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Abstract: This paper demonstrates how natural language processing methods can support the
computer-aided rapid assessment of young adults suffering from anorexia nervosa. We applied
natural language processing and machine learning techniques to develop methods that classified body
image notes into four categories (sick/healthy, past tense, irony, and sentiment) and analyzed personal
vocabulary. The datasets consisted of notes from 115 anorexic patients, 85 healthy participants, and
50 participants with head and neck cancer. To evaluate the usefulness of the proposed approach,
we interviewed ten professional psychologists who were experts in eating disorders, eight direct
(first contact) staff, and fourteen school counselors and school psychologists. The developed tools
correctly differentiated the individuals suffering from anorexia nervosa, which was reflected in the
linguistic profile and the results of the machine learning classification of the body image notes. The
developed tool also received a positive evaluation from the psychologists specializing in treating
eating disorders, school psychologists, and nurses. The obtained results indicate the potential of
using natural language processing techniques for the computer-aided rapid assessment of a person’s
condition in terms of anorexia nervosa. This method could be applied as both a screening tool and
for the regular monitoring of people at risk of eating disorders.

Keywords: natural language processing; machine learning; anorexia nervosa; body image;
computer-aided rapid assessment of the human condition

1. Introduction

Anorexia is a severe eating disorder characterized by an obsessive fear of gaining
weight and the extreme restriction of food intake, leading to excessive thinness [1,2].
The issue of anorexia in a society has various dimensions and can result from multiple
factors. Society often imposes specific beauty standards, promoting slim bodies as the
ideal. Media, including magazines, advertisements, and online communities, often portray
unhealthily thin figures as the ideal to emulate. It can exert pressure on individuals,
especially young women and girls, leading to unhealthy eating practices [3,4], resulting in
anorexia nervosa and low self-esteem. They are convinced that achieving a thin body will
help them gain social acceptance and improve well-being [5]. Other issues that therapists
claim to be crucial in influencing a person’s self-esteem are peer pressure, family issues,
or traumatic experiences [6,7]. According to the research, anorexia accompanies highly
developed and rich countries and societies. It influences mostly ambitious individuals
with traits of perfectionism. High competition, academic pressure, and stress related to
social achievements can lead to the neglect of a healthy lifestyle, including proper eating
habits. Young people facing intense pressure may seek a controlled aspect of their lives,
manifested through control over their eating habits [8].
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Patients suffering from anorexia nervosa struggle with a distorted body image, which
can be formulated as a picture of our body’s size, the shape we have in our minds, and
our feelings and attitudes toward them [9–11]. Their reflection in the mirror is a complete
negation of how they really look. Body image can be positive or negative, though the
latter has historically received more attention due to its link with psychiatric disorders [12].
Anorexic patients see themselves as fat, obese, and ugly persons, though, in fact, their
organs are devastated and all the surrounding see them as flesh and bones [10].

The increasing number of people suffering from anorexia nervosa may also be the
effect of a lack of social awareness and, at the same time, education in this area. Soci-
ety often lacks awareness of mental health issues, including eating disorders, which are
marginalized. Furthermore, in many cultures and societies, mental disturbances are treated
as something shameful [13]. Mental illnesses are often fraught with strong prejudice and
stigma. People struggling with mental problems can face social exclusion and isolation,
as well as discrimination. They are also poorly understood, as many people still do not
exactly know the nature of mental illnesses. Consequently, these disorders are frequently
misunderstood as personal weaknesses, contributing to the existing stigma [14].

However, in recent years, there has been a rise in the awareness of mental health
problems. Educational activities, social campaigns, and open conversation have contributed
to an increased understanding and acceptance [15]. The media are also responsible for
shaping social attitudes, especially now the majority of people base their lives on the views
of social media influencers. However, the main responsibility for successful treatment
rests on the shoulders of health institutions, including facilitated access to specialists and
prompt and appropriate therapy. Due to the lack of specialists, including psychiatrists
and psychologists, and the increasing rate of various mental disorders, patients have
limited access to professional help. Some individuals with anorexia may not receive proper
psychological assistance.

The process of diagnosis and treatment for anorexia nervosa is difficult and longstanding.
It employs a multi-disciplinary approach combining medical, nutritional, and psychological
issues. The guidelines of the American Psychiatric Association (APA) provide three phases of
criteria for the treatment of anorexia nervosa encompassing the following [2]:

• Medical stabilization, which involves urgent hospitalization for the individuals with
severe malnutrition or medical complications to restore physical health and to stabilize
vital functions.

• Nutritional rehabilitation and weight gain, which involves developing a personalized
diet to address nutritional deficiencies and to help the patient achieve and maintain a
healthy weight.

• Psychotherapy recovery, which addresses psychological factors through group therapy,
enhancing the proper behavioral patterns.

Whatever the criteria for medical treatment are, anorexia nervosa also requires a
diagnosis in terms of the psychological state made by therapists, such as psychologists,
psychiatrists, or other mental health professionals. The process involves a thorough assess-
ment of the individual’s psychological and behavioral characteristics, including clinical
interviews, observations, and questionnaires to gather information on eating behaviors and
attitudes toward body, weight, and shape. In this process, therapists may be supported by
methods developed based on natural language processing (NLP) [16,17]. Such methods
serve as non-invasive tools that only utilize a patient’s medical records to detect some psy-
chological traits in an individual patient at the early stage [18]. The patient’s independent
writing of a note about his or her body image is a projective method designed by specialists
dealing with eating problems.

The principal objective of this paper was to develop a system to automatically analyze
patients’ notes. It involves sentiment analysis, linguistics, and morphological feature
detection using machine learning approaches. We also aimed to assist professionals in the
diagnostic procedure and to enhance our comprehension of the psychological factors that
lead to altered linguistic patterns among anorexic patients. Considering the increasing
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rate of anorexia worldwide, we see in our methods the possibility of being a first-aid tool
for direct medical staff (nurses), school counselors, and psychologists. To confirm our
approach, we surveyed ten professional psychologists, fourteen school counselors and
psychologists, and eight nurses, who gave us positive feedback on the purposefulness
of our research. During this research, we encountered several challenges that needed to
be resolved by matching the appropriate measures to the research approaches. The most
challenging factor was data collection. Despite the increasing amount of textual data on
the Internet, there is a lack of databases covering specific topics that can help build quality
machine learning solutions. In addition, the ambiguity of the meanings in words used,
nuances such as irony or sarcasm, and the temporal context, especially references to the
past, posed challenges in the objective assessment of sentiment regarding the topic of body
image. In the research into linguistic analysis, it is essential to address these complexities to
ensure a precise and comprehensive evaluation of language expressions related to opinions
on body image. Efforts should be made to develop analytical tools and methods that
account for these subtleties, allowing for a more objective understanding of the emotional
context in linguistic expressions in the studies concerning body image.

2. Related Works

The rapid growth of multimedia, social media, and IT tools, especially in the enter-
tainment sector, attracts growing numbers of users. Social media like Facebook, Twitter,
or Instagram give users a chance to have fun, relax, express themselves, or even earn
money. On these platforms, people exchange their opinions and share ideas, problems, and
lifehacks. It is where people give each other support that they do not receive in real life.
However, the massive use of social networking sites has also become a new area for many
researchers who use textual information to detect the mental condition of users. As some
researchers claim [19–21], textual information can reveal one’s mental condition. What a
person says and what kind of language register he/she uses can be related to their current
state [22]. Modern NLP tools facilitate the collection of vast amounts of textual data from
various social sources, extracting valuable information, which can be analyzed and vali-
dated to detect the desired information. Some interesting research concerns applying NLP
and machine learning, including the Support Vector Machine (SVM), Naive Bayes (NB),
Random Forest (RF), Multilayer Perceptron (MLP), Logistic Regression (LR), and Decision
Tree (DT) algorithms, to the identification identifying health information on social media
sites [23,24]. For example, Twitter was the object of interest of Spanish researchers [25],
who created the SAD (Spanish Anorexia Detection) based on records collected from this
social networking site. The study concerned detecting anorexia in tweets from numerous
accounts referring to anorexia and non-anorexia. Using machine learning approaches,
they tried to automatically detect anorexia symptoms in the corpus. The authors aimed to
establish linguistics statistics (the number of words, stop words, tweets, and the number of
users) and then to extract the information on verbs, nouns, adjectives, and adverbs. As to
grammatical tagging, the study revealed that anorexia nervosa tweets are characterized
by fewer words and more negative language. Another interesting approach [26] refers to
developing characteristic language traits among anorexic patients who, according to the
authors, share some similar psychological features like anxiety, depression, controlling
the amount of food, obsessive thinking about the body, and a disturbed body image. The
participants answered a few questions about their bodies and their way of spending their
spare time. The task also included a picture description, which was the crucial step as it
helped to detect the most features differentiating anorexic patients from their healthy peers.
The study analyzed linguistic features, including Lexical and Syntactic Indexes, as well as
data derived from the LIWC-22 software, to compare the individuals with anorexia group
(ANG) and a control group during different language tasks. The authors revealed that the
ANG exhibited a higher content density, lower personal deixis frequency, and increased
lexical richness in certain tasks. Syntactically, the ANG showed a lower complexity in noun
phrases and overall syntactic complexity.
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Studies using social media accounts to find the specific traits of AN language have
been increasing in popularity. In [27], the authors used Yahoo! answers to examine the
linguistic characteristics of various question types related to eating disorders. They used a
strategy that involved employing diverse linguistic analysis methods to study the language
employed in individuals’ inquiries to reveal the cognitive, social, and emotional dimensions
that underlie their needs. Through term frequency analysis, Part-of-Speech (POS) analysis,
and sentiment analysis, they investigated the linguistic content, stylistic elements, and
emotional expressions in two categories of questions, namely informational and socio-
emotional ones.

3. Materials and Methods

In the first phase, we used deep neural networks to automatically classify the young
adults’ notes within four classes and to draw the user’s attention to certain aspects related
to the interpretation of the note’s content.

In the second phase, we proposed using dictionary methods. The text analysis employed
two approaches. The first included the linguistic method of the quantitative and qualitative
analysis of class words, and the second, detecting the type of terms used by the research and
control groups to compare and elicit the characteristic traits of anorexia language.

Finally, the combination of the first and second phases should allow a better under-
standing of the mechanism of the human condition in terms of anorexia nervosa by first
contact staff.

3.1. Feature Engineering Techniques
3.1.1. Deep Neural Networks (DNNs)

Deep Neural Networks (DNNs) consist of multiple layers facilitating the acquisition
of hierarchical features from data and helping the models to learn complex data patterns
and relationships [28]. Training involves adjusting numerous parameters through back-
propagation to minimize prediction errors. The after-training phase includes using the
updated relationships as the equations for predicting the output variables based on the
input variables [29]. DDNs are widely recognized for their adaptability in areas such as
computer vision and natural language processing, especially in speech recognition; health
care; and medical research for exploring new drugs, diagnosing critical illnesses like cancer,
or employing medical imaging techniques [30].

3.1.2. Transformers

Transformer architectures are widely used for solving classification problems. Initially,
their application comprised natural language processing, but through their effectiveness,
they have spread to such areas as image classification, language modeling, summariza-
tion, and translations. The most well-known transformer models are BERT (Bidirectional
Encoder Representations from Transformers), GPT (Generative Pre-trained Transformer),
and T5 (Text-To-Text Transfer Transformer) [31]. The architecture uses an encoder–decoder
structure consisting of multiple layers aiming at capturing the dependencies between the
elements in a sequence, making it well suited for the classification tasks where the relation-
ships among the input elements are crucial [32]. The main concept in this architecture is
the attention mechanism, which, according to the paper [33], calculates a weighted sum of
the input features with the weights referred to as attention scores, which are dynamically
determined by the input data. This mechanism is a key component emphasizing the crucial
or relevant features while restraining the irrelevant or less important ones.

3.1.3. Types of Employed Cells

Long Short-Term Memory (LSTM) is a more complex recurrent neural network (RNN)
architecture structure with memory cells, input gates, forget gates, and output gates. It
operates well on sequence prediction tasks and in catching long-term dependencies. In
this approach, the traditional recurrent node is replaced by a memory cell that contains an
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internal state, i.e., a node with a self-connected recurrent edge of fixed weight 1, ensuring
that the gradient can pass across many time steps without vanishing or exploding [34].

The Gated Recurrent Unit (GRU) is another type of recurrent neural network (RNN)
architecture, similar to LSTM but with a more straightforward design. GRUs also address
the declining gradient problem using gating mechanisms, including update and reset
gates. These gates control the flow of information and the state update within the network,
facilitating the learning of long-term dependencies in the sequential data [35].

3.1.4. Selection of Encoding Method

Word embeddings stand out as a prevalent method for representing the vocabulary
within documents. It excels in capturing the contextual nuances of words in a document,
identifying semantic and syntactic similarities, as well as establishing the relationships
with other words. This approach to word and document representation represents a pivotal
breakthrough in deep learning, particularly for addressing the complex challenges in
natural language processing. The advantage of employing compact, low-dimensional
vectors lies in computational efficiency; most neural network frameworks struggle with
high-dimensional and sparse vectors [36].

3.1.5. Optimization Algorithm

ADAM (Adaptive Moment Estimation) is a widely used optimization algorithm for
the training of artificial neural networks. It belongs to the stochastic gradient descent (SGD)
family, standing out for its efficiency and adaptability with dynamic learning rates based
on historical gradients. It incorporates moment estimations through moving averages, ad-
dressing biases with bias correction. Known for its regularization and robust performance,
the ADAM is popular for optimizing deep neural networks, especially in non-stationary
and noisy domains [37,38].

3.1.6. Initialization of Model Weights

The Xavier (or Glorot) initialization algorithm is a widely used technique for setting
the initial weights of a neural network. This technique copes with the problem of vanishing
or exploding gradients during training. Generally, it adjusts the initial weights based on
the size of the input and output layers to maintain a consistent weight variance across the
layers. By providing a more accurate initialization strategy, Xavier’s initialization provides
a better starting point for learning meaningful representations from the data. It results
in more stable and efficient training, facilitating convergence and potentially achieving a
better performance on various tasks.

3.2. Classification of Patients’ Text Records on Their Body Image
3.2.1. Proposed Method of Training the Model

This study used the model based on deep recurrent neural networks (RNNs) and was
trained in three experimental scenarios. In the first case (Experiment 1), we trained the
model using the notes from anorexic patients. Experiment 2 included the entire dataset, i.e.,
the notes related to anorexia and patients with head/neck cancers.

Since our text corpus addressing anorexia was limited in size, we decided to implement
a model learning approach by using transfer learning. During the initial learning phase, we
implemented the notes from the patients with head and neck cancer (HN). The textual HN
data came from patients of different ages, sexes, and treatment stages. However, the topic
of the notes concerned their attitude towards body image. Subsequently, in the second
learning phase, the model incorporated the anorexia notes, as mentioned earlier, to further
enhance its learning process. In Experiment 3 we decided to use a model tunning approach.
First, we trained the model on the notes from the patients with head/neck cancers. Then,
the training process operated on the notes relating to anorexia.
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3.2.2. Selection of Meta-Parameter Values

We searched for the model’s meta-parameter values in the following set of param-
eters: the weight initialization method (CAUCHY, MSRA, MSRA1, MSRA2, NORMAL,
XAVIER, XAVIER1, and XAVIER2), the type of cells applied in hidden layers (LSTM and
GRU), and the number of neurons in hidden layers (5, 10, 15, 20, and 25). The values
in the parameters of the optimization algorithm were applied, including the minibatch-
Size (2, 4, 5, 8, 16, and 32), maxEpochs (2, 4, 7, 16, 32, 64), and optimization method
(“ADAM”|“LBFGS”|“MOMENTUM”|“VANILLA”). We divided the dataset into the
proportions of 70, 15, and 15 for the training set, validation set, and test set, respectively.

3.3. Text Analysis

The dataset of the textual records also served as the material for extracting valuable
insights, which enabled us to identify the characteristic patterns of anorexia language.
We decided upon the presented approach after many consultations with a psychologist
following the deep literary analysis on the anorexia topic. We aimed to establish the general
grammatical patterns of patients with anorexia. In the initial stages of the research, it
appeared essential to assess the language used by the individuals with anorexia from a
morphological point of view.

3.3.1. Approach to the Analysis of Class Words

We split the analysis into steps covering the grammatical analysis of class words.
This study used SAS Viya v.3.5, analytic software provided by the SAS Institute [39]. This
software environment allows us for robust data preparation, writing specific language
rules, and performing statistical analysis. After implementing the data corpus into the
platform, we applied specific nodes dedicated to building models for data preparation.
Initially, the textual data were cleared by removing terms with no value in the analysis
(Stop list). The preserved terms (Start list) were next reduced to their basic forms—stems.
In the next step, we tested the developed rules for detecting the tags of specific parts of
speech and the characteristic terms associated with anorexia. A detailed description of the
analysis is presented in the following paragraphs.

3.3.2. Detailed Grammar Rules

Class words refer to words belonging to a particular part of speech domain. In our
method, we focused on tagging verbs, along with their time references (present or past
references), and adjectives (with their positive and negative connotations). Despite the
general adjective analysis, this study investigated the frequency the participants used the
possessive adjective ‘my’ towards their bodies. The quantitative analysis of term ‘my’ was
suggested by an expert in anorexia, as it can discover valuable information regarding the
patient’s feeling of unity with her own body.

3.3.3. Verb Tense

In our approach, we focused on detecting a verb form in present and past categories
to compare if the patients with anorexia tended to express themselves mostly in present
timeframes or maybe they are stuck in the past, tearing up old experiences. This valuable
factor enriching the analysis comprises the type of verbs people who are ill use. Do they
focus more on actions in their utterances (using dynamic verbs), or do they focus more on
their feelings, inwardly, or on their self-centeredness? As the analysis referred to the Polish
language, we neglected categorizing the tenses into simple, progressive, or perfect.

3.3.4. Analysis of Possessives and Adjectives

Calculating the frequency of using the possessive adjective ‘my’ was crucial, because
we hypothesized that constant preoccupation with the body, weight, and appearance may
be associated with self-oriented behavior. The significant visible consequences of the
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illness, along with the psychological disturbances, may significantly impact the body image
of patients.

The next phase explored adjectives, as they form a category of words providing sig-
nificant information about a subject or object, often conveying emotional nuances. We
developed a rule for extracting the exact adjectives related to the patient’s body. Subse-
quently, the process involved the identification of negative and positive adjectives within
the text data. The categorization of adjectives into the positive and negative classes was
guided by the Nencki Affective Word List (NAWL). This dictionary serves as a database
of nearly 3000 Polish words derived from the Berlin Affective Word List (BAWL) with an
emotional rating and the psycholinguistic trait of words [40].

3.3.5. Key Terms Associated with Anorexia

This study also targeted the detection of the characteristic words that indicate the
most problematic areas for the patients. As the main feature of anorexia is distorted body
image, we focused on filtering terms relating to the body, appearance, and perception. The
analysis was mainly qualitative. Our goal was to search for valuable terms in the context
of body image that could serve as markers of the altered linguistic profile of people with
anorexia. Therefore, we only collected terms that were relevant in our opinion and that, in
combination with other language attributes, could complement the method.

3.4. Material

The material in this study comprised the written records made by patients with
anorexia who were undergoing therapy. We managed to collect the research material thanks
to the established cooperation with the specialists from the Clinical Hospital No.1 in Zabrze,
Poland, named after Professor S. Szyszko of the Medical University of Silesia. Another
group of records was the notes written by healthy adolescent girls and young women from
primary and secondary schools in Gliwice and Zabrze, Poland. All participants were asked
to write a short note (a note of a few sentences) on their attitude to their bodies. The data
collection consisted of 115 notes from anorexic patients and 85 from healthy schoolgirls.

This study utilized specific criteria for selecting the participants for the research and
control groups. The criteria and data tagging were determined by experts in anorexia
nervosa. For the research group, the inclusion criteria involved adolescent individuals
(aged 12–19) diagnosed with anorexia by a psychiatrist, with an absence of concurrent
psychological disorders and a duration of the disorder up to 3 years. The control group,
on the other hand, included participants within the same age range (12–19) without any
diagnosed psychological disorders.

In the research group, 115 females with the restrictive form of anorexia met the
specified criteria of being females with anorexia (the restrictive form) aged 12–19, with
an average age of 15.7 ± 2. The diagnoses of anorexia used the ICD-10 (International
Classification of Diseases, tenth revision) and DSM IV (Diagnostic and Statistical Manual
of Mental Disorders, fourth edition) criteria. The girls in the research group had an average
weight of 35.1 ± 4.7 kg and a BMI (Body Mass Index) ranging from 11.3 to 20.2, with
an average of 15.1 ± 2.8 (p < 0.001 vs. control group). The BMI SDS (Body Mass Index
standard deviation score) ranged from –4.2 to 0.9, with an average of –2.72 ± 1.49 (p < 0.001
vs. control group).

In contrast, the control group consisted of 85 healthy girls aged 12–20, with an average
age of 15.1 ± 1.9. Their average weight was 57.1 ± 10.1 kg and their BMIs ranged from
16.5 to 25.8, with an average of 21.5 ± 3.4. The BMI SDS ranged from –2.7 to 3.6, with an
average of 0.19 ± 1.44.

Examples of the patient notes for the research and control groups are presented below,
respectively:

Research group note example:

“I think this weight was the only thing I could really control, and that’s why I
clung to it so tightly. Because there was nothing else I could decide about and
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my voice would be heard. At home I was always in last place, I was made fun of
because of my figure. My peers were always pretty, slim, cheerful, self-confident,
and I hated them for it. I hate the way I look, thick legs, curly hair, big lips—I look
like a monkey princess. Sometimes I punished my body by vomiting. I know I’m
not doing the right thing, my skin is dry, I have kidney problems, I ruined my
teeth because of vomiting.

And it seems to me that this weight, this control, was so huge because it seemed
to me that it was the only thing that no one could take away from me. I could
control it myself. If I decide to lose ten kilos, I will lose weight. . .”

Control group note example:

“My body looks pretty good. My weight is normal. I like myself. I take care of
myself, I do sports, so I’m not obese because I eat quite a lot. It is very important
to me. I like to take care of myself and in my opinion it looks good.”

3.5. Method of Evaluation

This research adopted an evaluation that is based on misclassification errors from
note classification models. The usefulness of the proposed method was studied by ten
professional psychologists who were experts in eating disorders, fourteen school counselors
and school psychologists, and eight direct staff (nurses). For this purpose, we prepared a
questionnaire (presented in the results section) consisting of six questions (Table 1). The
questions were suggested by three experts in anorexia. We asked the participants to rate
each question using the Likert 1–5 scale, where 5—very useful, 4—useful, 3—I have no
opinion, 2—not very useful, and 1—not useful at all.

Table 1. Questions in the questionnaire.

Question
Number Question

Q1 Is the form of the tool helpful as a screening tool?

Q2 Is the sentiment towards the body useful information?

Q3 Is irony useful information?

Q4 Is past tense useful information?

Q5 Is Healthy/Sick tag useful information?

Q6 Combined with a vocabulary assessment, does the tool help
assess a person’s condition?

4. Results

The following subsections summarize the research results from the series of two-
step experiments including the machine learning approach and the statistical analysis of
linguistic indicators.

4.1. Results of Machine Learning

Based on the hyper-parameter optimization carried out during the model develop-
ment, the most satisfactory results we achieved were for the following parameter values:
rnnType = ‘gru’, n = ‘5’, init = ‘xavier’, and act = ‘auto’. In the next phase, we conducted
three experiments with three combinations of datasets, according to the scenario presented
in the section that presented the proposed method of training the model. The results of
the misclassification rate in machine learning obtained for each experiment for a particular
expert flag are found in Table 2.
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Table 2. The results of misclassification rate in machine learning.

Flag Healthy/Sick Sentiment Past Tense Irony

Parameter Misclassification
Error (%)

Misclassification
Error (%)

Misclassification
Error (%)

Misclassification
Error (%)

Experiment 1 26.6 63.3 10 3.3

Experiment 2 18.4 52.6 21.1 10.5

Experiment 3 30.8 38.5 30.8 15.4

4.2. Text Analysis Results

This study investigated the distinctive features of language among females with
anorexia and healthy females. It encompassed categorizing and evaluating desired parts of
speech addressing the patient’s body. The method evaluated and designated the textual
corpus into specific syntactic categories such as adjectives, verbs, and possessive adjectives.
Moreover, we extended the analysis of adjectives to assigning them a positive or negative
polarization. In the case of verbs, despite the general quantitative analysis, this study
emphasized the analysis of past or present time references.

Figure 1 illustrates an overview of the desired content words (adjectives and verbs)
and function words (possessives) identified in this study. Due to the similar length of the
notes, we decided to present the average number of the desired parts of speech. Regarding
the verb analysis, the participants in the research group generally used more verbs. The
analysis revealed that the mean of verbs with a past reference (5.7) was slightly higher
compared to the present (5.2). In the control group, the mean of verbs in the present was
2.3 and in the past 0.02.
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The analysis of the adjectives covered our assumption that anorexia participants
mostly used those noun modifiers in a negative sense, expressing unpleasant emotions
or situations. The mean of the positive terms was only 0.8, whereas the negative was
3.3. In the control group, we can see the mean of the positive at the level of 2.8 and the
negative at 1.8. The results clearly indicate that the healthy individuals in this study used
positive and negative adjectives in similar proportions; however, during the initial manual
analysis of the notes, we noticed that the usage of negative adjectives was not particularly
connected with their bodies. The considerably large difference between positive and
negative adjectives in the research group may indicate the patients’ concerns about their
body image. Indeed, the analysis revealed participants using more adjectives with negative
connotations when referring to their bodies.
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The third item in the chart shows that the average of using the possessive adjective
“my” in the research group was 1.4 and in the control 0.4, which may also relate to the
higher concern about the body among the patients with anorexia.

A further examination of the text resulted in developing a set of specific terms revealing
the most problematic areas of the body. As a result of general language analysis, we
were able to track further word compounds that patients frequently employed when
depicting the body, particularly when discussing their face, skin, abdomen, and legs. These
expressions indicated concerns over a loss of attractiveness or being fat. The patients often
referred to negative attitudes. These findings also showed serious concerns regarded their
skin. The set of interesting terms are presented in Figure 2.
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4.3. Evaluation of the Usefulness of the Developed Tool

The primary objective of this research was practical, utilizing the developed tool.
Therefore, we interviewed a group of ten psychologists who are specialists in anorexia
and eight nurses who have everyday contact with a patient and, on many occasions, may
notice valuable symptoms or signs that are important in the diagnostic process of anorexic
patients. Their positive feedback and suggestions were of great influence and help. That
motivated us to broaden the method, so that it could serve as a screening tool at schools.
We invited 14 school counselors and psychologists who answered the same set of questions.
Table 3 presents the results of the questionnaire. The graphical representation of the results
on the Likert scale is found in Figure 3.

Table 3. The results of the feedback from specialists shown according to the Likert scale.

Question Number Expert Psychologists School Coun-
selors/Psychologists

First Contract Staff
(Nurses)

Q1 4.4 3.93 3.88

Q2 4.7 4.5 3.25

Q3 4.4 4.36 2.88

Q4 4.1 3.93 3.0

Q5 4.9 4.86 4.5

Q6 4.4 4.21 4.13
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5. Discussion and Conclusions

In general, a relatively small textual dataset referring to the attitude of people with
anorexia towards body image was available (Experiment 1—research/control group size:
115/85). This fact also limited the possibility of expanding the model architecture—the best
results were obtained with a relatively simple architecture (two hidden layers of five GRU
cells each).

The average best performance for the three expert flags was 80%. Though the result
is not ideal, it does not exclude the practical utilizing of the proposed method. For the
sentiment flag, the results were much worse. However, our observation indicates using
various variants of learning the selected model for the best results. This study points out
that the obtained values were received without the use of general language models. Based
on the results of the linguistic analysis, significant differences were found in the statements
of people suffering from anorexia and healthy people. Therefore, the authors doubted
the validity of using general language models, which are currently very popular and
considered to be the state of the art in NLP methods. But we would like to emphasize that
this is an open issue for further research. Additionally, in future research, significant work
should be put into receiving the best quantitative results without losing the characteristic
features of the anorexic patients’ notes.

An important aspect is also the explainability of decisions made by the model. Known
explainability mechanisms for RNN models can be based on backpropagation through
time (BPTT), gradients-based methods, the attention mechanism, layer-wise relevance
propagation (LRP), or the SHapley Additive exPlanations (SHAP) [41]. However, in the
case of the body image notes, we are dealing with subjective, unstructured statements,
which makes them difficult to interpret. We must also consider the ambiguity of the
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words used and their subjective meaning for a given person. This refers to the so-called
projective psychological methodology, which has arisen from consultations with specialists
in eating disorders, where the examined person speaks freely on a given topic by choosing
words arbitrarily. Due to the difficulty of interpreting the SHAP charts in this particular
application, the authors refrained from using these methods in favor of building a linguistic
profile of the examined person using the dictionary methods. The combination of these
approaches gives valuable information about the condition of a patient in the opinion of
the direct medical personnel.

The main emphasis in this work was on the psychological aspects of anorexia, due to
the authors’ awareness of the lack of experience of the first contact staff in specialized issues
related to eating disorders and in the use of NLP models and methods. The developed
tools can be regarded as computer-assisted tools for the rapid assessment of the human
condition. Using the participants’ notes, the psychologist can generate results that provide
additional information about the patient’s condition.

The survey shows that the developed approaches using NLP were assessed as the most
useful by psychologists specializing in the treatment of eating disorders. Slightly worse
results were obtained from the group of school psychologists and nurses. The nurses found
general indicators (healthy/sick) to be the most useful. Detailed indicators concerning the
analysis of the examined person’s language are beyond the scope of interest of the nurses.

Having considered the results, we believe that the current pilot studies justify further
work on tools allowing for minimally invasive assessment of the human condition. The
conducted experiments and the evaluation results revealed the need for the first contact
staff to use the tool for a longer period of time (there is no access to specialists in eating
disorders at school). There can be two potential useful usage scenarios. The first is as a
screening tool, used prophylactically for the entire school community. In this case, it is
possible to identify people who are more likely to suffer from eating disorders. The second
is as a follow-up, which would consist of observing selected people over a longer period of
time and collecting more notes on a regular basis, which in turn would allow us to monitor
the condition of these people and provide effective support.

The are some limitations of this study. The data we have are a single-item survey (we
have one note from each patient). It would be desirable to have a follow-up of several
notes to test the usefulness of the proposed method in monitoring the patient’s condition
by a specialist, as well as to provide feedback for the patient in order to build up his/her
well-being, creating a sense of value or empowerment.

In the context of further work, research should focus on acquiring larger datasets,
which will enable us to apply more advanced machine learning architectures and also
general language models. It would be ideal to apply the developed tools in the context of
two scenarios: as a screening tool and for the regular monitoring of the human condition
in the context of eating disorders, and in the context of a statistical analysis of the results
obtained and their availability to the public.

The feasibility of using calibrators based on RNN architectures and LSTM, as well as
GRU cells, to help assess a patient’s condition was explored.

Addressing the issue of anorexia in society requires a comprehensive approach, in-
cluding education, eliminating harmful beauty standards, promoting a healthy lifestyle,
and ensuring easier access to professional psychological assistance. Continued research
into the causes and effects of anorexia is essential to develop more effective preventive and
therapeutic strategies.
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