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Abstract. This paper presents an original method of intention detection that can open
a new direction of research in voice-based affective computing. A deep learning approach
was used to detect the consistency between real and expressed intentions of a speaker (or
the inconsistency, that is related to deceiving — or manipulative — intention), as reflected in
their voice. The labeling and triangulation of results imply a qualitative research method,
critical discourse analysis, and require expert evaluation. The method was implemented in a
software platform integrated with the neural network programming frame. The deep learning
architecture selected is based on similar models used by the authors in affective computing
applications. The experimental research applied the proposed method for a famous historical
case: US President Richard Nixon’s audio speeches from the ‘Watergate affair’. A labeled
data base of 2758 files (2 seconds audio fragments) was generated, based on publicly available
voice recordings of President Nixon. These files were used for training and tests and an
accuracy of over 94% was obtained.

1. Introduction

This paper introduces a new direction of research in affective computing: intention detec-
tion. Although there are different psychological models of intentions and there is not, to our
knowledge, a definitive explanation of intentions relating to emotions, thoughts and different
physiologic parameters, there is scientific evidence that intentions are reflected in communica-
tion processes, for instance in speech (both at the textual level and means of expression, including
voice). Since a theoretical model of the parameters for intention identification in the human voice
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has not yet been built, we have used classical text analysis methods to replace the ‘missing link’
of intentionality.

To a certain point, our approach resembles voice-based emotion detection, as it exploits the
very broad skills of deep learning architectures (like convolutional neural networks, CNN) to
extract information from the human voice. Voice-based affective computing is based on the fact
that someone’s emotions trigger certain psychological and physiological changes within, which
also change the speaker’s voice [1]. CNN based solutions in the frame of voice-based affec-
tive computing reported in scientific literature include lie detection [2] and emotion detection
[3]. So far there are no research results reported in the scientific literature - at our knowledge
- regarding intention detection, in the psychological sense of intention. A project for intention
detection based on voice, text, and image processing [4] announced by Microsoft in 2008 seems
to be focused on human-computer interaction and aims to predict the users’ intentions for the
enhancement of computer applications. Noguchi et al. [5] describe an indoor activity support
system that is able to detect the user’s intention to move.

The research in intention detection is based on the hypothesis that intentions are in a certain
manner impregnated in the human voice. This work hypothesis was based on theories and ex-
perimental results in psychology, semiotics and rhetoric, that analyzed the connections between
voice, content of discourse and intentions of the speaker [6].

The paper is organized as follows: the conceptual model for intention detection and the inter-
disciplinary theoretic background of the research are presented in section 2. Two complementary
approaches were used: voice analysis and text analysis. Fundamental ideas from psychology are
introduced, together with the method selected for text analysis.

Section 3 presents the application of our method in a particular case study (US president
Richard Nixon and the Watergate affair). This particular case was selected due to the availability
of the data — voice recordings, historic documentation, and previous scientific analysis, which
allow us to construct and verify the model and the experiments.

Section 4 explains the research methodology (regarding, mainly, the generation of the database
and labeling of the files). Special software was developed for the labeling of the audio and text
files and to integrate the CNN programming with the database generation. The software is pre-
sented in Section 5. The details of the CNN structure are given in Section 6.

Section 7 describes the experiments performed with the audio recordings and transcripts of
President Nixon’s speeches and conversations related to the Watergate situation. The paper ends
with some conclusions and further directions of research.

2. Voice-based and text-based approach to intention: theoretical
background

The theoretical background for intention detection in this research is given by psychology
(that explains the relation between the intentions of the speaker, their speech and vocal char-
acteristics) and linguistics, semiotics and rhetoric theories that correlate the intentions with the
content of the speech. Thus, we have two separate means of analysis (Figure 1) that permit both
the labelling of intentions and the triangulation of results.
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Fig. 1. Conceptual map of intention detection; the voice analysis is automatic, while the text analysis needs
the human (expert) evaluation.

Several theories in psychology state that someone’s intentions influence the behavior, the ges-
tures, the mimic, the voice and the words one uses to express ideas and feelings [7]. Freud wrote
about the connection between voice and intention: the suppression of the speaker’s intention to
say something is the indispensable condition for the occurrence of a slip of the tongue [8]. Freud
also demonstrated that mistakes in everyday life (such as forgetting familiar names or reading
mistakes) are not accidental, but events that show some psychological inner conflicts, and also
reveal hidden intentions [9].

The intonation of the voice gives many clues about one’s psychic and emotional state: “The
intonation rich in inflections is characteristic of individuals with a rich affective background
and at the same time tends, consciously or less consciously, to impress the (affective) interlocu-
tors. Instead, the flat, monotonous, intonation of infatuation may denote either a poor affective
background, or certain difficulties or inhibitions in social behavior such as the inability of exte-
riorizing their feelings, difficulties in establishing contacts with people due to shyness, etc.” [10].

According to Scherer: “In social interaction, the outcome of a particular act usually de-
pends partly on the reactions of the significant others in the encounter. Thus, the projection of
how the other(s) will react to the different courses of action open to the organism largely deter-
mines its behavioral choice. The signaling of the emotion communicates the emoting organism’s
evaluative reaction to a stimulus event or act and thus narrows the possible range of behav-
ioral intentions that are likely to be inferred by observers. In addition, because of the action
tendency component of the emotion, the momentary behavioral intention will be expressed even
more clearly” [11].

The definitions of intention in psychology literature underlines that every intention implies
the existence of a purpose and a plan. Cohen and Levesque define intention as follows: “Intention
is choice plus motivating engagement” [12]. For Moses and Malle [13], intention’s specificity is
a purpose and a plan to perform the required actions, which will lead to a desired outcome. The
most important difference between intention and desire is that desire is focused on the outcome,
without any representation on how to obtain it. McTaggart explains: “An intention was directed
at the intender’s own actions; it required some sort of reasoning; it required a commitment to do
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the intended deed. Intention implied purposefulness: an understanding of a plan of action and a
planned satisfactory result” [14].

Therefore, intention is more complex than desire: “Intentions have a stronger connection to
goals or outcomes than desires because they imply a commitment, and embrace at least some
form of partial planning to achieve the goals or outcomes, while desires do not. Intentions to act
are directly linked to a multitude of activities and outcomes related to the choice of means for
action implementation, impediments to action, temptations to perform other actions, or consider
other goals, cues for retrieval of the intention at a future point in time, and so forth” [15].

Semiotics’ perspective, on the other hand, looks at the content of the discourse and states
that all of a person’s intentions, influence not only their voice but also the words they choose to
express their ideas. For instance: “intention is a decisive factor in what constitutes the message.
What hits our tympanum will be a message only if it is something pre-conscious as a signal for a
listener. The intention of the transmitter may be specified or unspecified (whether or not notified),
whether conscious or not, but identifiable by analyzing the message. The message is what the
transmitter puts inside by whatever means” [6].

Any idea can be expressed in many ways, but speakers will choose those words that are
consistent with their intentions, even when they are secret. Rascanu writes: “In most cases, to
express one thing it is necessary to choose between several verbal expressions, similar in mean-
ing, but with different nuances. The choice is never accidental because, without the individual’s
will, it is largely determined by attitude to the reality taken into account: accepting or rejecting,
minimizing or overestimating, etc.” [16].

Sometimes the intentions of a speaker are oriented towards a specific goal that is not revealed
to the audience and, more so, expect a particular action from the audience. In order to obtain
a specific action or reaction, emotions play an important role. Although ideas can convince
listeners at the theoretical level, emotions will be the ones that will always make them move to
action: “The speakers who know how to impress the crowds appeal to their feelings and never to
their reason” [17]. Words are important, but the voice that deliver those words will be the one
that will awaken intense emotions, related to the intentions of the speaker. About the power of
voice, Cicero wrote: “Nothing seems more beautiful than captivating the attention of a gathering
by the power of the word, inciting the minds of the listeners and determining their will in one
sense or another. Is there anything stronger and more magnificent than that a single man can
only change the word of the crowd, shake the judges’ consciences and the authority of the state?”
[18].

The real intentions behind a discourse may be revealed by the content of speech and the
way the speaker delivered it: the quality of the voice (stuttering, interjections, voice tremor),
inappropriate tone (shouted / whispered), volume and speed (too loud / too slow), or speech-
reading errors. About identifying hidden intentions, Codoban writes: “the spoken or written
words tell us, over what they communicate directly, and what is thought or felt without being told.
The interference between language and thought produces in expressions formulated in words a
kind of resonance of connotations, a kind of message over a message, a metamorphosis or a
metalanguage. “Metalanguage” is not entirely an adequate term that proposes the interpretation
of words and expressions to guess the speaker’s intentions and ideas, or how we go beyond
language to discover what people think” [19].

In linguistics, communication sciences, rhetoric and other scientific branches that imply text
analysis, both quantitative and qualitative methods of research were developed. Among several
research methods available, the methodological approach of critical discourse analysis was se-
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lected because of its potential in identifying the speaker’s real intentions. According to prominent
researchers in the field, like Fairclough [20] and van Dijk [21], critical discourse analysis may
reveal the ideology behind the discourse. In spite of the controversies regarding the concept of
ideology, there is a consensus that textual and contextual details of a discourse reveal much more
(about the agenda of the speaker) than the factual information as intended by the speaker/author
of the discourse [22]. Another advantage of the method is the fact that it is a qualitative method
and it may be applied for small samples of data.

So far, there is no automatic tool for such a qualitative method — human analysis is required
and thus the analysis is subject to interpretation. The analyst’s role is not to establish the veracity
of a discourse, but to identify the small details that reveal more information regarding the agenda
of the author of the discourse (and this is related to the intentions).

To conclude, the research results and theoretical models from psychology, and communica-
tion sciences justify the hypothesis that both the human voice and the textual means of expres-
sion are influenced in a specific way by intentions. However, there is no taxonomy of intentions
(similar to the taxonomy of emotions), hence the classification task in this direction misses a the-
oretical foundation. Broad classification in good/bad intentions, or altruistic/egotistic intentions
is subject to relativity of perception and interpretation. A more approachable question is whether
the declared intentions of a speaker are coherent with the real intentions, which in our opinion is
a more refined question than the true/false dichotomy.

The object of our experiments belongs to public communication, as there are several domains
where this question is particularly interesting: politics, advertising, justice. There is always
some suspicion regarding, for instance, the veracity of politicians, as ‘popular wisdom’ states
that the real intentions of a political discourse are often hidden by dogmatic rhetoric. According
to practitioners of critical discourse analysis, this possible inconsistency can be scientifically
deduced.

In order to look for intention-related information in the voice, we have selected a famous
case that can already be seen in a historical perspective. It was already thoroughly documented
and studied from several scientific angles and therefore it offers a solid basis for comparison of
the ‘intention imprint’ in the text and in the voice. Since the intention of deception is established
already [23], we have used the critical discourse analysis to select the parts of the discourse richer
in intention-related information.

3. Case study for deceiving intentions: US President Richard
Nixon and the ‘Watergate scandal’

The Watergate scandal took place in the United States between 1972 and 1974 and was trig-
gered by the arrest of five people who entered the offices of the Democratic Party’s National
Committee (from the Watergate building) to install listening devices. In the investigations that
followed in the US Senate and Supreme Court, it turned out that the Watergate incident was part
of a secret plan of spying on the National Committee of the Democratic Party for the presidential
election in 1973. US President Richard Nixon publicly denied any connection to the case, but
the investigations documented his involvement in the plan behind. The main evidence consisted
of some audio records in which Nixon gave the order to stop the investigations in that case. As a
consequence, Nixon resigned as president of the US, on August 9, 1974.

Paul Ekman wrote about Nixon as follows: “Former president Nixon is probably the public
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official who has been most often condemned for lying. He was the first president to resign, but
it was not simply because he had lied. Nor was he forced to resign because people working for
the White House were caught at the Watergate office and apartment complex in June of 1972
attempting to break in to the Democratic party headquarters. It was the cover-up he directed and
the lies he told to maintain it. Audiotapes of conversations in the White House, later made public,
revealed Nixon to say at the time, ‘I don’t give a shit what happens, I want you to stonewall it,
let them plead the Fifth Amendment, or anything else, if it’ll save it—save the plan’. The cover-
up did succeed for nearly a year until one of the men convicted for the Watergate break-in,
James McCord, told the judge that the burglary was part of a larger conspiracy. Then it came
out that Nixon had audio- taped all conversations in the Oval Office. Despite Nixon's attempt
to suppress the most damaging information on those tapes, there was enough evidence for the
House Judiciary Committee to bring articles of impeachment. When the Supreme Court ordered
Nixon to turn over the tapes to the grand jury, Nixon resigned on August 9, 1974 [24].

Therefore, the Nixon-Watergate case offers the context and material of analysis for a docu-
mented situation were declared intentions of a discourse are not similar with the real intentions
(and the intention to deceive intention is a reasonable presumption). What we are proposing for
now is to search for information in the voice that delivered the deceiving message, using the
voice recordings publicly available on the internet.

4. Methodology of the research

The interdisciplinary research background shows that the intentions are reflected in the voice
and in the content of communication. In absence of a theoretical taxonomy of the intentions,
the experimental part of the research aims to find an automatic method to verify the consistency
of the declared intentions of a speaker and his/her real intentions. The main objective of this
research is to retrieve the information in the voice regarding deceiving intentions (inconsistency
between declared and real intentions).

So far, we have no reasonable clue on what variables of the voice contain this information,
therefore we decided to use a deep learning architecture, that is able to access the information
contained in large data sets even in the absence of a theoretical model. We have used a CNN
architecture that was developed for other affective computing applications, adjusting the number
of classes to 2 (corresponding to ‘deceiving’ or ‘honest’ intentions). The details of the CNN
architecture are presented in Section 6.

The methodological approach follows the following scheme (Figure 2):

— Primary database with recordings and translations;

— Primary labeling of the recordings as deceiving/neutral based on contextual analysis and
historical documentation (particularly for the official speech regarding the Watergate scan-
dal, the critical discourse analysis was used for selection of fragments of the speech denser
in targeted information);

— Selection and labeling of significant recordings for deceiving fragments (where the incon-
sistency of the declared versus real intention is revealed through critical discourse analysis
of the text) as explained in Section 5;

— The experimental set of recordings for deep learning method is divided in training and test
subsets;
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— Training and test of the CNN (see sections 6 and 7);

— Further experiments with the trained CNN (section 7).
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Fig. 2. The methodological scheme for database labeling.

Note that after primary and secondary classification (Figure 2), the files are labeled as ‘de-
ceiving’ and ‘neutral’, or, in our experiments, ‘manipulative’ and ‘non-manipulative’. The sig-
nificance of this labeling is that the so-called ‘deceiving’ recordings are characterized by the
inconsistency between the declared intention of the discourse (as given by the general content
examination) and the real intention (as revealed by context analysis and critical discourse analy-
sis).

5. Experimental software platform

This section presents the software tool used for data analysis and labelling. The GUI (graphic
user interface) of this software is reproduced in Figure 3. The software was specially conceived
to help the operator select audio fragments corresponding to selected text fragments. Expert
human analysis of the text is required and can be done prior the audio selection.

The workspace has two main windows, for text (transcript) and audio waveform. If the user
selects a fragment in the text window, the corresponding waveform is selected and labeled. There
are several functions available. The operator can listen to the selected fragment to decide if the
labeling is significant; the pauses between words can be deleted etc.

In order to obtain a consistent and large database, necessary for the training of the neural
network, the audio recordings are further divided in 2 seconds pieces with the corresponding
labeling. Two classes of files are generated. They are labeled in our experiment M (manipulative
content, corresponding to deceiving intentions) and NM (non-manipulative). For different ex-
periments, different classes and tags may be defined. The number of files created for each class
is displayed in the lower left corner of the working space.

The same software will do the random selection of files for training and test, based on the per-
centage of files used for training vs. test. The software is integrated with the CNN programming
and training (see next section). Additional processing operation on the labeled files is performed
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by the software. In our experiments, since the classification is binary, we used the spectrogram
of the processed waveforms.

When the database is completed, the ‘start training’ button in the lower part of the screen
starts the transfer of the processed audio recordings to the CNN software. The processed files
(here, the spectrograms) are the input of the neural network in the phases of training and test (see
next section). Once the trained network is available, the user can use the same software for the
classification of new files using the trained CNN, or check the classification for the existing files.
The workspace is similar (Figure 4). Our experiments (section 7) proved the right classification
for other recordings of the same speaker (here, President Nixon) that were not used in the phases
of training and test of the CNN. The experiments are supervised by qualified experts in critical
discourse analysis that check the classification.

The user can divide the new text in fragments or use the implicit in 2 seconds segmentation
of audio files.

The ‘prediction’ offers a ‘score’ of deceiving (manipulation) for each file (in the range 0—
100%). These refer to the content of a whole file. The CNN classifies 2 seconds fragments that
cover the whole file. Files with a percentage of over 50% are included in the M category. All
2-second audio fragments that have been categorized by the CNN in the M category are marked
together with the corresponding text fragments and the operator can hear them by pressing the
play button. In Figure 4, two audio fragments were detected as belonging to ‘Manipulative’
(deceiving intention) class.

# Intention App - CNN Trainer = m} X
File
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and on the future
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ipeace and some Bmericans are against peace. The question at issue is not whether
Johnson’s war becomes Nixon’s war. The great guestion is: How can we win America’s peace?

(Well, let us turn now to the fundamental issue: Why and how did the United States become
involved in Vietnam in the first place? Fifteen years ago North Vietnam, with the
logistical support of Communist China and the Soviet Union, launched a campaign to impose
a Communist government on South Vietnam by instigating and supporting a revolution.
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Fig. 3. GUI of the software platform for text/audio selection and labelling.
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Fig. 4. Prediction functionality of the experimental software.

CNN structure

The deep learning architecture used was verified in affective computing applications. [3],
[25] The CNN was implemented in Python, using the TensorFlow back-end, with the Keras
framework [26], adapting the model from [27] which is an image recognition application. The
structure of the CNN contains:

— 2 convolutional layers; 16 filters (5 x 5) on the first layer and 32 filters (3 x 3) on the second

layer. On these two layers there are a total of 5056 trained parameters

— 2 dense layers with 256 neurons and 16 neurons and the ReLU activation function. On

these two layersm, there are a total of 23,073,040 trained parameters.

— 1 final layer with 1 neuron and ’sigmoid’ activation function. On this layer, there are a total

of 17 trained parameters.

The description of the CNN (written in Python) follows.
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VALIDATION SPLIT=0.2 # how many files are reserved for VALIDATION
X train, X test, Y_train, Y _test=train test split(X, Y, test size=VALIDATION SPLIT)
print("Training:",X_train.shape, Y _train.shape,” Testing:", X_test.shape, Y _test.shape)

Training: (1104, 1025, 44, 1) (1104,) Testing: (276, 1025, 44, 1) (276,)

N_DENSE = 128

model = Sequential()

# Layer 1

model.add(Conv2D(16, (5.5), padding="same", input_shape=( N_LINES , NSTD COLS, 1
).activation="relu’) )

model.add(MaxPooling2D(pool_size=(2, 2), strides=(2, 2)))

model.add(Dropout(0.25))

# Layer 2

model.add(Conv2D(32, (3,3), padding="same", input_shape=( N _LINES , NSTD COLS, 1
),activation="relu’') )

model.add(MaxPooling2D(pool_size=(2, 2), strides=(2, 2)))

model.add(Dropout(0.25))

model.add(Flatten())
model.add(Dense(N DENSE, activation="relu"))

model.add(Dropout(0.25))

model.add(Dense(16, activation="relu'))

model.add(Dropout(0.25))

model.add(Dense(1, activation='sigmoid"))

model.summary()

# Compile model

model.compile(loss='binary_crossentropy', optimizer="adam', metrics=["accuracy'])

The network structure is summarized (in Table 1).

Table 1. Structure of the CNN, after compilation

Output Shape Param #

(None, 1025, 44, 16) 416
(None, 512, 22, 16) 0
(None, 512, 22, 16) 0
(None, 512, 22, 32) 4640
(None, 256, 11, 32) 0
(None, 256, 11, 32 0

Layer (type)

conv2d_1 (Conv2D)
max_pooling2d_1 (MaxPooling2
dropout_1 (Dropout)

conv2d_2 (Conv2D)
max_pooling2d_2(MaxPooling2)
dropout_2 (Dropout)

flatten_1 (Flatten) (None, 90112) 0

dense_1 (Dense) (None, 128) 11534464
dropout_3 (Dropout) (None, 128) 0
dense_2 (Dense) (None, 16) 2064
dropout_4 (Dropout) (None, 16) 0

dense_3 (Dense) (None, 1) 17

Total params: 11,541,601
Trainable params: 11,541,601
Non-trainable params: 0
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— The operator presses the CNN auto-training button and the software platform performs the
following steps:

1. A neural network is created (all network parameters are set - these are on the order of 107).

2. The CNN is tested by random separation from the input spectra of 20% for both categories
N

and NM). If the test accuracy is less than 90%, steps 1 and 2 of the training step are automa-—

tically resumed. Experiments with Nixon’s audio files produced an accuracy of over 95%.

3. Finally, the CNN network will be saved for classifying other audio files of the same

speaker.

— Once a valid CNN network (with over 90% value) is obtained, it can be used to make pre-
dictions about the content (level) of intention of manipulation in other speeches of the same
politician.

7. Experimental results

The first step of the experiments was the creation of the primary database. Several audio

recordings that are available on the Internet were used:

— President Nixon’s official speech about the Watergate scandal;

— The president’s private telephone conversations on the same topic, in which details of the case
were more or less openly addressed (these recordings were made public as a decision of the
Supreme Court of US);

— Recordings of President Nixon’s discussions on other subjects (that have no similar stake) prior
the Watergate scandal.

All files were downloaded from public websites (watergate.info and youtube.com [28]).

The secondary database, that was used for training and testing of the CNN, consists of 2
seconds audio-files labeled in two categories (M and NM). The labeling requires the evaluation
of discourse analysis experts, that can be done directly by the expert in the working frame of
the software platform, or can be introduces by the non-qualified operator based on the prior
evaluation. The software platform was used for the generation of the labeled 2 seconds files.
Each of these 2 seconds audio files has been normalized (brought to the same volume in decibels
and speech pauses).

The resulting database consists of 2758 files. The platform randomly divides the files in
training and test subsets. We have used 80% of files for training, respectively 20% of files for
tests (2206 training files, 552 test files).

The purpose of CNN networking was to classify manipulative / non-manipulative audio se-
quences, starting from the spectrogram values of the ready-to-use examples. The training was
repeated 30 times and an average accuracy of over 94% was obtained in 15 epochs. The figure
below describes how the training error (Loss function) varied according to the number of epochs
for which CNN was trained. The training results are also presented in Table 2.
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Table 2. Training results report

BATCH_SIZE = 15
NB_EPOCH = 15
VERBOSE =1

model.fit(X_train, Y _train, batch_size=BATCH_SIZE, epochs=NB_EPOCH, verbose=VERBOSE)

=#Final evaluation of the model
print("Testimg:”)
scores = model.evaluate(X_test, Y _test, verbose=1)

print("\n%s: %.2f%%" % (model.metrics_names[1], scores[1]*100))

Epoch 1/15

1104/1104 [
Epoch 2/15

1104/1104 [
Epoch 3/15
1104/1104 [

Epoch 4/15

1104/1104 [

Epoch 5/15

1104/1104 [

Epoch 6/15

1104/1104 [
Epoch 7/15
1104/1104 [

Epoch 8/15
1104/1104 [

Epoch 9/15

1104/1104 [

Epoch 10/15

1104/1104 [
Epoch 11/15
1104/1104 [

Epoch 12/15

1104/1104 [

Epoch 13/15

1104/1104 [

Epoch 14/15

1104/1104 [
Epoch 15/15

1104/1104 [
Testimg:
276/276 |

acc: 94.57%

] - 55s - loss
] - 55s - loss
] - 56s - loss
] - 56s - loss
]1-57s - loss
] - 58s - loss
] - 53s - loss
] - 52s - loss
] - 52s - loss
] - 52s - loss
] - 52s - loss
] - 56s - loss
] - 54s - loss
] - 54s - loss

] - 55s - loss

]-3s

1 6.1950 - acc

1 6.1950 - acc

1 6.1950 - acc

1 6.1950 - acc

1 6.1950 - acc

1 6.1950 - acc

1 6.1950 - acc

1 6.2076 - acc

1 6.1664 - acc

1 6.2203 - acc

1 6.1562 - acc
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Fig. 5. Training loss variation related to the number of training epochs.

The last phase of the experiments realized so far implied the classification of other recordings
of the same speaker (President Nixon), recordings or fragments that were not used in the training
and testing sets. We have called this phase ‘prediction’ (see the operation details in Section 5).
The verification of the performances is subject to expert evaluation of the transcript of the files
and has not been yet formalized or evaluated as a numerical figure.

8. Conclusions

A new method of identifying deceiving intentions in human voice was presented in this ar-
ticle. This classification is conceptually different than the true/false (or lie detection) approach,
since a deceiving intention may be detected even in the absence of lie. The scientific interdisci-
plinary background of the research confirms the possible imprint of the intentions in the human
voice, but offers no details or model referring of how the voice is related to the intentions. The
deep learning approach was selected because of the ability of CNN to retrieve information from
data in such cases. The method is also based on the use of textual and contextual analysis, using
the analytical methodology of critical discourse analysis in order to label the voice samples and
requiring expert evaluation of the training and test voice samples. For the integrated application
of the two methods (text analysis and deep learning), a software platform was developed. The
method was successfully applied in experiments focused on a well-known historical case (US
President Richard Nixon and the Watergate affair). The results obtained showed the effective-
ness of this new method for detection of inconsistent or deceiving intentions and recommended
further research to identify different types of intentions in the human voice and develop a model
and taxonomy of intentions.
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