing
within the group. Table 1 shows the results. These
values were then analyzed to fit them to an adequately
selected mathematical model. This model will furnish
normative values for subsequent comparisons.

3.4. Results

3.4.1. Selecting the Model

Visual inspection clearly revealed that the data were dis-
tributed according to a symmetric sigmoid law (S-shaped
curve). On the other hand, CP predicts a threshold or
sigmoid relation between the proportion of subjects who
chose expression B and the contribution of B in the pic-
ture shown (in percentage of pixels). This observation
means that we were offered a choice between several
possible mathematical models. We selected the logistic
model [39,43] because it met four criteria. First, it had an
adequate number of parameters (three: a, b and c¢) which
can be computed in order to optimize the fitting process.
Secondly, parameters were minimally covariant to mini-
mize computation constraints. Thirdly, the number of

Table 1. Number of subjects, out of 30, who chose emotion B, for each picture of each series.

BLOND GIRL

Pictures N 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

pixels A Y%: 100 90 80 70 65 62 59 56 53 50 47 44 41 38 35 30 20 10 O
pixels B Y%: 0 10 20 30 35 38 41 44 47 50 53 56 59 62 65 70 8 90 100

Emotion A Emotion B

angry afraid 0 0 0 0 3 00 9 21 21 20 22 24 27 30 30 27 30 29 30
angry sad 0 0 1 3 5 6 5 23 20 24 27 25 27 30 30 30 29 30 30
happy sad 0 0 0 0 3 5 2 14 15 21 25 22 30 29 29 30 30 29 30
neutral angry 0 0 0 1 4 11 9 14 18 21 21 24 29 29 29 29 29 30 29
neutral disgusted 0 0 0 4 1323 21 28 28 30 30 30 30 30 30 30 30 30 30
neutral happy 0 0 4 4 11 30 7 25 27 30 29 24 29 29 29 29 29 30 30
neutral afraid 0 0 1 8 17 28 21 29 29 30 30 28 30 30 30 30 30 30 30
neutral surprised 0 0 1 0 4 o 12 19 17 23 27 22 29 29 30 29 30 30 29
neutral sad 0 0 0 1 4 21 7 20 21 26 28 25 30 29 30 30 30 29 29
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constants was small (two: 1 and the Neper’s constant ¢)
without affecting the flexibility of the logistic model.
And fourthly, the model could have symbolic (as op-
posed to numeric) solutions to compute derivatives and
integrals.

3.4.2. Rebuilding the Logistic Model

Putting together the logistic model, we started by select-
ing a simple damping factor f{(z) having the form of an
inverse exponential function which reaches value 1 when

z tends towards —oo and value 0 when z tends towards +co:

fz) = 1/(1 + €¥). Combining the damping factor with an
exponential function, ¢“, we get f{z) = e“ 1/(1 + %) =
e“/(1 + &%) = 1/(1 + e “) which is the formula of the lo-
gistic model. In this formula, ¢ parameter is inherited
from the ordinary differential equation, initially developed
to study population growth, and represents the initial
growth rate. The simple logistic model lacks the flexibil-
ity that we needed to fit data that have a potential to vary
substantially from one experimental session to another.
Indeed, some emotional pairs are more difficult to per-
ceive than others. Consequently, when recognition of
expression B becomes difficult, the graph shifts to the
right of the Cartesian system. So, to provide this essential
flexibility, we added an extra location parameter () as a
factor of the exponential. For ease of analyzing the
graphs, we also added a scale parameter (a) to extend the
scale of the ordinate axis to 100(%). Finally, our model
became y = f{x) = a/(1 + b-e ™) where “a” is the scale
parameter, “b” the location parameter, and “c” the slope
parameter. “y” is the percentage of responses B predicted
by the model, and “x” the percentage of pixels of B in the
morph. In other words, to obtain a, b and ¢ we needed
just two numbers for each ES: the percentage of re-
sponses B and the percentage of pixels B.

3.4.3. Assessing &, b and c: Logistic Regression

Logistic regression is an iterative process whereby dif-
ferent values of the parameters are tested at each itera-
tion interval against a merit function, until this function
reaches a stable minimum. Indeed, the merit function
measures the agreement between observed data and the
data provided by a fitting model for a particular selection
of parameters; as a rule, the merit function is small when
agreement is good. We selected the Levenberg-Mar-
quardt algorithm [39]. For more details about the under-
lying rationale of this method, see More ef al. [47]. The
Levenberg-Marquardt algorithm provided us with the
values of the three parameters for each of the nine ES.
Computation of the standard errors and the correlations
between predicted values and observed data insured that
the fits were of good quality. The resulting distributions
were graphed, and a stimuli distribution line was added
(projecting the abscissa axis on a diagonal straight line)

Copyright © 2012 SciRes.

for the purpose of illustrating the categorization phe-
nomenon. This diagonal has equation y = x. Figure 2 is
an illustration of the resulting graphs.

3.4.4. Properties of the Curves

Thanks to the parameters, it was possible to compute
several relevant properties of the curves (see Figure 3).
The maximal value of the first derivative supplied us
with the highest slope (or camber) of the curve; this
value was then transformed in degrees. The value of y;
where the maximal slope was observed corresponds to
the inflexion point of the curve, i.e., is to say, the point
where the second derivative = 0. Coordinates of the in-
flexion point were computed by calculating the abscissa
and the ordinate as a/2. The abscissa supplied us with the
contribution of emotion B in the (virtual) picture for
which the number of responses B would be 50%, and can
be considered in comparison to the morph where the
contribution of emotion B was 50%, i.e. where x; = 50.
The lapsing rate, defined as 100 — a, was an indication of

100 A
90 A
80 4
70 1
60 A
50 1 pictures
40 (contribution of B)
30 A
20 1 observed data: proportion
10 1 of responses “B”
0 0

Figure 2. A typical curve resulting from the logistic regression.
The circles represent the raw results and the bold curve adjust-
ment function A stimuli distribution line was added (projecting
the abscissa axis on a diagonal straight line) for the purpose of
illustrating the categorization phenomenon. This diagonal has
equation y = x.

100 4 second transition

90 4 threshold
maximal
801 differential
70 1 maximal second equilibrium
60 slope point

50 4 firstequilibrium point of

40 1 point inflexion

maximal __
e differential sensitivity to B (are
20 A under the curve)
10 1
0 = o - . ' : . . . .

first transition
threshold

Figure 3. Properties of the curve. Demonstration of all para-
meter of graphical representation to the sigmoid function.
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how much the group of subjects encountered difficulties
in discriminating B from A. The sensitivity (to emotion
B) was measured by the area under the sigmoid curve
from 0 to 100% (the model’s integral) and showed the
degree of sensitivity of the group to the emotion B. The
binary data collected by means of MARIE precluded the
use of traditional psychological measures of sensitivity
such as d’ or A’. This is why the integral was considered
as an index of sensitivity of the subjects to the emotion B
in the AB bipolar ES (bipolar when A and B are two dif-
ferent emotional expressions, as in the pair angry-sad),
and of the absolute sensitivity of the subjects to the ex-
pression B in unipolar ES (unipolar when A is the neutral
expression [22] as in the pair neutral-sad). The transition
thresholds were points of the curve where the ratio be-
tween the percentage of responses B and the percentage
of B in the stimulus reaches a value of 1 (y;/x; = 1). Thus,
when the gain became higher than 1 (first transition
threshold), categorization started, and when the gain be-
come again lower than 1 (second transition threshold),
categorization finished. Transition threshold abscissa (x;)
was computed by forcing the model derivative to 1 and
inferring the corresponding abscissas. Equilibrium points
were defined as the loci where percentage of responses B
equaled percentage of B in the stimuli (x; = y;), i.e., when
the function crossed the diagonal. Maximum differentials
corresponded to the highest difference between per-
centage of responses B (y;) and percentage of B in stim-
uli (x;); therefore, maximum differentials were measured
at the transition thresholds. Equilibrium points as maxi-
mum differentials were used to compute the categoriza-
tion coefficient.

3.4.5. Categorization

One of our goals was to study CP of facial emotional ex-
pressions based on the task in which healthy young sub-
jects were forced to discriminate between two facial
emotional expressions by binary responses (0 and 1), and
to graphically display the result of this process. For this
purpose, we assumed that a measure of categorization
was related to the convex-plus-concavity of the segments
of the sigmoidal curve delimited by the equilibrium points:
the more convex-plus-concave the curve is, the more
categorization is displayed. In the hypotheticcal case of
perfect categorization, all subjects’ choices would be A
from abscissa 0 to the abscissa of the inflexion point and
would always be B beyond that point. The model would
then be a Heaviside (step, squared, or all-or-none) func-
tion. However, such distribution was purely theoretical
as sensitivity to facially expressed emotions varies from
one subject to another. A categorization coefficient is
thus measured as a percentage of the maximum (i.e. per-
fect) achievable one, that is, one measures the deviation
from the perfect case. To measure concavity and/or con-

Copyright © 2012 SciRes.

vexity, we computed first the ratio between each maxi-
mum differential and the corresponding segment of the
diagonal line (i.e., the segment between 0 and the first
equilibrium point, and between the first and the second
equilibrium point, respectively). As each segment is the
hypotenuse of a right-angled triangle whose other sides
are known thanks to the coordinates of the equilibrium
points, Pythagoras’ law applied. Then, the sum of both
ratios is expressed as a percentage of the virtual perfect
categorization coefficient (i.e., a squared function with
0% responses B on the left side of the category boundary
and 100% on the right side). This resulting value is the
categorization coefficient.

3.5. Discussion

CP predicts a threshold or sigmoid relation between y;,
the proportion of subjects who chose expression B, and x;,
the contribution of pixels B in the morph i. Table 2 dis-
plays, for each ES, the values of a, b and c, the corre-
lation between observed data and expected values given
the selected function, and the standard errors. We note
that fits were of good quality, with correlation coeffi-
cients varying between 0.809 and 0.907, and standard
errors between 17.16 and 23.93. Then, Table 3 shows the
relevant properties of the nine ES: inflexion point (slope,
abscissa, ordinate), lapsing rate, and sensitivity, abscissas
of the first and second transition thresholds and of the
first and second equilibrium points, left and right maxi-
mum differentials, and categorization coefficient.

CP appears to be verified for all curves, as we ob-
served a rather sharp boundary between pictures leading
to a comfortable majority of responses A and pictures
leading to a respectable majority of responses B (see
Table 1). In support of that, extremes of the maximal
slopes were 77.06 and 82.0 deg, and the mean category-
zation coefficient was 78.6(£2.2)%. Nevertheless, as can
be seen in Figures 4(a) and (b), some variation was ob-
served between the curves, which meant that the mathe-
matical tool was sufficiently sensitive. Let us consider,
for instance, the abscissa of the inflexion point. It corre-
sponded to the (virtual) morph for which 50% of subjects
would respond 50% A and 50% B: the locus of maximal
uncertainty (y; = 50). This locus can be interpreted by
considering the locus of the picture where the contribu-
tion of B is 50% (x; = 50: picture #10). The mean loca-
lization of this uncertainty point was 40.8 (+£4.6), that is
to say, a picture in which the contribution of A would be
40.8%: the perceptual center of the ES is not identical to
the physical center. Moreover, this perceptual center var-
ied as a function of the series.

In this respect, an interesting additional property can
be computed, namely, the width of the uncertainty win-
dow around the boundary. This window measures the
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Table 2. Technical characteristics of the 9 logistic curves fitting empirical data: quality of fit (correlation coefficient and standard

error) and parameters (a, b, ¢).
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BLOND GIRL correlation standard error a b c
angry-afraid 0.895 18.41 96.39 2429 0.181
angry-sad 0.875 20.56 97.78 20830 0.232
happy-sad 0.882 20.68 98.93 26070 0.218
neutral-angry 0.907 17.16 99.19 1149 0.157
neutral-disgusted 0.83 22.9 99.83 25730 0.285
neutral-happy 0.809 23.93 97.74 637,885 0.178
neutral-afraid 0.816 22.72 99.2 7776 0.27
neutral-surprised 0.889 18.83 97.7 2562 0.182
neutral-sad 0.854 22.02 98.83 2201 0.187
Table 3. Values of the relevant properties of the curves.
inflexion point 1agsti:g sensitivity  transition thresholds equilibrium points dﬂ?g;ﬁggs catefg;ifss tion
(55223 abscissa  ordinate (100 - a) (abtsiciisgsa) (:lfsccoirslga) (abt;léisstsa) (;lfsccoizga) left right (%)
BLOND GIRL
angry-afraid ~ 77.06  43.16 48.20 3.61 5479 28.04 58.28 41.64 96.39  22.14 3222 56.18
angry-sad  79.98  42.95 48.89 2.23 5578 29.89 56.02 41.67 97.77 2536 37.23 63.80
happy-sad  79.51 46.58 49.46 1.07 5284 32.96 60.20 45.93 98.93  28.15 33.91 62.83
neutral-angry  75.59  44.90 49.60 0.81 5465 28.32 61.48 43.27 99.17 21.48 30.87 52.58
neutral-disgusted 82.00  35.62 49.91 0.17 6427 24.13 47.10 33.17 99.83  20.49 49.09 67.92
neutral-happy 77.04  36.33 48.87 2.26 6222 20.98 51.67 32.38 97.74 1499 40.07 53.96
neutral-afraid  81.50  33.20 49.60 0.80 6626 21.32 45.09 30.13 99.20 17.46 50.25 65.55
neutral-surprised 77.35  43.04 48.85 2.30 5565 27.92 58.16 41.34 97.70  22.09 33.71 56.80
neutral-sad ~ 77.77  41.23 49.42 1.17 5808 26.25 56.21 38.92 98.83  20.57 36.94 57.42

inability to make a binary choice. In short, it reflects a
conflict or competition between two opposite responses.
It seems reasonable to estimate this width by the differ-
ence between the abscissas of the two transition thresh-
olds; probably, this difference is dependent of the slope.
The mean difference was 27.87 (£2.13) and 28.47 (+
4.11) respectively for unipolar and bipolar ES (about one
quarter of the entire 0 - 100 scale), with variations be-
tween pairs of expressions. Now, while the neutral/angry
series displayed the lowest slope, the slope of the neu-
tral/disgusted series displayed was not the highest one:
accordingly, the width of the uncertainty area was not
entirely constrained by the slope, even if the slope was
probably the major determinant of it (correlation coeffi-
cient between the slope and the width of the window =
—0.95). We note that the picture formed with 50% of A

Copyright © 2012 SciRes.

pixels and 50% of B pixels was situated within the un-
certainty window in seven of the nine ES. CP was mainly
expected for bipolar series, while this prediction was less
valid for unipolar ones. Indeed, in that case what is
measured is a kind of absolute threshold on a one-di-
mensional scale of emotional intensity. Consequently, the
slope and the width of the uncertainty window of the
unipolar curves should be less important for diagnostic
purpose than those of bipolar curves. Also, one can ex-
pect that the abscissa of the (virtual) picture leading to
50% of responses B would be lower for unipolar than for
bipolar ES. This was not verified, however, as the mean
slope of the three bipolar series was 78.84 deg. vs 78.54
for the six unipolar series, the mean width of the window
was 27.7 (£2.13) and 28.5 (#4.11) for the bipolar and
unipolar series respectively, and the abscissa of the

OPEN ACCESS
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Blond girl
BIPOLAR SERIES angry-afraid angry-sad happy-sad
Correlation coefficient 0.895 0.875 0.882
Standar error 18.409 20.557 20.679
Scale parameter (a) 96.391 97.775 98.927
Location parameter (b) 2429 20830 26070
Slope parameter (C) 0.181 0.232 0.218
Abscissa inflexion point 43.159 42.954 46.582
Ordinate inflexion point 48.196 48.887 49.463
Slope (deg.) inflexion point 77.061 79.978 79.506
Sensitivity 5479 5578 5284
Lapsing rate (100 — &) 3.609 2.225 1.073
Abscissa first transition thresholds 28.04 29.889 32.964
Abscissa second transition thresholds 58.278 56.019 60.199
Abscissa first equilibrium point 41.644 41.669 45.925
Abscissa second equilibrium point 96.385 97.774 98.925
Maximum differentials left 22.142 25.359 28.149
Maximum differentials right 32.216 37.226 33912
Categorisation coefficient % 56.179 63.795 62.826
100 100 >
90 90 s Lo
50 80 o / 2
70 70 T
pe 60 pe 60 /f’ / /
f(pix) 50 fpiv) 50
2(pix) 4o 2 4o
30 30 //
20 20 }, =
10 10 o/
0 0
0 10 20 30 40 50 60 70 80 90 100 0 10 20 30 40 50 60 70 80 90 100
angry-afraid angry-sad
100
90
80 7/ I
70 /-
60
pc
fi(pix) 50 /%/
£2(pix)y
30 /
20 _ /
10 /
L7 e
0
0 10 20 30 40 50 60 70 80 90 100
happy-sad
(a)
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Blond girl
UNIPOLAR SERIES neutral-angry neutral-disgusted neutral-happy neutral-afraid neutral-surprised neutral-sad
Correlation coefficient 0.907 0.83 0.809 0.816 0.889 0.854
Standar error 17.164 22.895 23.929 22.722 18.828 22.022
Scale parameter (a) 99.194 99.828 97.737 99.200 97.702 98.833
Location parameter (b) 1149 25730 637.885 7776 2562 2201
Slope parameter (C) 0.157 0.285 0.178 0.27 0.182 0.187
Abscissa inflexion point 44.902 35.615 36.329 33.204 43.037 41.233
Ordinate inflexion point 49.597 49.914 48.868 49.600 48.851 49.417
Slope (deg.) inflexion point 75.59 82.001 77.035 81.5 77.347 77.767
Sensitivity 5465 6427 6222 6626 5565 5808
Lapsing rate (100 — a) 0.806 0.172 2.263 0.8 2.298 1.167
Abscissa first transition thresholds 28.321 24.132 20.981 21.315 27919 26.251
Abscissa second transition thresholds 61.483 47.099 51.673 45.093 58.156 56.214
Abscissa first equilibrium point 43.266 33.167 32.378 30.129 41.337 38.922
Abscissa second equilibrium point 99.174 99.828 97.735 99.200 97.697 98.831
Maximum differentials left 21.476 20.492 14.988 17.459 22.087 20.567
Maximum differentials right 30.867 49.089 40.066 50.251 33.714 36.935
Categorisation coefficient % 52.581 67.915 53.958 65.545 56.795 57.417
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Figure 4. (a) Bipolar series. Conversion series of binary responses on MARIE through mathematical model. The measurement of visual
recognition of facial emotions among subjects from ages 20 to 30 years; (b) Unipolar series. Conversion series of binary responses on
MARIE through mathematical model. The measurement of visual recognition of facial emotions among subjects from ages 20 to 30 years.

uncertainty picture for bipolar ES was 43.08 (+2.46)
against 36.53 (£5.36) for unipolar series. Whatever may
be the significance of this observation, we note that
for series where expression A was of emotional neutrality.
CP actually applied, indicating that the classical Fechner’s
psychophysical law was not the rule. Indeed, this law
establishes that the intensity of the sensation is a loga-
rithmic function of the intensity of the stimulus.

3.6. Conclusions

First, it can be seen that the fit of observed data to data
predicted by the logistic function was very good. Sec-
ondly, we note that the contribution of pixels B for which
half the subjects would chose A and the other half B, was
lower than 50, varying between 30.1 and 45.9, which
suggests some effects of the ES. Thirdly, the categorical
nature of the processing seemed to be well supported, as
slopes varied between 75.6 and 82 degrees.

We are convinced that this method of analyzing CP is
promising, and overcomes the first challenge mentioned
above—namely, to define adequate parameters of the dis-
tributions. This mathematical method allows the use of
this tool, a potential diagnostic instrument (MARIE),
totally independent of 1) the kind of stimuli (visual,
auditory, olfactory, and tactile); 2) the number of subjects;
and 3) the number of stimuli in the ES. Therefore, one
can construct a general graph common to all authors but
only dependent on the type of emotions. This will en-
hance inter-examiner correlation and correspondence
yielding uniformity of results independent of variables
related to examiners and interactions with examiners. In
addition, some parameters are suggested—particularly
the maximal slope of the curves, the localization of the
point of inflexion, and the lapsing rate that could be used
in conventional statistical analysis to compare different
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conditions with a potential to lead to significant varia-
tions of CP. Finally, for the study of the effort involved in
double or multiple tasks, a tool like the present one
should be of interest for clinical psychiatrists investigat-
ing the effects of brain damage and/or aging on the
VRFEE or the recognition of facial identities. The appli-
cation of this tool in geriatric psychiatry could be prom-
ising for early detection of dementia of the Alzheimer’s
type. This was precisely the purpose of experiment 2.

4. EXPERIMENT 2
4.1. Introduction

In this second step, the results of experiment 1 were used
to compare a healthy sample of elderly participants to a
matched sample of patients suffering from mild Alz-
heimer’s Disease (AD). In this pathology, most authors
confirm a disorder of VRFEE. As a matter of fact, these
groups had been compared in a previous study [32].
However, the statistical approach was used while, in the
present study, the mathematical rationale with graphs
analysis will be used.

4.2. Participants

So, comparisons of 12 mild AD (DSM IV) to 12 matched
controls were made; the matching concerned sex, age and
education (see Table 4). The 24 subjects were Caucasian,
right-handed, and native of northern France. Visual acuity
was 20/20. No history of neurological or psychiatric dis-
order was present, and no psychotropic or neuroleptic
medication was used during the six months prior to the
experiment. No abnormal behavior was identified since the
onset of AD. Patients met the NINCDS-ADRDA criteria
for Dementia of the Alzheimer’s type without behavioral
disturbance [48]. Signs suggestive of Lewy body disease
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Table 4. Comparison of a healthy sample of elderly participants to a matched sample of patients suffering from mile Alzheimer’s
Disease (AD) with the mathematical approach of the battery MARIE. Level of schooling since age 4: 12 years vs 15 years or more;

age, MMSE, Mattis, Picture naming, Grober & Buschke: mean (standard deviation).

healthy individuals AD p
N 12 12
Sex (M & F) 7&5 7&5 1
Age 66.33 (6.27) 68.67 (2.70) 0.3
Schooling 7&5 10& 2 0.3
MMSE (/30) 30(0.5) 26(2.4) 0.0005
DR Mattis (/144) 144 (1) 130 (10) 0.0005
Picture naming (/80) 80 (1) 75(2) 0.0001
Gobber & Buschke:
immediate recall (/16) 16 (1) 13 (4) 0.014
first total recall (/16) 16 (1) 13 (4) 0.0001
second total recall (/16) 16 (2) 11(5) 0.0001
third total recall (/16) 16 (1) 10 (6) 0.0013
total delayed recall (/16) 16 (2) 11(6) 0.0013

[49], fronto-temporal cortical atrophy [50,51], or cortico-
basal degeneration [52] were exclusion criteria. We ad-
ministered the Mini Mental Status Examination [53], the
Mattis Dementia Rating Scale [54,55], the OD80. [56],
and the RI/RL-16 battery [57-59] to all participants (see
Table 4). Our previous statistical analysis [33] had shown
an impairment of VRFEE in mild AD with a higher
threshold of visual recognition for all emotions, and a
difficulty to distinguish anger from fear.

4.3. Results and Discussion

4.3.1. Bipolar Series

Figure 5(a) summarizes all identified parameters and the
graphs for the three bipolar series. The angry-afraid se-
ries shows no categorization in mild AD. This sample
had great difficulty in distinguishing anger from fear. It is
not surprising to see the flatness of the curve of mild AD
as the responses seem to be given at random. In this case,
for each series, one observes 50% responses A and 50%
responses B, which provides a flat curve. However, the
answers are not completely random because the right
half of the curve evidences between 60% and 70% re-
sponses B. The confusion between angry and afraid is in
favor of afraid. The angry-afraid series appears to be
sensitive to early AD.

The series angry-sad shows a diagonal-like curve for
mild AD. It is worth observing the proportionality bet-
ween the percentage of responses B and the percentage
of B pixels. This emotional perception is less categorical
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and rather uni-dimensional in mild AD than in healthy
participants. This implies that the categorization seems to
be a hallmark of higher cognitive functions. An alteration
of cognition leads to a one-dimensional perception of
emotions. The happy-sad series is less altered in the mild
AD group. In this series, CP appears to be intact and is
spared in the mild AD.

4.3.2. Unipolar Series

Figure 5(b) shows the identified parameters and the
graphs for the six unipolar series. In mild AD, all curves
are shifted to the right. Thus, AD is less sensitive to
emotion B than controls. Moreover, all curves tend to
become diagonal. Mild AD patients tend to lose their
ability to categorize emotions in favor of a one-category
perception. The lapsing rate measures the ability to
recognize canonical emotions. In the case of a normal
recognition, the horizontal portion of the left half is
asymptotic to 100% and measures closer to 0. In other
words, we have the percentage of subjects who do not
recognize the emotion considered as canonical. We find
that 6.5%, 2.8%, 5.4%, 2.3% and 2.7% of mild AD do not
recognize respectively anger, disgust, happiness, surprise
and sadness. Let us note that these patients have scores of
130 £ 10 for DR Mattis, and 26 + 2.4 for the MMSE. We
are at an early stage of AD, and Figures 5(a) and (b)
show the severity of the deficit of VRFEE. At a more
advanced stage of the disease, one can imagine that the
patient becomes unable to identify any facial expression.
This would confirm the sensitivity of MARIE and the
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BIPOLAR SERIES angry-afraid angry-sad happy-sad
Correlation coefficient 0.851 0.789 0.894 0.967 0.855 0.914
Standar error 22.236 9.236 18.563 6.448 22.648 15.184
Scale parameter (a) 97.741 70.041 95.543 101.088 100.450 100.108
Location parameter (b) 21720 2.225 6368 6.888 141600 947.69
Slope parameter (C) 0.247 0.055 0.186 0.048 0.215 0.121
Abscissa inflexion point 40.383 14.432 47.072 40.327 55.183 56.829
Ordinate inflexion point 48.870 35.02 47.771 50.544 50.225 50.05
Slope (deg.) inflexion point 80.603 44.135 77.32 50.412 79.504 71.669
Sensitivity 5827 5535 5057 5864 4502 4325
Lapsing rate (100 — a) 2.259 29.959 4.457 —1.088 —0.45 —0.099
Abscissa first transition thresholds 27.860 X 32.269 21.817 41.353 37.746
Abscissa second transition thresholds 52.906 X 61.876 58.838 69.012 75.898
Abscissa first equilibrium point 38.670 66.296 46.869 X 56.317 60.261
Abscissa second equilibrium point 97.740 X 95.531 93.838 100.444 99.522
Maximum differentials left 23.634 X 26.552 X 36.463 28.638
Maximum differentials right 40.608 X 27.951 X 25.548 15.079
Categorisation coefficient % 65.124 X 57.216 X 62.640 43.093
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UNIPOLAR SERIES

neutral-angry

neutral-disgusted neutral-happy

neutral-afraid neutral-surprised neutral-sad

Correlation coefficient 0.875 0919 0.842 0927 0.786 0.876 0.800 0943 0.849 0932 0.884 0.927
Standar error 20.556 12.616 21.954 13.418 21.289 15.657 23.281 9.456 21.676 11.202 18.784 11.409
Scale parameter (a) 99.556 93.567 99.387 97.200 99.524 94.369 100.01 99.163 97.018 97.740 96.129 97.227
Location parameter (b) 8631 98.135 10950 238.849 168.768 71.997 30670 11.524 28210 28.952 652.209 43.071
Slope parameter (C) 0.217 0.098 0.253 0.122  0.188 0.129 0.315 0.063 0.275 0.082 0.151 0.074
Abscissa inflexion point 41.708 46.880 36.749 44.801 27.300 33.171 32.846 38.939 37.272 41.106 43.038 51.090
Ordinate inflexion point 49.778 46.784 49.693 48.600 49.762 47.317 50.005 49.582 48.509 48.870 48.064 48.614
Slope (deg.) inflexion point 79.524 66.396 80.964 71.392 77.924 71.849 82.753 57.277 81.472 63.443 74.552 60.813
Sensitivity 5803 4966 6286 5363 7232 6314 6716 5957 6086 5725 5475 4751
Lapsing rate (100 — a) 0.444 6.433 0.613 2.8 0.476 5366 -0.09 0.837 2.982 2.26 3.871 2.773
Abscissa first transition thresholds 28.019 26.973 24.341 26.146 12.334 15.233 22.094 16.962 25.618 19.571 26.321 29.349
Abscissa second transition thresholds 55.397 66.787 49.157 63.456 42.267 51.109 43.598 60.916 48.926 62.641 59.755 72.831
Abscissa first equilibrium point 39.847 46.955 34.200 42.859 19.929 25.388 30.179 X 35.228 32.717 41.100 54.256
Abscissa second equilibrium point 99.556 92.501 99.387 97.036 99.524 94.609 100.01 96.644 97.018 96.748 96.096 94.038
Maximum differentials left 23.182 15.294 20.219 17.127 6.69 6.708 18.807 X 21.833 5.263 19.143 13.034
Maximum differentials right 39.322 15.101 46.108 24.726 51.614 35.001 53.124 1831 44.308 20.792 29.196 8.081
Categorisation coefficient % 62.202 32.961 65.120 42.928 49.356 38.169 69.403 X 67.041 24315 49.982 21.861
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Figure 5. (a) Bipolar series. Conversion series of binary responses MARIE through mathematical model. The comparison and mea-
surement of visual recognition of facial emotions among the group of matched healthy subject (dotted) and the group of mild Alz-
heimer’s Disease (solid line) becomes explicit in terms metrics and graphics terms; (b) Unipolar series. Conversion series of binary
responses MARIE through mathematical model. The comparison and measurement of visual recognition of facial emotions among
the group of matched healthy subject (dotted) and the group of mild Alzheimer’s Disease (solid line) becomes explicit in terms met-

rics and graphics terms.

chosen mathematical method associated to it. CP seems
to be an attribute of an optimal discrimination of emo-
tions. The disappearance of the categorical perception
suggests a functional switch that allows for emotional
choice without hesitation. The neuro-fibrillary tangles
found in AD settle first in the trans-entorhinal cortex of
the hippocampus. This suggests that VRFEE relies on the
neural circuitry of procedural Memory in the amygdalo-
hippocampal complex. Disruption of this feature can be
attributed to the pathology located in the amygdalo-
hippocampal complex or in the frontal lobe which is the
integrative center of emotions.

4.3.3. Conclusions for Clinicians

After experiment 1, the study of mild AD sample mat-
ched to a healthy sample (experiment 2) did not pose
difficulty. It allowed us to confirm and measure precisely
a disorder of VRFEE in mild AD patients. The results are
promising because the combination of assessment of
VRFEE with a measure of verbal episodic memory could
casily suggest the diagnosis of a subclinical AD. Indeed,
these two cognitive functions are mediated in large part
by the amygdalo-hippocampal complex. Also, the corre-
sponding presence of poor scores on the instruments
measuring verbal episodic memory indicate the presence
of organic disease of the hippocampus. These scores
used together with the assessment of VRFEE could in-
crease and improve the specificity in the diagnostic
probability of AD. In addition, these curves allow reflec-
tion on the neurobiological underpinnings of AD and
recognition of emotions. It is proposed that the loss of
VRFEE be called PERCEPTUAL AGNOSOTHYMIA.
The difficulties in recognizing facial emotional expres-
sions could explain the self-imposed confinement of pa-
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tients in their homes, their tendency towards social isola-
tion, and other behavior disorders predicated upon mis-
perceived anger in others when not evident in facial ex-
pressions, etc. [56]. All of this can seem unreasonable to
casual observers without appreciation of the deficit of
this function of CP of emotions in people suffering from
AD.

5. GENERAL CONCLUSION

The application of MARIE as a potential diagnostic in-
strument, and our mathematical method, provide a set of
quantitative variables that express one of the cerebral
functionalities of the VRFEE. It is intriguing to ponder
upon the extreme simplicity of the man-machine inter-
face which is the right and the left mouse button and its
use tapping the complexity of the insights gained from
resulting outcomes. Remember that the basic principle of
computing is a combination and manipulation of 0 and 1.
The administration of MARIE is possible even if the
patient has low comprehension skills and requires no
sophisticated cognitive abilities. In addition to its use in
the cognitive dimension, it seems to us that MARIE is a
tool which will make it possible to explore more pre-
cisely the operations of the brain in its emotional dimen-
sion. The ease and speed of this tool has to be taken into
consideration. It will allow the scientific, objective study
of a cerebral function which is extremely subjective. It
can be applied in the medical, psychological, and social
field. It will confirm or disprove the work of Ekman [29]
on the universal aspect of the visual recognition of facial
emotions. This methodology with the use of the proposed
mathematical model allowed measuring the performance
of an individual who recognizes an emotion by estab-
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lishing a reference range for the normal population [25].
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