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Abstract

Background: Eating disorders (EDs) are related to an array of negative health outcomes and have been a major public health
concern globally, including in China. However, the rates of detection and treatment-seeking for EDs in China are low and the
effective treatment is even lower. Thus, exploring new ways to detect and classify EDs has significant implications for EDs
prevention and treatment in China.

Objective: This study aimed to evaluate the performance of large language models (LLMs), particularly OpenAl’s GPT-4, on
the identification and classification of EDs, utilizing real-world Chinese plain-text social media data.

M ethods: We evaluated the performance of LLMs with two hierarchical tasks, including the Phase 1 task of judging whether a
sample was ED-positive, and the Phase 2 task of inferring the specific ED subtypes for positive samples, including anorexia
nervosa (AN), bulimia nervosa (BN), and binge-eating disorder (BED). GPT-4 was selected as the representative of state-of-the-
art LLMs, tuned with natural language instructions in a manner of zero-shot Chain-of-Thought (CoT) prompting based on
manually-edited ED criteria. The performance of GPT-4 was compared with three baseline schemes, including ERNIE 3.0,
1-gram Bag-of-Words (BoWw), and 3-gram BoW. The performance was quantified through overall accuracy and linear accuracy.

Results: In the Phase 1 task of identifying ED-positive samples, GPT-4 showed the lowest overall accuracy of 0.768, compared
with that of the baselines (0.810-0.818). However, in the Phase 2 task of classifying AN, BN, and BED, GPT-4 outperformed the
others, with alinear accuracy of 0.943 (0.687-0.877 for baselines) and an overall accuracy of 0.887 (0.373-0.753 for baselines).

Conclusions: These findings suggest that GPT-4's zero-shot in-context learning capability may be better suited for classifying
complex semantic capabilities such as ED subtypes (e.g., AN, BN, and BED). Also, conventional, non-LLM methods (ERNIE
3.0, 1-gram BoW, and 3-gram BoW) may be better suited for the initial identification of probable EDs.
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Original Paper

Evaluating the Performance of GPT-assisted Identification and
Classification of Eating Disorders with Text-based Chinese Social
Media Data

Abstract

Background: Eating disorders (EDs) are related to an array of negative health outcomes and have
been a major public health concern globally, including in China. However, the rates of detection and
treatment-seeking for EDs in China are low and the effective treatment is even lower. Thus,
exploring new ways to detect and classify EDs has significant implications for EDs prevention and
treatment in China.

Objective: This study aimed to evaluate the performance of large language models (LLMs),
particularly OpenAI’s GPT-4, on the identification and classification of EDs, utilizing real-world
Chinese plain-text social media data.

Methods: We evaluated the performance of LLMs with two hierarchical tasks, including the Phase 1
task of judging whether a sample was ED-positive, and the Phase 2 task of inferring the specific ED
subtypes for positive samples, including anorexia nervosa (AN), bulimia nervosa (BN), and binge-
eating disorder (BED). GPT-4 was selected as the representative of state-of-the-art LLMs, tuned with
natural language instructions in a manner of zero-shot Chain-of-Thought (CoT) prompting based on
manually-edited ED criteria. The performance of GPT-4 was compared with three baseline schemes,
including ERNIE 3.0, 1-gram Bag-of-Words (BoW), and 3-gram BoW. The performance was
quantified through overall accuracy and linear accuracy.

Results: In the Phase 1 task of identifying ED-positive samples, GPT-4 showed the lowest overall
accuracy of 0.768, compared with that of the baselines (0.810 —( 0.818). However, in the Phase 2 task
of classifying AN, BN, and BED, GPT-4 outperformed the others, with a linear accuracy of 0.943
(0.687 - 0.877 for baselines) and an overall accuracy of 0.887 (0.373 —( 0.753 for baselines).
Conclusions: These findings suggest that GPT-4’s zero-shot in-context learning capability may be
better suited for classifying complex semantic capabilities such as ED subtypes (e.g., AN, BN, and
BED). Also, conventional, non-LLM methods (ERNIE 3.0, 1-gram BoW, and 3-gram BoW) may be
better suited for the initial identification of probable EDs.

Keywords: Large Language Models; GPT; eating disorders; identification; classification; social
media

Introduction

Eating disorders (EDs) are psychiatric conditions characterized by severe disturbances in eating
behaviors and related thoughts and emotions [1,2]. EDs comprise several subtypes, such as anorexia
nervosa (AN), bulimia nervosa (BN), and binge-eating disorder (BED) [1]. EDs are linked to an
array of adverse health consequences, including depression, anxiety, breast cancer, high engagement
in non-suicidal self-injury, high suicidality, high mortality rates, and reduced quality of life [3-10].
Moreover, ED is difficult to treat due to the unique and complex challenges that patients with EDs
bring to treatment providers.

According to an epidemiological systematic review [11], EDs are prevalent worldwide (5.7% women
with accurate ED diagnosis and 19.4% women with EDs as broad categories; 2.2% men with
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accurate ED diagnosis and 13.8% men with EDs as broad categories), with an increasing trend of
prevalence (from 3.5% in the 2000-2006 period to 7.8% in the 2013-2018 period). Thus, EDs are an
important global public health concern [12-17], including in China [18,19].

However, in China, despite its large population base and the relatively high estimates of EDs (e.g.,
1.05 % for AN, 2.98 % for BN, and 3.53 % for BED in a large-scale epidemiological investigation in
Chinese college women) [20], the rates of detection and treatment-seeking for EDs are low and the
effective treatment is even lower[21]. One potential explanation for this dilemma is that EDs
received relatively little publicity in Chinese media, leading to low public awareness of EDs in China
[22]. Indeed, prior research suggests that the lack of recognition of EDs as a mental illness is a key
barrier for not seeking for ED treatment among Chinese individuals with EDs [23]. Given that early
detection of EDs has significant clinical implications (e.g., improvement in prognosis and decrease in
morbidity and mortality) [24]. Thus, efforts to improve the identification of EDs in China are needed.

With the development of technology and the widespread use of social media, identification of
individuals with EDs via social media data is promising [25-27]. To date, there have been many
studies that explored the performance of using social media data to detect EDs. For instance, [28]
found it effective to use machine learning methods like decision trees (i.e., ADTree) to distinguish
pro-ED and non-pro-ED posts from social media platforms like Tumblr and Twitter. Also, [29]
discovered that manual feature engineering (i.e., vocabulary extraction and topic modeling) based on
raw text data helps enhance the identification, and proved his proposal by successfully applied
manual feature engineering to social media posts, attaining promising results on detecting AN.
Furthermore, [30] proposed an automated feature engineering scheme, through multiple machine
learning approaches like Bag-of-Words (BoW) [31], TF-IDF [32], and Word2Vec [33], to preprocess
social media posts from Reddit, and such preprocessing manner helped them achieve auto-detection
of ED vs. not ED in social media samples with only 4% error rate. More recently, [25] proved that
modern neural networks (i.e., convolutional neural networks [34] and recurrent neural networks [35])
are outstanding feature extractors and learners of social media data. In their study, both raw text
representations and manually engineered features are utilized as the inputs of their classifier, and the
results showcased 100% high-risk ED sample detection rate on Reddit posts.

Despite the above-mentioned progress in harnessing social media data, there is still plenty room for
improvement. First, the majority of existing studies based on social media text data mainly
investigated whether their methodologies could accurately identify an ED (e.g., AN) or EDs as a
whole group, but did not further assess the performance of these methods on classifying ED subtypes
(e.g., AN, BN, and BED). Second, the advent of large language models (LLMs) has revolutionized
learning-based schemes with its exclusive, zero-shot in-context learning paradigm where no training
is required [36,37]. To our knowledge, there still lacks research evaluating the effectiveness of this
new technique on ED identification and classification and how it performs compared with
conventional data-driven methods, namely traditional machine learning-based models (e.g., BoW,
TF-IDF) and non-LLM deep learning-based models (BERT) that require supervised training [38,39].
Furthermore, ED-related social media contents vary across different linguistic and cultural contexts
[22]. Despite this, existing studies have focused on English-oriented social media platforms, with
little attention paid to social media platforms in the Chinese context.

To fill these gaps, the present study examined ED identification and classification via Chinese social
media data with the state-of-the-art LLM GPT-4. In particular, we chose Zhihu, a widely-used
Chinese social media platform as the social media platform to reflect our ED samples, and we
leveraged the GPT-4’s zero-shot in-context learning capability by prompting it, namely “instruction
tuning.” To fully examine the effectiveness and the performance of LLM-based ED identification and
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classification, we conducted two evaluation phases, including a preliminary “ED or not” binary
classification task and a more fine-grained “AN, BN, or BED” multi-classification task. The
performance of GPT-4’s in-context learning was compared with that of three baseline data-driven
NLP (ERNIE 3.0, 1-gram BoW, and 3-gram BoW) methods across two evaluation phases. In the
following sub-sections of introduction, we reviewed the literature on using LLMs in detecting mental
health issues and introduced the potentials of using LLMs in detecting EDs.

Use of Large Language Models in Detecting Mental llinesses

The emergence and popularity of LLMs, such as OpenAI’s GPT-4 [40], have paved the way for a
wide range of disciplines where the requirement for direct text analysis is ubiquitous yet too
complicated for conventional data-driven methods. Their transformative impact is particularly
noticeable in psychology, reshaping traditional screening and therapeutic practices [41].

A significant aspect of studying psychological issues involves the modeling of natural language since
people express themselves more frequently and heavily through words and sentences than through
other modalities. Yet, linguistic cues are considered one of the most complicated modalities, owing to
the underlying characteristics uniquely held by natural language, such as sparsity [42], diversity [43],
uncertainty [44], and connotation [45]. Given the complexity of processing natural language,
previous studies have proposed a substantial number of data-driven methods, where massive natural
language corpora are utilized to train the models. However, in addition to the demands for
computational resources, time, and storage, these NLP methods usually struggle with transferability;
that is, if one of them is applied to a different field, the model would require retraining with a new,
domain-specific dataset and such a procedure can be highly resource-intensive. LLMs can overcome
these long-standing issues. Typically, a LLM employs a pre-training corpus that is not only
voluminous but also extensively varied, covering a multitude of everyday situations and specialized
domains. It even spans multiple language families, historical contexts, and cultural realms. Coupled
with an LLM’s billions of parameters, these factors grant its unparalleled semantic comprehension,
reasoning, generation, and generalizability. These advantages help fulfill the aspirations of
psychological research that intersects with natural language processing, providing novel perspectives
in detecting and understanding a wide range of psychological issues [46].

Additionally, the scalability and accessibility of these models contribute to the promotion of mental
health care’s universal access. Especially, LL.Ms are designed to be deployed without the necessity of
retraining, thanks to its rich and broad background knowledge as well as its intuitive and human-
friendly natural language interaction logic. These inherent superiorities allow a quick, flexible, and
low-cost implementation for various scenarios, enabling virtual consultations and automated mental
screening, effectively widening the reach of psychological services beyond geographical and time
constraints [47,48].

Potentials of Large Language Models in Identification and Classification
of EDs

Eating Disorders (EDs), as the main focus of this study, are considered challenging with respect to
the natural language-based content analysis, which is especially the case when dealing with social
media data. In China, where diversities of regional, cultural, and educational backgrounds among the
population exist, digitalization and networking services have been developed and popularized at a
tremendous speed in recent years [49]. Hence, combined with the widespread connotations and the
variances in the Chinese language [50,51], mental health screening for posts from individuals on
Chinese social media platforms can be arduous. Identifying “ED or not” can still be straightforward
given the fact that the negative output “0” and the positive output “1” are orthogonal, and data-driven
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models are skilled enough at extracting and fitting locally-distributed orthogonal features of the
inputs, regardless of the global semantic-level complexity [52,53]. However, identifying whether a
post reflects AN, BN, or BED is not orthogonal. For example, BN and BED share some similar
symptoms (e.g., both BN and BED patients may experience low mood and feelings of losing control
and guilty afterwards) and behaviors (e.g., both BN and BED are featured by binge eating; but unlike
BN, BED does not involve regular unhealthy compensatory behaviors), resulting in frequent
intersecting expressions between BN posts and BED posts that confuse even human experts
[22,54,55]. Accordingly, semantic-level reasoning with sufficient cross-domain knowledge of both
linguistics and EDs are of great importance for the identification of specific ED subtypes. Such
capabilities may be achieved by LLMs [56].

The Present Study

Overall, this study explored the possibility of utilizing GPT-4 to identify and classify EDs. We
created the prompts to identify EDs guided by the definitions in the Diagnostic and Statistical
Manual of Mental Disorders, 5th Edition (DSM-5) [1]. Then, we tuned the GPT-4 with the prompts
to obtain the classification outcomes of ED subtypes. To better evaluate the performance of GPT-4,
we chose and tested three data-driven baseline methods for comparison, including ERNIE 3.0, 1-
gram Bag-of-Words (BoW), and 3-gram BoW. We assessed their performance with the same tasks.
We chose these baselines because they are widely utilized as the preprocessing methods of text data
and have been employed in conjunction with a downstream CatBoost classifier for both training and
inference [57,58]. Also, due to the utilization of zero-shot in-context learning, GPT-4 does not
require retraining and can perform inference directly on the validation data. This is fundamentally
different from the conventional task-specific supervised learning paradigm required by the baselines.
Fortunately, multiple recent studies reported that the language model’s in-context learning
demonstrates comparable or even better performance than the supervised learning-based models
[36,59,60], which further encouraged us to explore the LLM’s potential on ED screening.

Method
Dataset Description

Data used in the present study were from a project examining the perceived causes of EDs in
Chinese Zhihu users with self-report EDs status. Specifically, data were extracted through the open
API of Zhihu, a popular Chinese social media platform similar to Quora, where people share their
experiences and knowledge in a Q&A format. We extracted the posts (i.e., answers) from the Zhihu
users who responded to questions related to EDs [e.g., “000000000000" (How did you come to
develop anorexia nervosa)]. We specifically focused on AN, BN, and BED because these are the
main types of EDs discussed in Chinese social media [22]. A total of 5199 posts were obtained. Data
were manually labeled by two groups of well-trained research assistants through carefully reading
posts (Cohen’s Kappa = 0.714-0.944), and inconsistency was resolved via discussions within the
research team. Labeling was conducted in two stages. At the first stage, research assistants labeled
the users as 1 “positive,” indicating that the users self-reported as having an ED, and 0 “negative,”
indicating that the users did not self-report as having an ED (e.g., some users responded to the ED
relevant questions to show their support or to share their friends’ ED experiences). A total of 2098
data points were labeled as positive “1,” and the remaining data were labeled as negative “0.” At the
second stage, based on the users’ self-reported diagnosis and ED symptoms described in the posts,
research assistants further classified the users into three categories, including AN, BN, and BED.
However, 19 posts with unclear diagnosis information were removed at the second stage. Thus, a
total of 2079 data entries remained (306 AN, 782 BN, and 991 BED). Then, we randomly selected
100 posts from the categories of non-ED, AN, BN, and BED (i.e., a total of 400 posts with an even
distribution of each category). In the first binary classification task of our evaluation phase, all 5199

https://preprints.jmir.org/preprint/58054 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Yaneta

data with “ED or not” binary labels were included, where 400 (300 positives and 100 negatives) data
were utilized as the validation set for both baselines and GPT-4, and the remaining 4799 data were
utilized as the training set for baseline models requiring supervised training. In the second multi-
classification task, the 2079 data from the second stage with “AN, BN, or BED” multi-class labels
were included, where 300 (100 ANs, 100 BNs, and 100 BEDs) data were utilized as the validation
set, and the remaining 1779 data were utilized to train the baseline models.

Instruction Tuning with GPT-4

The development of modern language models has revolutionized Natural Language Processing
(NLP) and Natural Language Generation (NLG), enabling machines to learn and understand human
language with remarkable accuracy. Starting with the Transformer model [61], the game-changing
architecture shifted the focus from recurrent layers to self-attention mechanisms, fostering
improvements in various NLP and NLG tasks. The OpenAl’s GPT (Generative Pretrained
Transformers) series [36], especially the latest GPT-4 [40], is the state-of-the-art generative LLM,
exploiting the power of unsupervised learning and scale to achieve human-like fluency and
comprehension. The effectiveness of LL.Ms largely depends on the pivotal process called instruction
tuning, which is a straightforward paradigm that emphasizes guiding the model’s behavior with
explicit instructions.

The GPT-4, which employs a pure decoder-based Transformer framework, typically utilizes zero-
shot or few-shot chain-of-thought (CoT) prompting mechanisms for instruction tuning [62]. The
essence of CoT lies in facilitating optimal feedback from LLMs. This is achieved via meticulous
prompt engineering, which may specifically involve transforming an abstract query into a more
tangible interpretation, breaking down complex compound logic and offering supplementary
resources, among other things. Such an approach steers the model towards conducting sequential
reasoning guided by chained thoughts, which does not only reduce model divergence but also
improves the consistency and accuracy of the output. Unlike supervised learning, the CoT
mechanism does not focus on refining the sample space to enhance distribution learning of an LLM.
Instead, it optimizes knowledge application strategies in a more consistent way with human
interaction.

In our study, rather than utilize GPT’s innate knowledge base to classify EDs, which can be highly
unreliable, we created a comprehensive knowledge base according to the definitions and diagnostic
criteria of different EDs in the DSM-5 [1]. As described in (Figure 1), the “character definition”
defines the “system” role attribute of the language model, serving as a psychological domain
constraint by prompting the GPT to analyze and respond like a psychologist. “ED definition” as well
as “task definition” are CoT prompts, considered as key instructions mainly consisting of the
definitions of EDs and how different EDs can be identified. In addition, the semantic ambiguities are
prevalent within modern social media posts, e.g., unofficial abbreviations and network words, so
prompts for disambiguation are also injected for the LLM to be aware of such biases. Eventually, the
combined screening instruction is subsequently fed to the GPT along with the sample to be analyzed
and the description of our task. This approach steers GPT to make inferences utilizing cues from the
knowledge base, thereby securing accurate and satisfactory classification outcomes.

Metrics and Parameter Settings

We employed overall accuracy and linear accuracy to assess identification and classification
performance (Figure 2). Overall accuracy is a prevalent metric wherein each sample represents the
smallest computational unit. Linear accuracy employs individual labels as the basic unit for the
classification task. The unique feature of linear accuracy is that it transforms the actual value matrix
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and prediction matrix from multi-sample classification tasks in the validation set into two, one-
dimensional arrays — each element representing a true or predicted label value (0 or 1). The average
match rate, computed by correlating these two arrays post-flattening, equates to linear accuracy. As
compared to standard accuracy measures, such an algorithm presents a more detailed mechanism for
evaluating model performance. It should be noted that we do not use the evaluation metric of linear
accuracy in every test phase listed in the next section. For a binary classification problem, since the
positive and negative labels of samples are encoded by a single digit, linear accuracy and overall
accuracy are considered equivalent (i.e., determining whether a sample has an ED), and we represent
the accuracy metric in this context with overall accuracy.

Besides the metric setting, the “temperature” parameter of the GPT-4 is set to 0.2, of which the
default value, 1.0, has shown to be unstable for multiple evaluation attempts. This is due to the fact
that the temperature manipulates the associative ability of LLMs [40]. A too-large value, though
allowing more creative feedback, significantly reduces the attention on the details of our instruction.
We saw the decline of GPT-4’s performance on our task when the temperature was set too high.
Additionally, it was observed that a near-zero “temperature” (e.g., 0.01, 0.02) also resulted in a
performance loss. Chen stated that a too-low temperature degrades the LLM’s capability of dealing
with out-of-domain (OOD) samples [63], and such samples occur widely in natural language tasks.
As such, we finally settled on a temperature setting of 0.2, striking a sensible balance between
performance and stability.

Settings of the Evaluation Tasks

We reported the performance of instruction-tuned GPT-4 in the Phase 1 task of ED identification (a
binary classification task) and the Phase 2 task of ED classification (a multi-class classification task)
based on purely textual social media data. The same prompts were used for both classification tasks
to better examine and showcase the generalizable in-context learning capability of GPT-4. We
compared the performance of GPT-4 with three non-LLM, conventional learning-based NLP
approaches, including ERNIE 3.0, 1-gram Bag-of-Words (BoW), and 3-gram BoW, followed by a
downstream CatBoost classifier. ERNIE is a pre-training framework representing a series of modern
word2vec and sentence2vec models, and ERNIE 3.0 is one of the latest series that leverages more
complex Transformer framework, brand new pre-training tasks, and knowledge enhancing
techniques compared to its predecessors. Bag-of-Words, though much earlier proposed, is still among
the most welcomed NLP methods in a wide range of research fields for its strong interpretability and
distinguished generality. CatBoost is a new and popular gradient boosting tool and is widely
implemented for classification tasks. Compared to XGBoost [64], an earlier proposed gradient
boosting scheme receiving even broader acceptance, CatBoost is claimed to possess better
generalization ability and more efficient multi-processor and GPU training [57,58]. Except GPT-4
employing the zero-shot instruction tuning, which requires no training, the data-driven baseline
models were trained under supervision on samples from the dataset (excluding those for validation).
(Table 1) shows baseline settings of our evaluation tasks.

No. of .
. Baseline

samples for | Baseline upstream Accuracy
Tasks : N downstream .

train/ (vectorization) e metric

. (classification)

Evaluation
bi ED ¢ ERNIE 3.0 1
inary (ED ornot) f ;9,40 1-gram BoW overd
classification CatBoost accuracy

3-gram BoW

multiclass (AN, | 1798/300 ERNIE 3.0 overall &
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BN, BED) 1-gram BoW linear
classification 3-gram BoW accuracy
Table 1. Baseline settings of the evaluation tasks.*

‘ED = Eating Disorder, AN = Anorexia Nervosa, BN = Bulimia Nervosa, BED = Binge-Eating
Disorder.

Results
Binary ED Identification Performance

In the Phase 1 task, we compared the accuracy of GPT-4 and baseline NLP methods in determining
the presence of ED based on the text content for 400 samples (300 positives and 100 negatives) of
the validation set, where the numerical result is demonstrated in (Table 2). It can be observed that, in
this stage, GPT-4 unexpectedly achieved the least desirable result (overall accuracy: 0.768), while
classifiers based on BoW and ERNIE 3.0 showed better performance on the validation set (overall
accuracy: 0.818 for ERNIE 3.0 and 3-gram BoW, 0.810 for 1-gram BoW). Statistics on the
proportion of true positives (TP) and true negatives (TN) achieved by each method revealed that
GPT-4 tended to classify samples as positive (having ED), with a positive prediction accuracy
reaching 1 (all predictions correct), whereas the negative prediction accuracy was only 0.410. On the
other side, the non-LLM methods did not show a significant difference between the proportions of
TN and TP, and in most cases, the proportion of TN was slightly higher than that of TP (0.850 vs.
0.807 for ERNIE 3.0, 0.830 vs. 0.803 for 1-gram BoW, 0.810 vs. 0.820 for 3-gram BoW).

Table 2. Result of baselines and GPT-4 performing the “ED or not” binary classification.

Model TN/TP Overall accuracy
ERNIE 3.0 0.850/0.807 0.818
1-gram BoW 0.830/0.803 0.810
3-gram BoW 0.810/0.820 0.818
GPT-4 (zero-shot CoT) 0.410/1.000 0.768

‘ED = Eating Disorder, AN = Anorexia Nervosa, BN = Bulimia Nervosa, BED = Binge-Eating
Disorder. TN = True Negative, TP = True Positive.

Multiclass ED Classification Performance

In the Phase 2 task, we employed 300 positive samples out of a total of 400 in the validation set,
where each of them was labeled as AN, BN, or BED to assess the ability of GPT-4 in making
detailed predictions on these samples compared to the baseline methods. The number (100) and
proportion (1/3) of samples corresponding to each label are consistent. During data preprocessing, all
labels are one-hot encoded for the convenience of training, evaluation, and analysis. The numerical
result is shown in (Table 3). The accuracy of AN, BN, and BED is calculated binarily by
(TN +TP )N,y , where N, =100 for every ED subtype in our setup.

Table 3. Result of baselines and GPT-4 performing the “AN, BN, BED” multi-classification.’

Model AN BN BED Linear Overall
accuracy accuracy accuracy accuracy accuracy

ERNIE 3.0 0.867 0.813 0.827 0.877 0.753

1-gram BoW 0.815 0.710 0.736 0.815 0.630
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3-gram Bow | 0.601 0.569 0.576 0.687 0.373
GPT-4 (zero-
shot CoT) 0.943 0.897 0.933 0.943 0.887

‘ED = Eating Disorder, AN = Anorexia Nervosa, BN = Bulimia Nervosa, BED = Binge-Eating
Disorder..

In contrast to the result from the previous evaluation, GPT-4 demonstrated a considerable increase in
accuracy for the multi-classification task across three subtypes of EDs, achieving more than 0.8 out
of 1 on all indicators regarding accuracy, more than half number of which even exceeds 0.9 (0.943
linear accuracy and AN accuracy, 0.933 BED accuracy). Compared to the baseline methods, GPT-4’s
overall accuracy improved by 17.8% over ERNIE 3.0, 40.8% over 1-gram BoW, and 137.8% over 3-
gram BoW. In terms of linear accuracy, it also showed enhancements of 7.5% over ERNIE 3.0,
15.7% over 1-gram BoW, and 37.3% over 3-gram BoW. In terms of predicting outcomes for each ED
subtype, all methods consistently achieved the highest accuracy in identifying positive samples as
AN, followed by BED. However, BN samples had the lowest proportion of accurate predictions.

Discussion

Generally speaking, the zero-shot instruction tuning method we adopted did not enable GPT-4 to
provide optimal accuracy in the “ED or not” binary prediction task, but for the finer-grained task,
like predicting the specific subtypes of ED, prompted GPT-4 managed to attain state-of-the-art
performance.

From the perspective of the learning paradigm, the unique zero-shot in-context learning capability
inherent to LLMs such as GPT-4, enabling them to directly infer on the samples from the validation
set, is distinctly different from the traditional paradigm that data-driven models typically rely on
because they are trained on a specified dataset for completing a task in the same domain.
Fundamentally, a data-driven model (i.e., any baseline models implemented in our paper) is
optimized over a specific dataset and task, thus it exhibits a stronger capacity for fitting lower-level
features and shows greater performance to such data and task. In contrast, with a considerably larger
number of parameters, GPT-4 is pretrained on a massive corpus of cross-domain textual samples and
diverse semantic downstream tasks, empowering its high-level semantic attribution capabilities. The
preliminary “ED or not” binary classification task may gain some advantages by identifying certain
(sometimes biased) feature, leading their performance to potentially surpass that of the more
generalization-oriented GPT-4. Although they work well in this dataset, nonetheless, it does not
imply that these models will exhibit the same level generalizability over a wider range of datasets. As
opposed to this coarse-grained binary classification tasks, when it comes to the more intricate ED
subtype classification, the limited combinations of low-level features become insufficient for
capturing the real-world distribution of samples. In this case, the in-context learning that GPT
possess is capable of accessing higher-level semantic features. It incorporates logical and strategic
reasoning trajectories, as well as an abundance of supportive background knowledge. This
combination allows the large language model not to be bounded by the constraints of data limitation,
and to provide self-explanatory inferences. As a result, GPT-4 can be better when tackling complex
reasoning tasks requiring more contexts and higher levels of granularity. In addition, the primary
framework of GPT-4, Transformer, which focuses on capturing the global semantic features of the
text, may sometimes lead to the loss of critical local semantic information [65].

In general, the results speak to the performance and potential of the instruction-tuned GPT-4 utilizing

in-context learning in the identification of eating disorders given purely textual social media data.
The results combined with our analysis suggest that GPT-4 can serve as a powerful auxiliary tool for
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subtype analysis and the identification of eating disorders, which usually requires substantial
background knowledge and solid professional competence. When there is limited resources of
collecting data and training specialized machine learning models for a preliminary screening (i.e. ED
or not), we can also consider utilizing the zero-shot feature of GPT-4 while intervention and
guidance from human experts remain critical at the current stage. If a fully automated screening
process is attempted to achieve, we recommend combining mainstream non-LL.M NLP methods with
LLMs like GPT-4, which tends to strike a balance between reliability, effectiveness, and efficiency.

The exceptional performance of LLMs like GPT-4 in complex text analysis tasks is largely attributed
to its high-level abstract reasoning which aligns with human intuition and a hyper-rational approach
that enables it not only to think with human-like strategy and logic, but also to navigate cognitive
biases that frequently trap ordinary people[66-68].

The utilization of large language models offers several advantages. First and foremost is the low-cost
and efficient local deployment. Notably, open-access large language models like OpenAI’s GPT
provide remote API interfaces. Put in other words, this eliminates the need for users to download
voluminous model parameters, saving both time and network resources. Furthermore, there is no
requirement for locally deployed high-performance computing devices for additional training or
inference. Additionally, the high-level API functionality allows end-users to implement end-to-end
task flows with minimal code. Second is human-level natural language comprehension: large
language models, meticulously pre-trained on vast and diverse corpora across various domains,
exhibit exceptional generalization capabilities. Consequently, they excel in downstream tasks such as
analyzing textual expressions of psychological symptoms. These tasks, characterized by their
complexity and specialized nature, pose significant challenges for conventional NLP models. Third is
the the inherent interpretability of large language models in their innate chain-like thinking and text
generation abilities. These qualities enable them to provide self-explanatory analysis results. By
addressing the issues of interpretability and reliability that have long plagued the field of deep
learning, large language models significantly outperform traditional machine learning algorithms,
which, despite possessing some degree of interpretability, often struggle to yield acceptable
performance on intricate text analysis tasks. Moreover, large language models demonstrate
outstanding domain adaptation capabilities. When confronted with specific downstream tasks, users
typically only need to provide task-relevant definitions or prompts. The models autonomously
extract key guiding information from these prompts. Leveraging their superior understanding and
reasoning abilities, large language models establish associations and mappings among domain
knowledge, tasks, samples, and results.

It is important to acknowledge the limitations and related future research directions of this study.
Firstly, we did not assess the credibility of each user entry, which is a pervasive constraint in research
within this field. Addressing this limitation is crucial, and in our future work, we intend to explore
methods such as anomaly detection or leveraging large language models to quantify the credibility of
samples. Furthermore, considering the relatively high token usage cost of GPT-4, we carefully
selected a small yet representative sample to ensure a fair assessment of model performance while
keeping costs manageable. Nevertheless, it remains uncertain whether the same prompt and model
would yield similarly high identification accuracy when applied to out-of-domain data. We recognize
the need for improvement in this aspect and will also incorporate it into our future endeavors. We
invite and encourage eating disorder researchers to extend the methodology presented in this paper to
a wider spectrum of social media data and tasks. Notably, for platforms with English-language
content, such as Reddit, research thus far has relied on content analysis strategies without employing
language models for studying eating disorder text data [69,70]. Given that state-of-the-art models are
often reported to perform optimally in analysis and question-answering benchmarks on English texts,
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we anticipate the emergence of enhanced analytical and screening capabilities when these large
language models are applied to English eating disorder text datasets.

Conclusion

In summary, our study provided novel discussions and insights on an emerging trend of natural
language processing for eating disorders by integrating large language models with instruction tuning
and in-context learning. This emerging technology points to new paths for research in various
domains within psychology, not limited to eating disorders. It empowers researchers to conduct
robust automated analysis directly on abundant textual data, liberating them from the constraints of
traditional information collection and metric quantification methods. With lower costs and more
efficient workflows, researchers can achieve performance levels that rival or even surpass those of
human experts across a broad spectrum of objectives. We anticipate a future where automated
analysis powered by large language models plays a vital role in assisting mental health professionals
and researchers in diagnosing and understanding eating disorders and other psychological conditions.
This technology has the potential to enhance accessibility, efficiency, and patient care, ultimately
leading to improved outcomes in the field of mental health.
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The schematic diagram of our proposed LLM-based text analysis scheme for eating disordersin afinite-state machine (FSM)
style. Note: ED = Eating Disorder, AN = Anorexia Nervosa, BN = Bulimia Nervosa, BED = Binge-Eating Disorder.
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A graphical illustration of how overall and linear accuracy are calculated and how they are different from each other. Acc. =
Accuracy.
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