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Abstract. In 2017, we launched eRisk as a CLEF Lab to encourage
research on early risk detection on the Internet. Since then, thanks to
the participants’ work, we have developed detection models and datasets
for depression, anorexia, pathological gambling and self-harm. In 2024,
it will be the eighth edition of the lab, where we will present a revision of
the sentence ranking for depression symptoms, the third edition of tasks
on early alert of anorexia and eating disorder severity estimation. This
paper outlines the work that we have done to date, discusses key lessons
learned in previous editions, and presents our plans for eRisk 2024.

1 Introduction

The eRisk Lab1 is an ongoing project focused on evaluating early risk detection
on the internet, with a particular emphasis on health and safety issues. Since its
pilot edition in 2017 in Dublin [6], it has been a part of CLEF. Throughout its
various editions [6–9,11–13], many collections and models have been presented
under the eRisk umbrella, and the presented dataset construction approaches
and evaluation strategies can be applied to different types of risks.

Our interdisciplinary Lab addresses tasks that require and combine from
information retrieval, computational linguistics, machine learning, and psychol-
ogy knowledge. Diverse experts have collaborated to design monitoring models
for critical societal problems. These models could be used, for example, to alert
when someone exhibits signs of suicidal thoughts on social media. Previous eRisk
editions have addressed issues like depression, eating disorders, gambling, and
self-harm detection.

1 https://erisk.irlab.org.
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eRisk has introduced early alert, sentence ranking for risk symptoms, and
severity estimation tasks. Early risk tasks (Sect. 2.1) involve predicting risks
by analyzing a temporal text stream (e.g., social media posts) and accumulat-
ing evidence to make decisions about specific risks, such as the development of
depression. In the severity estimation challenges (Sect. 2.2), participants use all
user writings to compute a detailed estimate of symptoms of a specific risk, fill-
ing out a standard questionnaire as real users would do. Last year, we presented
the sentence ranking for signs of depression (Sect. 2.3). This new type of task
complements the other two by challenging participants to rank sentences from
a collection of user writings according to their relevance to the symptoms of a
specific risk.

2 A Brief History of eRisk

In the inaugural eRisk edition in 2017 [6], the sole pilot task focused on early
depression risk detection. Data was released in weekly chunks, and participants
had to submit predictions after each release. The demanding nature of this pro-
cess led to only eight groups out of thirty completing the tasks by the deadline.
Evaluation methods and metrics were based on those defined in [5].

In 2018 [7], the same setup was continued, featuring the early detection of
depression and introducing a new task for early detection of anorexia. Task 1 on
depression received 45 system submissions, while for anorexia we received 35.

In 2019 [8], a significant change occurred as the release of user posts became
more fine-grained using a server. Two early risk detection tasks continued
(anorexia and self-harm), and a new task on severity estimation for depression
was introduced, involving clinically validated questionnaires. The number of sub-
missions for these tasks was 54, 33, and 33 for tasks 1, 2, and 3, respectively. In
2020 [9], the early detection of self-harm and the estimation of depression symp-
tom severity tasks persisted. There were 46 system submissions for the early risk
task and 17 for the severity estimation task.

The year 2021 [11] saw the introduction of three tasks, with the third edition
of the early self-harm detection and depression symptom severity tasks. Addi-
tionally, a new task focused on early detection in the domain of pathological
gambling was introduced, receiving 115 runs from 18 teams out of 75 registered.
In 2022 [12], the early risk detection of pathological gambling task continued,
along with the first edition of early depression risk detection under the new
fine-grained setup. Another severity estimation task was presented, focusing on
eating disorders and using a standard questionnaire. In total, the proposed tasks
received 117 runs from 18 teams.

In 2023 [13], a new task was introduced, focusing on locating markers in sen-
tences for 21 depression symptoms as defined by the BDI-II questionnaire. This
marked the first edition of the sentence ranking task. The three-year cycle for
early alert of pathological gambling was closed and we also ran the second edition
of the eating disorder severity estimation task under the EDE-Q questionnaire,
with 105 runs submitted by 20 teams for the proposed tasks.
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Over these seven years, eRisk has received a stable number of active partic-
ipants, slowly placing the Lab as a reference forum for early risk research. We
summarised the eRisk experience and the best models presented so far in our
recent book [4].

2.1 Early Risk Prediction Tasks

The initial challenges revolved around early risk prediction in various domains
(such as depression, anorexia, and self-harm). In each edition, the teams analyzed
social media writings (posts or comments) sequentially in chronological order to
detect signs of risk as early as possible. All shared tasks in different editions
sourced their data from the social media platform Reddit.

Reddit users tend to write prolifically, often with posts spanning several years.
Many communities (subreddits) on Reddit focus on mental health disorders, pro-
viding a valuable resource for obtaining the writing history of redditors to build
eRisk datasets [5]. In these datasets, redditors are categorized into a positive
class (e.g., individuals with depression) and a negative class (control group).
To identify positive redditors, the methodology developed by Coppersmith and
colleagues [3] was followed. For instance, in the case of identifying positive reddi-
tors for depression, the writings were searched for explicit strings (e.g., “Today,
I was diagnosed with depression”) indicating a diagnosis. Notably, phrases like
“I am anorexic” or “I have anorexia” were not considered explicit affirmations of
a diagnosis. This semi-supervised method has been used to extract information
about patients diagnosed with different conditions since 2020, with the assistance
of the Beaver tool [10] for labeling positive and negative instances.

Regarding the evaluation methodology, the first edition of eRisk introduced a
new metric called ERDE (Early Risk Detection Error) to measure early detection
[5]. ERDE differs from standard classification metrics as it takes into account
prediction latency, considering both the correctness of the binary decision and
the latency. The original ERDE metric quantified latency by counting the num-
ber of posts (k) processed before reaching a decision. In 2019, an alternative
metric for early risk prediction, Flatency, was adopted, as proposed by Sadeque
et al. [14]. Starting in 2019, with the release of user texts at the writing level,
user rankings were generated based on participants’ estimated degree of risk.
These rankings have been evaluated using common information retrieval met-
rics, including P@10 and nDCG [8].

2.2 Severity Level Estimation Tasks

In 2019, we introduced a new task focused on estimating the severity of depres-
sion, a task that continued in 2020 and 2021. In 2022 we ran the severity estima-
tion on the eating disorder domain, where participants were required to automat-
ically complete the EDE-Q questionnaire. In these tasks, participants had access
to the writing history of some redditors who volunteered to fill out the standard
questionnaires. Their challenge was to develop models that could answer each
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of the questionnaire’s questions based on the evidence found in the provided
writings.

For depression assessment, we used Beck’s Depression Inventory (BDI-II)
[1], which consists of 21 questions related to the severity of depression signs
and symptoms, each with four alternative responses corresponding to different
severity levels (e.g., loss of energy, sadness, and sleeping problems). For eating
disorders, we used questions 1–12 and 19–28 from the Eating Disorder Exami-
nation Questionnaire (EDE-Q) [2].

To create the ground truth, we compiled surveys completed by social media
users, along with their writing history. Given the unique nature of the task,
we introduced new evaluation measures to assess the participants’ estimations.
In the case of depression, four metrics were defined: Average Closeness Rate
(ACR), Average Hit Rate (AHR), Average DODL (ADODL), and Depression
Category Hit Rate (DCHR). Detailed descriptions of these metrics can be found
in [8]. In the case of eating disorders, we adopted new metrics in the previous
year, including Mean Zero-One Error (MZOE), Mean Absolute Error (MAE),
Macroaveraged Mean Absolute Error (MAEmacro), Global ED (GED), and the
corresponding Root Mean Square Error (RMSE) for four sub-scales: Restraint,
Eating Concern, Shape Concern, and Weight Concern [12].

2.3 Sentence Ranking for Symptoms of Risk Tasks

In the 2023 edition, Task 1 presented a novel challenge, focusing on the creation
of sentence rankings based on their relevance to specific symptoms of depression.
Participants were instructed to rank sentences extracted from user writings based
on their relevance to the 21 standardized symptoms as outlined in the BDI-II
Questionnaire [1]. In this context, a sentence was considered relevant to a par-
ticular symptom if it provided information about the user’s condition related to
that symptom. It’s crucial to highlight that a sentence could be considered rele-
vant even if it conveyed positive information about the symptom. For example,
a sentence like “I feel quite happy lately” should still be regarded as relevant for
symptom 1, which is “Sadness” in the BDI-II. Using participants’ results and
top-k pooling as document adjudication model, we created the relevance judge-
ments with expert assessors. The ranking-based evaluation was conducted using
Mean Average Precision (MAP), mean R-Precision, mean Precision at 10, and
mean nDCG at 1000.

2.4 Results

According to the CLEF tradition, Labs’ Overview and Extended Overview
papers compile the summaries and critical analysis of the participants’ systems
results [6–9,11–13].

Over the course of eleven editions of early detection tasks for four mental
health disorders, we have seen a diverse array of models and methods, with
most participants primarily focusing on improving classification accuracy on
training data, rather than considering the accuracy-delay trade-off that’s crucial
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for timely detection. Notably, we’ve observed varying system performance across
different disorders over the years. For instance, anorexia and pathological gam-
bling tasks appear to be more manageable than depression detection, possibly
due to differences in available training data and the nature of the disorders.

Our observations suggest that the likelihood of patients leaving traces of
their condition in their social media language may vary depending on the ill-
ness. Nonetheless, the results demonstrate a consistent pattern of participants
improving detection accuracy from edition to edition, which encourages us to
continue supporting research in text-based early risk detection on social media.

Furthermore, some participants have shown promising results in developing
automatic or semi-automatic screening systems for predicting the severity of
specific risks. The results also suggest that analyzing the entire user’s writing
history can be a complementary technique for extracting indicators or symptoms
related to the disorder, particularly for depression, where some systems achieved
a 40% hit rate in answering the BDI questions in the same way as real users. In
the case of the eating disorder questionnaire, results in the second edition, with
participants using training data, showed improvement over the previous edition.

In the inaugural sentence ranking task, performance varied among the 37
runs, but the best team achieved promising results (best nDCG: 0.596, best
P@10: 0.861).

3 The Tasks of eRisk 2024

The outcomes of previous editions have encouraged us to continue the Lab in
2024 and examine the interaction between text-based screening from social media
and risk prediction and estimation. The following is the task breakdown for our
plans for this year:

3.1 Task 1: Search for Symptoms of Depression

As in the 2021 task, this challenge will involve ranking sentences from a collection
of user writings based on their relevance to each of the 21 symptoms of depression
outlined in the BDI-II questionnaire. A sentence will be considered relevant to a
BDI symptom if it provides information about the user’s condition related to that
symptom. We will provide a dataset of tagged sentences along with the BDI-II
questionnaire. Participants are free to choose their strategy for generating queries
based on the BDI symptom descriptions in the questionnaire. Each system will
submit 21 sentence rankings, one for each BDI item.

Once we receive submissions from the participating teams, we will create
relevance judgments with the assistance of three human assessors using top-k
pooling. These resulting qrels will be used to evaluate the systems using standard
ranking metrics like MAP, nDCG, among others. This newly annotated corpus of
sentences will be a valuable resource with numerous applications beyond eRisk.

In this second edition of the task, we will provide participants with the data
from the previous year. Additionally, building on the experience gained in 2023,
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we plan to include some context to assess the relevance of the target sentences.
Specifically, relevance will be determined based on the target sentence along with
the preceding and following sentences from the original corpus.

3.2 Task 2: Early Detection of Anorexia

The challenge focuses on the sequential processing of evidence to detect early
signs of anorexia as quickly as possible. Texts are processed in the order of their
creation, allowing systems that excel at this task to be applied for sequential
monitoring of user interactions in blogs, social networks, or other online media.

The task is divided into two stages. In the training stage, participating teams
will have access to a training server, where we will release the complete history
of writings for a set of training users. The training data will be derived from
the 2018 and 2019 editions. The test stage involves a period during which par-
ticipants must connect to our server2 and iteratively retrieve user writings and
submit their responses.

3.3 Task 3: Measuring the Severity of the Signs of Eating Disorders

The task involves assessing an individual’s level of eating disorder based on
their historical written submissions. Participants are required to use automated
solutions to complete a standard eating disorder questionnaire based on the
complete history of user’s writings.

The Eating Disorder Examination Questionnaire (EDE-Q) is used to evaluate
the range and severity of features associated with eating disorders. It consists
of 28 items divided into four subscales: restraint, eating concern, shape concern,
and weight concern, in addition to a global score [2]. Using the user’s written
history, algorithms must estimate the user’s responses to each individual item.

We will gather questionnaires filled out by social media users, along with
their written histories (collected immediately after the user completes the ques-
tionnaire). These user-filled questionnaires serve as the ground truth and will
be used to evaluate the quality of responses provided by participating systems.
Participants will have access to training data from 2022 and 2023.

4 Conclusions

The results achieved in eRisk and the engagement of the research community
inspire us to keep introducing new challenges related to risk identification in
Social Media. We extend our heartfelt gratitude to all participants for their
contributions to the success of eRisk. We strongly encourage research teams
to continue refining and developing new models for upcoming tasks and risks.
Despite the time and effort required to create these resources, we firmly believe
that the societal benefits far outweigh the associated costs.

2 https://erisk.irlab.org/server.html.

https://erisk.irlab.org/server.html
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