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Abstract

As mental health care systems worldwide struggle to meet
demand, there is increasing focus on using language models
(LM) to infer neuropsychiatric conditions or psychopatholog-
ical traits from language production. Yet, so far, this research
has only delivered solutions with limited clinical applicabil-
ity, due to insufficient consideration of ethical questions cru-
cial to ensuring the synergy between possible applications
and model design. To accelerate progress towards clinically
applicable models, our paper charts the ethical landscape
of research on language-based inference of psychopathology
and provides a practical tool for researchers to navigate it. We
identify seven core ethical principles that should guide model
development and deployment in this domain, translate them
into ELLIPS, an ethical toolkit operationalizing these princi-
ples into questions that can guide researchers’ choices with
respect to data selection, architectures, evaluation, and model
deployment, and provide a case study exemplifying its use.
With this, we aim to facilitate the emergence of model tech-
nology with concrete potential for real-world applicability.

Introduction
Inferring Psychopathology From Language
Over the past decades, a growing body of research has fo-
cused on identifying digitally trackable markers of neu-
ropsychiatric conditions that can be used to support detec-
tion, assessment, and monitoring, including in remote set-
tings (Insel 2018; Vasudevan et al. 2022). Identifying reli-
able digital markers would carry great significance for men-
tal health care systems worldwide. Mental health care sys-
tems are struggling to meet fast-growing demand, with an
estimated 1 in 8 people worldwide suffering from a psy-
chiatric condition, and only 10% of them being able to
access mental health care services, which has severe so-
cial and economic implications (World Health Organiza-
tion 2022; United Nations Development Programme 2022;
Plana-Ripoll et al. 2019a; Saxena 2018; Thornicroft 2013;
Plana-Ripoll et al. 2019b).

Language is receiving increasing attention as a possible
source of such digital markers (Corona Hernández et al.
2023). Language production encodes rich information about
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individual traits (e.g., personality, Yarkoni 2010; Park et al.
2015), mental states and psychopathology (Nguyen et al.
2014; Williamson et al. 2016), both in its content (what
we talk about) and its style (e.g., lexical, syntactic, and
discourse-level choices in how we talk about it) (Rocca and
Yarkoni 2022). Indeed, language is central in psychiatric as-
sessment and diagnostics, and diagnostic criteria for many
conditions include symptoms that are primarily inferred
from linguistic behavior (Low, Bentley, and Ghosh 2020).
For example, a primary diagnostic criterion for schizophre-
nia is the presence of thought disorder symptoms such as
poverty of speech or tangentiality, which are primarily in-
ferred from patients’ speech (Kircher et al. 2018).

The Promise of (Large) Language Models
Research on linguistic markers of neuropsychiatric condi-
tions has traditionally focused on identifying statistical as-
sociations between quantitative descriptors of semantic and
stylistic aspects of language production in linguistics tasks
(e.g., measures of semantic coherence in autobiographi-
cal narratives) and psychiatric diagnoses (whether that per-
son has received a diagnosis for a specific condition, e.g.,
schizophrenia, see Parola et al. 2023). More recently, the
field has started shifting its focus from statistical modeling
(aimed at identifying linguistic markers) to predictive mod-
eling (aimed at inferring conditions), and from the use of
theory-driven input measures to complex input representa-
tions such as vectors (Ciampelli et al. 2023), (Hansen et al.
2023). This prediction-oriented shift aims at delivering mod-
els with applications in supporting and augmenting clinical
diagnostics and assessment processes.(Yarkoni and Westfall
2017; Shmueli 2010; Rocca and Yarkoni 2021).

The advent of transformers, (Vaswani et al. 2017; De-
vlin et al. 2019) and more recently, of large language mod-
els (LLMs) has dramatically increased the potential of this
line of research. These models can learn complex relations
between language and psychiatric conditions, and transfer
learning (Ruder et al. 2019) makes possible to develop high-
performing model even with little data, which is vital con-
sidering the scarce public availability of clinical data.

Mismatch With Clinical Goals
While language models open up a vast space of possibili-
ties, research on language-based inference of neuropsychi-
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atric conditions has hitherto failed to deliver systems with
concrete practical applicability.

Arguably, this is largely due to predictive modeling prob-
lems not being more deeply informed by clinical knowl-
edge and practices. For example, most research on linguis-
tic markers of neuropsychiatric conditions focuses on de-
veloping diagnosis-specific binary classification models that
discriminate between people who have a clear diagnosis
without co-morbidities or other complications, and people
without psychiatric conditions, nor symptoms thereof. Be-
sides providing initial proof of concept for potential mark-
ers, this approach quickly becomes unproductive. Diag-
noses are deeply useful pragmatic tools, but their biolog-
ical nature is increasingly questioned. Indeed, there is ex-
treme heterogeneity in symptom profiles within diagnostic
groups, substantial overlap in symptom profiles across di-
agnoses, and no distinct biological underpinnings for differ-
ent diagnoses (Roefs et al. 2022; Conway et al. 2019; Fried
and Nesse 2015; of the Psychiatric Genomics Consortium
2019; Galatzer-Levy and Bryant 2013). As shown in a re-
cent study (Hansen et al. 2023), this is reflected in huge per-
formance differences between models trained to discrimi-
nate between individuals with a given diagnosis and “clean”
controls (with reported F1-scores of up to .9 for some diag-
noses), and models trained to discriminate between multiple
diagnoses with partly overlapping symptomatology, where
performance levels are much lower (i.e., in the study at
stake, no higher than .5). This is also particularly relevant
for real-world clinical decision-making. In fact, in clinical
settings, clinicians are asked to discriminate between a wide
range of possible diagnoses, rather than making binary deci-
sions on the presence or absence of an individual diagnosis
(Corona Hernández et al. 2023; Elvevåg 2023).

This situation does not solely arise from insufficient en-
gagement with knowledge from psychiatric nosology and
with the current transdiagnostic turn (which advocates for
a focus on inference of clinical traits relevant for multi-
ple diagnoses). The lack of experimentation with more “re-
alistic” predictive modeling setups also arises from data
scarcity. Partly due to the sensitive nature of linguistic and
psychopathological data, there are currently no public large-
scale datasets including both records of text or speech pro-
duction and clinical phenotypes from multiple diagnostic
groups.

An Ethical Compass for Impactful Research
These considerations highlight how opportunity (e.g., which
data and target variables are easy to access), rather than
the maximization of scientific and/or societal utility of the
resulting systems, has so far informed the choice of pre-
dictive modeling targets and the development of underly-
ing systems. Failing to engage with knowledge of psychi-
atric nosology and with considerations related to clinical
decision-making is diverting resources from the applied fo-
cus of the field.

Insofar as they directly affect models’ potential for
real-world applicability and scientific insight, “technical”
choices concerning model development and deployment
(e.g., the selection of the target variables, as well as choices

concerning the use of data, model architecture, training, and
evaluation procedures) have an intrinsic ethical dimension.
For the field to produce research that can deliver on its am-
bition to yield an overall positive impact, a radical change
in research practices is needed which places ethical consid-
erations at the center of decisions concerning all stages of
model development and deployment.

Crucially, the ethical landscape of research on language-
based inference of psychopathology is extremely complex,
as this research involves a compound ecosystem of stake-
holders which includes vulnerable individuals, knowledge
of elaborate decision-making and responsibility structures
involved in clinical practice, and an underlying behavioral
signal which is widely available online, which increases the
potential for dual use of resulting models. Expecting ML
practitioners to navigate it in the absence of guidelines that
help them orient themselves through its complexities is un-
reasonable and unrealistic, and, at present, work devoted to
supporting them is sparse and unsystematic. The present pa-
per aims to provide fundamental contributions towards fill-
ing these gaps.

Aims and Scope
With this paper, we aim to provide a first systematic explo-
ration of the ethical dimensions involved in the development
and deployment of systems for language-based inference
of neuropsychiatric conditions and related psychopathol-
ogy. We define research on language-based inference of
(neuro)psychiatric conditions as all research concerned with
developing systems that can infer psychiatrically relevant in-
dividual traits from linguistic input, be it text or speech. Im-
portantly, we focus on identifying ethical considerations that
should inform decisions concerning technical aspects of the
model development and deployment pipeline conditional on
a clear specification of the intended potential applications of
the resulting model. This is a crucial step, as model design
is tightly related to the intended goals of the model. We ar-
ticulate these into two main stages: model development and
post-development phases, which includes deployment.

With respect to development, ML practitioners make de-
cisions on four overarching (and intrinsically related) ques-
tions:
• Target variables: deciding which kind of trait the sys-

tem tries to predict based on representations of linguis-
tic behavior (e.g., diagnoses, transdiagnostic cognitive
and psychopathological traits, fine-grained measures of
symptom severity);

• Training data: deciding what kind of linguistic behavior
is fed as training data to the model (e.g., text or speech,
naturalistic or task-based production), which population
the data is drawn from (e.g., clinical or general popu-
lation, single versus multiple diagnostic groups, sample
diversity), and potentially collecting this data;

• Model architecture: deciding which kind of model is
used to perform inference (type of architecture and size),
if its weights are or should be pretrained, whether pre-
dictions are produced in a generative fashion or with tra-
ditional inference modules (e.g., classification layers in a
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neural network), and how to train it;

• Evaluation protocols, deciding which data is used to
evaluate the system; which metrics are used to evaluate
the system; and whether and how to explain model pre-
dictions.

With respect to post-development phases, researchers are
faced with decisions concerning two main classes of prob-
lems:

• Model and data sharing: deciding whether training data
and model weights and architecture are made available
and in what form (e.g., open-source, upon request, gated
access);

• Mode of deployment: identifying how the resulting sys-
tem could be integrated into clinical practice (e.g., how
model predictions interact with human expertise, how the
model is served to ensure that clinicians understand it and
are aware of limitations).

Our goal is two-fold. First, we aim to identify and de-
scribe ethical principles (informed by previous work in
research ethics, biomedical ethics, and machine learning
ethics) that should inform decisions across these six stages,
and explain their relevance with respect to individual stages.
Secondly, we aim to translate these principles into a set of
concrete questions that researchers can use to inform and
scaffold the development of their predictive modeling sys-
tems. These result in ELLIPS (an Ethics-centered approach
to research on LLM-based Inference of PSychiatric condi-
tions), a toolkit that can concretely help researchers place
ethical considerations at the center of their ML development
work. To demonstrate the utility of the resulting toolkit, we
will show it in action by presenting a case study target-
ing research on language-based inference of autism, a high-
incidence neuropsychiatric condition. With this, we hope to
encourage the adoption of ethics-centered research practices
that will deliver systems with concrete potential for positive
impact not only within this field, but more generally across
subfields of machine learning and natural language process-
ing concerned with applications of language technology for
positive societal impact.

Ethical Principles
Ethical principles generally relevant for research on
language-based inference of psychiatric conditions and their
psychopathology can be identified based on previous work
in at least three relevant domains. Scientific research ethics
is a subdomain of ethics governing the standards of conduct
and integrity for scientific researchers. Biomedical ethics is
concerned with ethical questions arising in biomedicine and
medical research and practice. Machine learning ethics (or
ML ethics) is a rapidly developing domain concerned with
ethical questions arising in the development and deployment
of machine learning systems, and their impact on humans.

These three domains are deeply interwoven. While scien-
tific research ethics identifies domain-general principles of
ethical practices in research, biomedical ethics, and machine
learning ethics interpret these in ways that are relevant for

specific domains. In our attempt to describe the ethical land-
scape of research on language-based inference of neuropsy-
chiatric conditions, we refer to pivotal work in biomedical
ethics and ML ethics (as well as to domain-specific knowl-
edge) to operationalize core principles of scientific research
ethics in ways that are relevant for our target domain.

For scientific research ethics, we will rely on principles
identified by the Belmont Report1 and by Douglas (2014).
First drafted in 1978, the Belmont Report was created by the
National Commission for the Protection of Human Subjects
of Biomedical and Behavioral Research to summarize eth-
ical principles and guidelines for human subject research,
placing special emphasis on the direct and indirect impact
of research on human subjects. The Belmont Report out-
lines three unifying ethical principles for human subjects
research: respect for persons or autonomy, beneficence,
and justice, whose relevance for research on language-based
inference of psychiatric conditions will be discussed in the
next section. For biomedical ethics, we will refer to Tom
Beauchamp and James Childress’s seminal work Princi-
ples of Biomedical Ethics (Beauchamp and Childress 1979),
which identifies four principles: autonomy, justice, benefi-
cence, and non-maleficence. The first three principles fully
overlap with the principles outlined in the Belmont Report,
while the final principle draws its roots from Hippocrates’
“Do no harm”. As we will specify in the dedicated subsec-
tion, in line with the Belmont report, we combine benefi-
cence and non-maleficence under the same principle.

In addition to the three principles from the Belmont
report, we discuss four principles introduced by Douglas
(2014)’s work on moral dimensions of scientific research,
namely responsible scientific inference, credit allocation,
transparency, and social responsibility. In the next subsec-
tions, we will introduce each of these seven principles and
discuss their relevance to our target domain. To highlight the
relevance of each principle to specific stages of model de-
velopment, we mention relevant stages in bold and between
squared brackets.

Autonomy
The principle of respect for persons or autonomy advo-
cates treating individuals as autonomous agents capable of
making decisions for themselves, and making sure that those
decisions are respected by others. This implies a duty to pro-
vide information necessary for informed decision-making,
and the need to protect those with diminished autonomy,
such as individuals with mental disabilities, illnesses, or
those in restrictive circumstances. In the context of scien-
tific research, this principle aims to ensure that participants
enter an experiment voluntarily and provide their informed
consent armed with adequate information on the scope and
the implications of the research.

In the context of biomedical ethics, autonomy involves
respecting the patient’s autonomous capacity to make in-
formed decisions on their health without controlling influ-
ences. It is particularly important here that patients are not

1Available at: https://www.hhs.gov/ohrp/regulations-and-
policy/belmont-report/read-the-belmont-report/index.html
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forced by external pressures – e.g., from physicians, family
members, partners, or even technologies – to make decisions
about their health (e.g., testing, treatments) that they would
not have otherwise made. Confidentiality and informed con-
sent are also relevant to this principle. Patients must receive
timely and truthful information about healthcare procedures
(and who will access and use their health information and
how) in a way that is accessible to them.

For research on language-based prediction of neuropsy-
chiatric conditions, the principle of autonomy is relevant
across multiple stages of design and deployment of a pre-
dictive modeling systems. With respect to the selection of
training data, regardless of whether new data collection
is involved or previously collected data are re-used, re-
searchers need to ensure that participants (including poten-
tially vulnerable ones) provide (or have provided) their con-
sent to participation robustly, clearly, and comprehensively.

Furthermore, participants need to be adequately informed
of the scope and implications of the research and of how
their data will be used and by whom, and whether and how
(e.g., anonymously) they will be made publicly available
[model and data availability; mode of deployment]. Note
that an important challenge in this respect concerns under-
standing whether training data can be retrieved or recon-
structed from model weights (Nasr et al. 2023).

Considerations related to consent are also crucial with
respect to clinical deployment. Patients for whom clinical
assessment involves the use of a predictive model should
be informed about how the system formulates predictions
[target variables, model architecture], what their perfor-
mance limitations are [evaluation protocols], how they are
used for decision-making [mode of deployment] in an in-
telligible and accessible way.

Finally, the principle of autonomy could also be inter-
preted as advocating for active participation of patients in in-
forming research goals and objectives, for example through
the involvement of patients, their communities, and associa-
tions, along with clinicians, in research design.

Beneficence
The second principle of the Belmont report is the princi-
ple of beneficence, which underscores the moral obligation
to protect individuals from harm, and actively secure their
well-being. In the formulation from the Belmont report, this
principle encompasses two fundamental rules: the duty to
do no harm, a fundamental principle in medical and research
ethics, and the obligation to maximize possible benefits while
minimizing potential harms, which poses the challenge of
balancing the pursuit of beneficial outcomes against possi-
ble risks.

This principle combines those of beneficence and non-
maleficence from biomedical ethics (Beauchamp and Chil-
dress 1979). In this context, these principles emphasize that
medicine should primarily aim to benefit the patient while
also striving to prevent or reduce harm, which often im-
plies trade-offs between the two. For example, while surgery
sometimes involves cutting the skin with a scalpel, this harm
is offset by the good that the surgery would have on the pa-
tient’s health and well-being. The principle of beneficence

and non-maleficence can also also be interpreted in relation
to the society as a whole from a public health perspective.
For example, while vaccines involve a financial cost to soci-
ety, as well as a sometimes painful needle jab to individuals,
they decrease the spread of communicable illness and help
protect immunocompromised members of society through
herd immunity.

The principle of beneficence has deep implications for
research on language-based inference of neuropsychiatric
conditions. Here, harms associated with the development of
these systems are related to errors in models’ predictions
(which may result in inadequate treatment), or to their poten-
tial for dual use (i.e., models being used to profile and target
individuals). Benefits, on the other hand, concern increased
precision and scalability in assessment and monitoring of
psychiatric conditions, which can deliver more personalized
interventions and increase the availability of resources for
individualized support. At a broader level, benefits include
the alignment of capacity with demand in mental health care
systems.

A key goal of research on language-based inference of
neuropsychiatric conditions is thus to maximize the poten-
tial to deliver these benefits (e.g., supporting assessment
or remote detection and monitoring of conditions), while
minimizing the potential harms (e.g., consequences of in-
accurate predictions, such as wrong treatment recommen-
dations). Doing so involves making adequate choices at all
stages of model design. For example, models should be opti-
mized so that the risk of incorrect predictions on real-world
data is low, which requires, for example, using training data
(and evaluation) of adequate size and level of heterogene-
ity, and as similar as possible to the kind of data that would
be collected to deploy this system in a clinical setting. The
choice of model architectures and training protocols of suf-
ficient complexity and robustness to idiosyncratic variation
in the data should be preferred. Finally, evaluation proto-
cols should be able to adequately measure performance in
ways that make it possible to assess the expected real-world
performance of the model.

An important additional set of considerations concerns
models’ affordances for use in clinical settings. The choice
of target variables should ensure that models can be benefi-
cially deployed to complement and inform clinicians’ judg-
ment, rather than replace it [target variables]. For exam-
ple, predicting diagnoses (rather than, for example, inferring
fine-grained symptom or clinical test scores) is arguably not
going to be particularly useful in a clinical context. It is in
fact unrealistic and ethically questionable to replace clini-
cians’ judgment about diagnoses or relevant interventions,
grounded on expert knowledge about patients’ history, with
model predictions (Grote and Berens 2020; Tobia, Nielsen,
and Stremitzer 2021). Furthermore, to be beneficially de-
ployed in clinical settings, models should be complemented
with explainability toolkits that make it possible to responsi-
bly deploy them in clinical decision-making, satisfying the
need for accountability intrinsic to clinical practice [mode
of deployment].

Finally, to minimize the risk of harms related to dual use
while still preserving the knowledge benefits of open shar-

1246



ing of scientific resources, researchers should carefully con-
sider how models and data can be made available to decrease
probability of undesired uses [model and data sharing].

Justice
The third principle of the Belmont report, the principle
of justice, emphasizes fairness in distributing the benefits
and burdens of research. Historically, research has involved
practices where more privileged segments of society accrued
the benefits of research, while disadvantaged groups mostly
carried the burdens. This is also true of LLM research, with
the overwhelming majority of LLM technology being devel-
oped for high-resource languages (Joshi et al. 2020).

In biomedical ethics, the principle of justice (Beauchamp
and Childress 1979) is often viewed through the lens of dis-
tributive justice; that is, ensuring that there is a fair distri-
bution of healthcare goods and services. Healthcare testing
and procedures should do their best to ensure fair outcomes
for all patients. Research and recommendations surrounding
their use should take into consideration their efficacy within
different patient demographics and characteristics.

In the context of research language-based inference of
psychiatric conditions, this principle has deep implications
for several stages of model development. Given that lan-
guage is affected by dimensions such as diagnostic groups,
gender, ethnicity, age, socio-economic background and mul-
tilingualism, researchers should strive to develop systems
that ensure fair predictive performance across these di-
mensions. To do so, choices related to data representation
at training [training data, model architectures] are cru-
cial, along with evaluation protocols that allow for a fine-
grained understanding of potential performance disparities
across groups.

Data representation (Panch, Mattie, and Atun 2019; Baird
and Schuller 2020) and the associated risk of biases (Parikh,
Teeple, and Navathe 2019; Panch, Mattie, and Atun 2019)
directly impact the model’s fairness and decision-making
abilities. Both underrepresentation and overrepresentation
of certain groups in the data can lead to uneven outcomes.
For instance, when a particular demographic is overrepre-
sented in the dataset, there is a risk that the model becomes
biased towards the characteristics of that group (for exam-
ple, always predicting a given diagnosis for a specific demo-
graphic group). Conversely, underrepresentation can lead to
certain groups being virtually invisible to the model, result-
ing in its failure to accurately or adequately address their
specific needs or conditions. The issue of representation be-
comes even more complex when training data are sourced
from the internet, which does not proportionately represent
all segments of society or humanity. Certain groups may
be more active or visible online and speak more one lan-
guage than another, while others may have limited digital
footprints due to various socioeconomic, cultural, or geo-
graphic factors. Therefore, datasets scraped from the inter-
net can inherently carry these imbalances, which, if not ad-
dressed, lead to ML models that are skewed and potentially
unfair.

Besides distributive concerns, the principle of justice also
extends to concerns around epistemic injustice. It focuses

on systematically excluding certain patient groups from con-
tributing to testimonial or hermeneutical resources for psy-
chiatric classification due to wrongly presumed irrelevance
of their knowledge or expertise (Bueter 2019). Relatedly,
the principle of justice also emphasizes the need to focus
on developing systems that do not only serve privileged lan-
guage groups (i.e., English-speaking, see Peled 2018). This
involves, for example, an obligation to strive to develop and
share resources (e.g., datasets, model and data sharing)
that can be used to build models that serve more and lesser-
resourced languages – which is also a precondition for draw-
ing truly generalizable scientific inference on mechanistic
relations between language and psychopathology.

Responsible Scientific Inference
The principle of responsible scientific inference, which
highlights the need to assess and carefully weigh the poten-
tial consequences of errors in our design choices. Although
the principle is primarily developed with experimental re-
search in mind, in our domain of interest this principle can
be translated into the need to develop evaluation proto-
cols and explainability toolkits that allow for detailed un-
derstanding and careful interpretation of model predictions
(e.g., communicating confidence). Additionally, this princi-
ple can be interpreted as suggesting that researchers should
strive to make it possible for others to further evaluate and
stress-test the models, for example by sharing the model,
data, and relevant code [model and data availability].

Credit Allocation
Secondly, Douglas (2014) highlights the imperative of ap-
propriate credit allocation, which stresses the need to en-
sure that all scientific sources relevant to a given research
endeavor are appropriately incorporated and credited. This
principle is especially important for our field of research,
as it implies the need to accurately incorporate knowledge
from both machine learning and psychiatric nosology in the
design of a system. Going back to an issue that has already
partly been discussed, this involves, for example, consider-
ing whether the choice of target variables (e.g., categorical
indicators of diagnoses) aligns with state-of-the-art knowl-
edge on psychiatric nosology and clinical practice.

Transparency
Thirdly, Douglas (2014) highlights the principle of trans-
parency (Bosma and Granger 2022; Sim et al. 2006), which
requires peer evaluation of evidence and replication of re-
sults. Transparency ensures that the scientific community
and the wider public can trust and verify the work being
conducted. Understanding and documenting the origins of
the training data, or data provenance, is critical to this
principle. Researchers must ensure transparency (Larsson
and Heintz 2020) and traceability (Mora-Cantallops et al.
2021) of data sources. This also poses an obligation to regard
(wherever possible, e.g., with respect to considerations re-
lated to consent and confidentiality), data and model shar-
ing as necessary. In addition to this, the principle of trans-
parency dictates that researchers adequately report perfor-
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Figure 1: Visual overview of ethical principles informing stages of model development

mance in ways that provide a comprehensive picture of mod-
els’ limitations [evaluation protocols].

Social Responsibility
Finally, Douglas (2014) identifies social responsibility as
a core principle of ethical research. This emphasizes scien-
tists’ moral duty to reflect on the social implications of their
research (Douglas 2014), which involves assessing both the
potential harms and benefits of their work, as well as ef-
fectively communicating their findings to the broader pub-
lic in a manner that is both comprehensible and accessible.
This principle is dense with implications for research on
language-based prediction of psychiatric conditions and it
is closely related to the Belmont report’s principle of benefi-
cence (similarly concerning all stages of model development
and post-development) as it calls for researchers to strive
to design systems that can positively contribute to mental
health care individually and at scale, while minimizing the
potential for dual use.

ELLIPS: A Novel Ethical Toolkit
In the previous section, we highlighted several core prin-
ciples of research ethics, biomedical ethics, and machine
learning ethics and their relevance across the develop-
ment and post-development phases of the machine learn-
ing pipeline. We focused especially on four core problems
in ML development, namely the selection of target vari-
ables (which should be informed by considerations related
to the intended real-world applications of the model, as well
as its adherence to knowledge in relevant fields), the iden-
tification or collection of training data (where issues like
data provenance, consent, and representation emerge), the
selection and training of model architectures (which brings
into question the ethics of algorithmic choices, risks of re-
inforcing biases present in the training data, and questions
related to interpretability), and the development of suitable

evaluation protocols (which involves devising batteries of
tests that allow to iteratively evaluate performance and un-
derstand strength and limitations in real-world deployment
settings).

We also observed how post-development choices such as
decisions concerning model and data sharing are related to
core ethical principles, such as transparency and the obliga-
tion to engage in responsible scientific inference. Finally, the
principles reviewed above highlight the importance of ques-
tions concerning the mode of deployment, that is, imagin-
ing whether and how the resulting system could be embed-
ded in clinical decision-making.

The resulting body of considerations is theoretically dense
and highly complex, and a crucial question relates to how to
distill it into a set of pragmatic considerations, or a “check-
list” that researchers can use to inform the development of
an ethically robust systems for language-based inference of
psychiatric conditions and their psychopathology. This is the
question we address in this section by presenting ELLIPS
(an Ethics-centered approach to research on LLM-based
Inference of PSychiatric conditions), a toolkit consisting of
a number of core ethical questions that ML practitioners and
researchers can use to inform their decisions concerning all
stages of the development of a predictive system.

Target Variables
With respect to the selection of target variables, the prin-
ciples discussed in the previous section raise the following
core questions:

• Which target variables are we trying to predict? How are
they useful with respect to the intended application of
the model? For example, are they relevant from a clinical
perspective, i.e., can a system predicting these variables
be used to complement, rather than replace or subtract
responsibility from, human judgment? [beneficence, so-
cial responsibility]
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• What are the downsides of these variables, i.e., could a
model predicting those be easily used for unintended,
harmful uses (i.e., discriminatory ones)? [beneficence,
social responsibility, justice]

• Are we trying to predict target variables that are scientifi-
cally robust and grounded in reliable and valid constructs
(i.e., supported by psychiatric nosology and psychomet-
rics research)? What are the implications if they do not?
[responsible scientific inference, credit allocation]

Training Data
With respect to the selection or collection of training data,
based on the principles highlighted above, we identify the
following questions:
• If existing data sets are used, can we verify and document

the origins of this data (data provenance)? [autonomy;
transparency]

• If existing resources are used, how do we approach the
challenge of obtaining informed consent, and/or navigat-
ing potential conflicts between the original intent of the
data and its current use? [autonomy]

• If new data are collected, what methods or frameworks
are we employing to guarantee informed consent? In
cases where research subjects are vulnerable (due to fac-
tors like mental health conditions), what additional mea-
sures are taken to ensure their protection and ability to
provide consent? [autonomy]

• If new data are collected, is the data collection proto-
col sufficiently documented so to guarantee full trans-
parency, both with respect to ethical questions, and with
respect to the implications of data collection on model
performance and potential biases? [transparency, jus-
tice]

• Are community voices and perspectives incorporated
into the research process to ensure relevance and fair-
ness? [autonomy, justice, social responsibility]

• If existing data is used, how do we ensure that the data
accurately represents the diverse populations and groups
(e.g., with respect to ethnicity, age, immigrant status, lin-
guistic variations) affected by psychiatric conditions? If
new data are collected, what criteria are used to deter-
mine the representation of diverse groups in the research,
including but not limited to different racial, ethnic, and
socio-economic backgrounds? [justice]

• Is the data multilingual, so to guarantee that the bene-
fits of this research do not only extend to a single lan-
guage group? If not, can data collection target a multilin-
gual population? If monolingual, does the data represent
sufficient variations in language use within that linguis-
tic population (e.g., accents, dialects, multilingual speak-
ers), so to prevent biased performance with respect to
specific language subgroups? [justice]

• How do we ensure that the selection of research partici-
pants is equitable and not biased towards easily available
or vulnerable populations (e.g., students, underpaid la-
bor), both in the interest of robustness and generalization,
as well as in the interest of social justice? [justice]

Model Architecture
With respect to the design and selection of model architec-
tures, which should balance technical capabilities and adher-
ence to ethical imperatives, the following questions emerged
from our review of ethical principles in the previous section:
• Why is the type and size of the chosen architecture ex-

pected to provide adequate, reliable, and generalizable
predictive performance across diverse groups given the
nature and size of the training data and of the data ex-
pected to be used at deployment? [beneficence, social
responsibility, responsible scientific inference]

• Are the type and size of architecture compatible with
the use of techniques that make it possible to explain
model decisions (e.g., provide confidence estimates, or
ground decision in input components), and communi-
cate them to all stakeholders (e.g., clinicians, patients)? If
so, will the type of explanation provided by this method
be sufficient to ensure comprehension of and control
over model predictions, if these are deployed by clini-
cians? [transparency, responsible scientific inference,
justice, beneficence]

• If the representation of different groups in the training
data is not balanced, what measures are in place to ensure
models do not become biased towards overrepresented
groups or neglect the needs of underrepresented ones?
[justice]

Evaluation Protocols
The selection of evaluation protocols should ensure that per-
formance metrics and data used for evaluation truly reflect
the model’s applicability in real-world mental health care
scenarios. In this respect, with regards to principles high-
lighted above, relevant questions are the following:
• Which metrics and data are selected to ensure that mod-

els are evaluated in a way that provides reliable priors on
expected performance in real-world scenarios? What eth-
ical considerations guide the choice of these metrics and
data? [responsible scientific inference, social responsi-
bility, transparency]

• Which evaluation practices are in place to ensure
that models’ performance on different population sub-
groups (and related disparities) are thoroughly evalu-
ated? [justice, transparency]

• Can any additional analysis be performed to assess how
the model contributes to a deeper understanding of the
relation between language and neuropsychiatric condi-
tions? [social responsibility, beneficence, responsible
scientific inference]

• Which evaluation protocols are in place to identify in
which scenarios the model is likely to provide unreliable
predictions, so to explicitly discourage specific use cases
or deployment on specific populations? [beneficence,
justice, transparency, responsible scientific inference]

• If the model is initialized from pretrained checkpoints,
which protocols are in place to evaluated whether any bi-
ases are embedded in the initial weights? How is this in-
formation used to inform the choice of pretrained model,
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or devise training or deployment protocols that might
mitigate these initial biases? [justice, transparency]

• Which explainability criteria and techniques are em-
ployed to guarantee transparency and understanding of
the model’s behavior and limitations, ensuring stakehold-
ers can trust and verify its decisions? [transparency, re-
sponsible scientific inference, beneficence, social re-
sponsibility]

Model and Data Availability
With respect to choices concerning sharing of models and
data, the following questions emerge from the ethical prin-
ciples highlighted above:

• How do we balance the need for transparency and re-
producibility with the protection of confidential, sensi-
tive or proprietary information? Which data and model
sharing protocols can be used, and how can the data be
processed to achieve an optimal trade-off? [autonomy,
transparency]

• How can models and data be shared so to minimize the
likelihood of dual and unintended uses? [beneficence,
social responsibility]

• How can training, evaluation procedures, models and
data be shared to ensure full transparency in disclosing
methods and results? [transparency]

• What measures are in place (e.g., model compression)
to allow for the replication of the results and re-use of
the model in cases in which the computational burden
is substantial? [responsible scientific inference, justice,
transparency, beneficence, social responsibility]

Mode of Deployment
Finally, while deployment is partly extrinsic to the model
development pipeline, the principles discussed above – es-
pecially those of beneficence and social responsibility –
highlight the need to consider broader questions related to
applicability during model development. In this respect rel-
evant questions are the following:

• How can patients’ be informed in an accessible and trans-
parent way of how the model produces predictions, and
how these are used in the context of a human-centered
decision-making process? [autonomy, transparency]

• How can we envisage that models are embedded in clin-
ical decision-making structures that maximize the good
of patients and minimize potential harm? How will the
autonomy of patients, clinicians, and care providers be
respected in the context of such structures? [autonomy,
beneficence, social responsibility]

• How are explainability techniques embedded in this pro-
cess, and how are they served to users (e.g., clinicians)
to ensure safety and trustworthiness? [transparency,
beneficence, social responsibility]

• How can patients and clinicians be informed about the
potential shortcomings of the predictive modeling sys-
tem? [transparency]

• How can the cost and likelihood of errors be
communicated to stakeholders, especially clinicians?
[transparency, beneficence, social responsibility]

• What strategies are implemented to guarantee that the
benefits involved in the deployment of ML models in
neuropsychiatric diagnosis are fair and distributed across
all relevant population segments, and do not exacerbate
existing disparities? [justice]

While this list of questions is not meant to provide a com-
prehensive overview of the ethical landscape of ML research
on language-based inference of psychiatric conditions (and
while not all questions might be relevant to all research en-
deavors), we believe that this toolkit can serve as a concrete
starting point for ethical analysis and reflection, to be iter-
atively improved upon in the future. As the formulation of
some of these questions remains general to cover a broad
variety of use cases, we provide an example of a case study
that showcase its utility in a concrete implementation.

Case Study: Linguistic Markers of Autism
To provide a concrete example of how to apply this toolkit,
let us take research on language markers of autism as an
example. A quick search on Google Scholar finds tens of
dedicated articles (Fusaroli et al. 2017), an InterSpeech
challenge on identifying reliable markers (Asgari, Bayeste-
htashk, and Shafran 2013), and initiatives to validate pro-
posed markers (Cho et al. 2022; Fusaroli et al. 2022; Hansen
et al. 2023; Rybner et al. 2022). The interest is clearly there,
less clear is whether an in-depth ethical reflection has been
performed.

If we consider target variables, we can see that most
studies address the presence of autism against controls with-
out neurodevelopmental conditions (e.g. ADHD, specific
language impairments, social anxiety), and in a few cases
ADOS scores (Fusaroli et al. 2017, 2022). To justify this (of-
ten convenient) choice, most published papers mention the
need for prompter and more accurate diagnoses.

However, such need is far from well-established in the lit-
erature. First, no actual evidence has been produced about
the often vented benefits of earlier diagnoses (Fletcher-
Watson 2024). Further, an autism diagnosis is not a clear
biological construct, but in important ways a pragmatic tool,
which can grant access to services, identity and recognition.

A direct engagement of stakeholders might provide alter-
native target variables that are better aligned with intended
real-world benefits (e.g., supporting clinical practices, and
improving outcomes for people with autism; cf. benefi-
cence, autonomy, social responsibility). For example, from
a clinician’s perspective, diagnostic assessment requires the
evaluation of multiple possible diagnoses. This involves as-
sessing whether a language delay or other signs of pos-
sible neurodevelopmental atypicality are due to an autism
or another condition, with different paths for intervention.
Further, the high co-morbidity of multiple conditions (e.g.
ADHD, autism, social anxiety, (Matson and Goldin 2013))
suggests that a dichotomous diagnosis is not very useful.
Practitioners would rather use scaffolding and facilitation in
the assessment of clinical and cognitive traits – which could
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be maximally informative of the presence of the one or the
other condition, or their co-presence but are time-consuming
to perform and to reliably agree on across assessors. For in-
stance, to help disentangle co-morbidities, one could try to
infer the presence of anxiety, or lack of attentional focus in
the voice, turn-taking and speech content, rather than a diag-
nostic label. Involving autistic individuals and their commu-
nities would surely bring further alternative foci for target
variables in focus, and help identify the risks of maleficent
dual use for each candidate target (e.g., using models for in-
ference of diagnostic labels for screening in job interviews).

Assuming one or more relevant targets have been identi-
fied, the next question is which kind of training data should
be assembled. A key concern is the heterogeneity of indi-
viduals with autism (justice). Currently more male at birth
individuals are diagnosed, compared to female at birth, and
more white middle class individuals – which are also more
likely to participate in research – than individuals from other
groups. This makes collecting data on white middle class
boys and men much easier than on other groups, which gen-
erally leads to unbalanced training and test data, and likely
biases in the algorithm.

Further, given the non-trivial presence of non-native and
multilingual speakers in most societies, the current focus of
training data on monolingual speakers (which is aimed to en-
sure a higher homogeneity in the sample and fewer potential
confounds in traditional statistical settings) seems problem-
atic. Autism and non-monolingualism are in fact likely to in-
teract (Gilhuber, Raulston, and Galley 2023). Furthermore,
while having to include large and diverse samples might be
a practical and economic concern for researchers, these are
needed by contemporary NLP approaches. Ignoring the het-
erogeneity of autism is not an option if we truly want to
develop robust and fair models that can be useful in clinical
settings.

The availability of large and heterogeneous samples also
feed into considerations regarding evaluation protocols to
be planned and implemented. Along the lines of the con-
siderations presented above, it becomes apparent that mod-
els should be evaluated for their accuracy across parame-
ters which include monolingual/multilingual status, demo-
graphic, and socio-economic characteristics. Importantly,
definitions and measures of fairness tend to be problematic if
applied independently of the context (Corbett-Davies et al.
2023; McDermott et al. 2024). Thus, one need to consult
with clinicians and communities to identify differential costs
and benefits of misassessment for the different groups, and
accordingly stratify evaluations and error analyses.

Further, relevant considerations concern the choice of
model architectures in the light of the need for explainabil-
ity. As the evaluation protocols identify problematic areas to
be improved upon, improvement can be better developed if
one is able to access confidence of the model and explana-
tions of the decisions made. Explainability should not only
to serve the analyst’s needs. It should also support clinicians
and patients (modes of deployment). A key question, in this
respect, is that of how to enable the algorithm to empower
clinicians in focusing on the needs of the patient, rather than
reduce their agency and centrality in decision-making.

This short case study is an initial example of how ques-
tions raised by ELLIPS can be used to develop models that
can directly target clinicians’ and patients’ needs. We hope
that researchers will benefit from this initial attempt at chart-
ing the ethical landscape of LLM-based research on infer-
ence of neuropsychiatric conditions, and utilize our toolkit
to improve the alignment between real-world goals of their
research and technical decisions made at all stages of model
development and deployment.

Conclusion
While the advent of LLMs has opened up vast opportuni-
ties for research on language-based inference of neuropsy-
chiatric conditions, existing research has hitherto failed to
deliver impactful and applicable models. As argued in the
present paper, this partly arises from a failure to engage with
ethical questions related to the alignment of predictive mod-
els with their intended applications.

In this paper, we have provided a first attempt at chart-
ing the complex ethical landscape of research on language-
based inference of neuropsychiatric conditions. We have es-
pecially focused on identifying general ethical principles
that should guide decisions related to model development
and deployment, and translated them into ELLIPS, a toolkit
consisting of a set of concrete questions that can guide re-
searchers in their process of aligning their systems with such
principles and with their intended real-world application.

With this we hope to encourage practices that can acceler-
ate the emergence of models with positive impact on mental
health care, and set an example for other domains within ap-
plied machine learning and natural language processing.
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