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Abstract like leadership, teamwork and organization capabilitiesd a
many others.

The use of graphology in recruitment processes has be- A graphological analysis requires a complex interpreta-
come a popular tool in many human resources companiesS.jon process. Following the graphology premise that hand-
This paper presents a model that links features from ha”d'writing is personal and unique, there are many handwrit-
written images to a number of personality characteristics ing characteristics that phychologists analyze for a peko
used to measure applicant aptitudes for the job in a partic- screening. Examples of features and related interpretatio
ular hiring scenario. In particular we propose a model of according to [5] are slant (emotional expressiveness}, tex
measuring active personality and leadership of the writer. gkew (optimism and energy), shape of strokes (aggressive-
Graphological features that define such a profile are mea- ness), shape of individual letters (position of t bar, ortiido

sured in terms of document and script attributes like lay- related to self esteem), pressure while writing (stregs), e
out configuration, letter size, shape, slant and skew angle

of lines, etc. After the extraction, data is classified us-
ing a neural network that, once trained, predicts whether
a given writer fits in the target profile or not. An experi-
mental framework with real samples has been constructed
to illustrate the performance of the approach.

An interesting observation is that Document Image
Analysis (DIA) community provides algorithms to extract
a number of features used in graphology. Outstanding ap-
proaches exist in the literature of handwriting recognmitio
writer identification and handwriting forensics that can be
adapted to automatic graphological analysis. The analysis
of graphometric features has been used in signature verifica
tion by Oliveiraet al. [9]. In writer identification, Bensefia
1. Introduction et al. [1] use the morphology of the letter, or parts of it,
to find individual graphemes in order to identify a writer,

Graphology, since 1871, is a science based on psyCho|_exploiting its redundancy characteristic. Some other re-
ogy and statistics that study concrete features extractegs€arches have created a set of feqtures related to th_e slant
from handwritings to find the psychological profile of the @nd skew angle, the letter body size and the behavior of
writer. Graphology holds that writing is a reflex action from the letter when fractal geometry is applied|8][6]. In [10],
our brain, so it shows our personality and the frame of our they use Qabor fllters to analyze textural charactens!ﬁcs o
mind [13]. Graphological analysis of handwritings have the text. Finally, in [3] an appearance based method is pre-
proven to be effective in applications like employment pro- Sented, using Principal Component Analysis (PCA) applied
filing, medical diagnosis or jury screening. In recruitment (0 the image.
processes, the graphological tests used by human resources In this work, we propose a model to map a number of
departments usually are complementary and even more usestandard handwriting recognition features to a persgnalit
ful than interviews. They allow to map some features from screening of the writer. In particular, our model is vali-
writing samples to a personality profile, matching the con- dated in an employment profiling application for a human
gruency of the applicant with the ideal psychological peofil resources company. We have defined our model in an sce-
of employees in the position. Graphology can show to the nario in which after extracting a number of image features
interviewer some hidden aspects of the applicant’s person{from handwriting samples, we make an hypothesis to map
ality and it allows to find any desired skill the job requires, them into a profile in terms of active, inquisitorial person-



ality, with working motivation and leadership, and team co-

Per sonality Skills Graphological Features

ordination skills. The proposed application, after extirag
the image features of our model, classifies the writer in the
corresponding class, according to the personality skills o

Proportional writing.

Without personality con-
flicts

Readable writing.
Without Squiggles and irregular strokes.

our model. A neural network approach is used for classifi-
cation.
The rest of this paper is organized as follows. First,

Letter size.
Integral personality Script slant.

Writing speed.

in section 2 we describe the graphological attributes con-
sidered in our employment profiling model. In section 3
we propose the hypothesis of mapping handwriting image
features to graphological attributes, and the correspond:
ing classification application to give the final writer prefil

Relation between ascendants and de
dants.

scen-

Emotional health Line skew.
Script slant.

Normal letter size.

Section 4 provides experimental results. Finally, section
is devoted to conclusions and final discussion.

Good document layout organization, har-

2. Graphological attributes

As stated above, the main contribution of this paper is to

define a model that maps writing features from sample im-
ages to relevant graphological interpretations. Thess-int

pretations are considered in an application scenario of emj
ployment profiling for a human resources company. The
skills that we want to authomatically assess are active, in-

quisitorial personality, with working motivation and lese
ship, and team coordination skills. In table 1 we present the
above skills and the corresponding graphological features

Organization, clarity of|  Mony.
ideas Readability.
Adaptability Linked letters
Good document layout organization.
Sincerity Readability.
Proportional margin (10% of the sheet).
Angular writing.
High pressure.
Activity Medium or high letter size.
Letter slant to the right.
Horizontal or upward text line orientation.
Angular writing.
Aggressiveness Writing speed.

High pressure.

that should be found in the person handwriting.
In our application scenario, the graphological features
that are considered in the classification of a person profile

Uneven pressure.
Ambition Writing speed.

Upward text line orientation.

are:

Document layout organization. To evaluate the good-

Important pressure.
Self-confidence Well organized document layout.

Letter size between 3 mm. and 4 mm.

ness of document layout organization the following param-
eters are considered: margins size (between 10% and 25%),
constant left margin, regular inter-line space, and ragula
line orientation.

Proportional and regular script. A well-proportioned

Table 1. Correspondences between personal-
ity characteristics and graphologic features.

Script readability. A handwritten text easy to read means

script has letters whose body size is a third of the ascen-that the script does not have squiggles, ornaments and irreg
dant size and half of the descendant size. In additionytette ular strokes.

have normal size (between 2.5mm and 3.5mm) and regular
in the whole document.

Shape of the strokes. Circular handwriting indicates an

agreeable, easygoing nature. In our application scenario,

Document harmony. Without variation in inter-line

we analyze angular handwriting with sharp points, that in-

space (around 1cm), slant and slope. Regular letter siee (sedicates aggressiveness, directness, and high energy.

above paragraph)

Pressure while writing.
Non connected letters denote low heavy pressure is required. The heavier the pressure, the

Links between letters.

In our scenario, a moderate-to-

adaptability to different situations, and a trend to the more intense the emotions of that person and his self-
monotony [13]. Connected letters indicate a slow speed confidence.

writing. A medium connectivity determines a right adapt-
ability.

Let us now describe how the above attributes are mea-

sured from the handwriting image features.



3. Image Feature Extraction Adaptation and writing speed If the letters are discon-
nected, the writer shows little adaptability to differeitt s
Script dlant and variationsin script dant  In the prepro- uations, and in some cases, the writer tends to monotony
cessing step, the slant normalization described by Vincia-[13]. If all the letters are connected, then the writing can
relliin [12] is performed: First, a density histogram is com be slow. A medium connectivity between letters shows a
puted, and using a shear function, we compute the square ofight adaptability and a good writing speed. As Srihari et
the number of pixels belonging to a stroke in respect to theal. explain in [11], the relation between the number of in-
total of the column of the image. When the majority of the ternal and external contours that can be extracted from the
strokes are vertical, then, this value becomes a maximumtext shows the movement that has been done while writ-
There are other local maxima values that correspond to theing. A speedy writing will have a lower number of internal
different variations that can appear in the writing, beeaus contours than external contours because the letters will be
not all the vertical strokes are drawn in the same direction. probably longer, uncompleted and sometimes without links
This feature is also important for evaluating the organiza- between letters of a word.
tion of the document.

o i Readability Mandelbrot exposes in [7] that the fractal di-
Slope and variations in the slope. In the preprocess-  mension is used for measuring the fragmentation and irreg-
ing step we also get information of the slope (text orien- j4rity degree of objects. In [2] a method for computing the
tation). We have adapted the slope normalization technique g adapility degree of a writing as a biometrical feature of a
described by Vinciarelli ([12]). In this case, we are also person. In our method, this feature is used for determining

interested_ in f[his feature, because it is_ used for evalgatin i, clarity and sincerity of the person in front of the rest of
the organization of the document and its harmony, detect-ina world.

ing changes in slope in the different text lines. We also use
as features the local maxima that appear in the text, which

indicates the different slope orientations. Angular writing. We present in this paper a new method
for determining the roundness factor of the writing. This

method takes into account that if we have two identical cir-

Line spacing and variation of line spacing Once the ) :
slant and slope of the image is normalized, and in order tc)F:Ies one over the other, and we perform a slight translation

compute the line spacing, we compute a histogram of the!n ©ne of them, then we will find their common points. If
vertical density. Afterwards, we compute the mean and the W€ repeat this step for all possible directions, we obtaén th
standard deviation, because they are important features foS&mMe number of common points in each translation. How-

determining the organization and harmony of the document.€Ve" if we have two straight lines, once we translate one
over the other, we will only obtain a common points in case

the orientation of the lines are the same. The steps of the

Size of margins, variation of margins, increasing or de- method are the following:

creasing the sizes of margins The upper and left mar-
gins are the most important size margins, because they pro-
vide graphological mforr_natlon. The upper size margin is translateR over’.
computed at the same time that we compute line spacing, V = {(=1,-1),(0,-1), (1, -1, (1,0)}
whereas the left margin is computed when we compute the =11 (0, (4  (1,0)}

word spacing, which is an important feature for evaluating 2. Take & N —2)* (N —2) region of the original imagé

the harmony, the text readability and the organization. In (a pixel is substracted in every side of the image). This
addition, we compute whether the left margin is increas- new region is called?

ing, decreasing or constant in the text. This last feature
shows that the writer has good planification and future vi- 3 For each vectar;, v; € V.
sion skills.

1. Let's defineV as a four directional vector, where we

(a) Translater over! in the orientation and module
Size of the script: main body, ascendant and descendant of the vector.
For the evaluation of the proportionality and regularity of
the script, a vertical projection of the text line is perfaun
The higher pixel’s density corresponds to the main body of

(b) Perform a logicalXOR operation to find the
common points.

the script, whereas the upper and lower zone correspond to (c) Compute the number of active points in the im-
the ascendant and descendant, respectively. We are inter- age, which correspond to the common points of
ested in the relation between the main body and ascendants R i 1. The result is normalized over the total

and descendants of the script. number of active pixels of the image.



4. The roundness factor will be the variance of the noma- old, regardless of their gender or socioeconomic status.
lized common points. Samples were taken in three different languages (Catalan,
Spanish and English), according to the native language of
the writer. The length of the text was about 90 words.
oo lime e wezete o <o A\ Gy~ The image was acquired with a scanner model HP
: F4180, with a resolution of 300 dots per inch, and 8 bit
grayscale. These samples were sent to a team of expert
graphologists who advised us in order to create an accept-
able ground-truth. Every sample was evaluated with a 0
or a 1 depending on the presence of each feature. The
features observed in the writing were the following: well-
proporcioned size of the letter, clear and harmonic writing
legibility, normal and regular size of the letter and masgin
normal or high (preferably uneven) writting pressure, ivert

Figure 1. Original text line images (a) and c)) cal or right-slanted words, linked letters, normal or fagtw
and coincident points between image R and | ting speed, horizontal or growing line slope, well-orgaaiz
in all four rotacional directions(b) and d))) text and angular-like letter form.

Finally we split the samples into two groups, suited or

o unsuited for the job, according to the score achieved in the
Whether the writing is rounded, the number of common ¢, of individual characteristics.

points in all the orientations will have a low value, whereas  \ve used a backpropagation neural network to clas-
in an angular writing, the_ variation betwe_en the transtatio sify the samples after dividing them randomly among two
of R over/ can have a high value (see Fig.1). groups aimed to training and testing (50 and 48 samples
each). We got a correct classification ratio of 75% out of
Regularity in the writing frequency For computing the 48 testing samples. Unfortunately we are not able to com-
auto-control, aggressiveness and impulsivity degree®f th pare this result due to the fact it has not come to our knowl-
writer, a feature that computes the regularity in the writ- edge any other previous work about graphological analysis.
ing frequency can be used. The regularity is not always Nevertheless we can compare this ratio with the stadisti-
the same (i.e. the width of the letters can vary in different cally proved rate of success that graphologysts might have
locations of the writing, and also the letters’ spacing and in their analysis, which is about 99%.
word’s spacing...). For computing this feature, we appdy th
Discrete Fourier Transform (DFT) to each text line. Once
the maximum magnitude of frequency for each line is com-
puted, we extract the standard deviatanWhen\ has a
low value, the text is very regular. Contrary, whias a
high value, the width of the writing is very irregular.

5. Conclusions

In the present paper we have presented a simple method
to extract, analyze, correlate and classificate writtimgmf
a psychological approach. This method mainly depends
Pressure while writing and variation of the oressure on the features which are looked for on the writtings. A
g and Ve . P valid ground-truth is essential for our decission algarth
Although there are difficulties in obtaining parameterg tha o . L
to classificate the samples correctly since it is based on con

can characterize the pressure of the writing in an offline sys .
. . 7~ crete and measureable graphometric features. We must also
tem, there are some published works which use a combina-

) e say there are some stochastic factors which are difficult to
tion of features that show the pressure of the writing. 1§ [11 o Lo o

. S model on a quantitative way, such as intuitive decissions
the pressure factor is computed taking into account three . . . :
features: the threshold that has been used for binarizieng th graphologysts make, fruit of their professional experénc
) T . 91 \hen facing an uncertain writting. Besides we have pro-
image, the distribution of the gray values using the entropy

and the number of black pixels. We have used these threeoosed some features such as the roundness factor and fre-

o uencial analysis of word’s core region, that can be useful
features and we have also added a feature that quantifies thg ' Y . ore region, .
. . : Ih other fields as author identification since they diffenfro
pressure in starting and ending strokes of each word.

one person to another.
) The method presented in this paper provides HR profes-
4. Experimental Results sionals with a fast and useful tool, more reliable than per-
sonal interviews, that allows not only to improve selection
For the experimentation stage, we took 98 samples fromfilters but saving time and efforts in recruitment processes
different people of different ages between 12 and 85 yearstoo.
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