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Abstract

Large Language Models (LLMs) are no longer
mere laboratory objects of study. LLMs have
become everyday tools in society across diverse
populations and domains. In clinical contexts,
LLMs have already been devised as clinical
support applications. However, along with ben-
efits, negative or adverse effects might arise,
such as LLMs potentially providing psycholog-
ically distressing advice to adolescents when
used for mental health support. This raises
questions on the benefits of LLMs and calls
for real-world evaluations: Are LLMs really
helpful and effective for the intended purposes
people are using them or will use them for?
To answer this type of question we propose
to use Randomized Controlled Trials (RCTs).
RCTs are considered the most strict experimen-
tal design in the fields of Medicine, Psychiatry,
Psychology, among others; however, the use of
RCTs in the NLP field is almost negligible. In
spite of the NLP field being the de facto locus
of research on LLMs, other fields, prominently
Medicine, are leading the RCT evaluations on
LLMs. In this primer paper, we present a con-
cise introduction to the principles of RCTs to
guide NLP researchers to design RCT studies
for evaluating LLMs.

1 Introduction

In a recent submission to the journal of Compu-
tational Linguistics, Reiter (2025) argues that the
ACL community places a small emphasis on real-
world evaluations of NLP applications. While we
applaud and echo this argument, we acknowledge
that, to the detriment of both the ACL community
and the final users, lacking real-world evaluations
not only limits our understanding of the efficacy
and utility of these applications on those users, it
can lead to adverse scenarios, such as users ingest-
ing chemicals with potentially toxic properties as
advised by an LLLM (Eichenberger et al., 2025).
Critically, evaluation deficits of NLP applica-
tions in clinical contexts may potentially open the

possibility for negative scenarios such as adoles-
cents being psychologically affected after interac-
tions with LLMs, chatbots, or conversational agents
since, according to a survey, it has been estimated
that approximately one in eight adolescents and
young adults have engaged with online LL.Ms for
mental health advice and to alleviate mental dis-
tress (McBain et al., 2025). Although previous
works, mainly from clinical fields, have already as-
sessed the impact of generative systems on this out-
come, the overall evidence is inconclusive (Feng
et al., 2025). In addition, online LLMs are be-
ing adopted to other use cases. For example, stu-
dents of different ages access LLMs for requesting
help with homeworks or solving complex prob-
lems (Gasaymeh et al., 2025; Wang and Fan, 2025).
However, in the NLP field there is scarce scientific
evidence on how effective and useful are LLMs to
address this type of clinically (and other real-world)
relevant cases.

Benchmark evaluations of LLMs such as
Big Bench (Srivastava et al., 2023) or MMLU
(Hendrycks et al., 2021) may not be representa-
tive of real-world, naturalistic scenarios and are not
suitable for quantifying the efficacy of LLMs in
clinical use cases; these benchmarks assess how
well LLMs solve problems, or answer questions,
across several domains; but they cannot assess the
usefulness of LLMs to allow users to achieve their
goals: If an LLM is used as a support counselor
by adolescents suffering anxiety, no benchmark
evaluation can assess if the LLM was effective in
reducing the adolescents’ anxiety symptoms.

In this paper, we provide a primer for biomedical
NLP researchers on what is considered the gold-
standard method for evaluating new treatments
in clinical disciplines, namely Randomized Con-
trolled Trials (RCTs) (Torgerson and Torgerson,
2008; Kamp et al., 2026; Lilliengren, 2023). RCTs,
a type of clinical trial (Hackshaw, 2009), are the
gold-standard due to their rigorous experimental
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design which allows researchers to control for bi-
ases and confounders that threaten to distort the
true effect of the target treatment; thus, RCTs can
lead to an unbiased and valid conclusion of the effi-
cacy of a treatment (Bishop and Thompson, 2023;
Hackshaw, 2009). We firmly believe that adopting
RCTs will allow NLP researchers to stringently
evaluate LLMs on real-world cases, and also to
foster interdisciplinary research with clinical and
healthcare communities. We truly hope this primer
on RCTs will be widely used as a reference and
guide in biomedical NLP in order to keep pushing
the scientific progress of the field.

2 Background and Previous Works

2.1 Background

We start our account of RCTs by providing basic
terminology. An RCT is an experiment, or study,
conducted to provide a valid inference: Is a new
treatment useful or effective for some goal when
applied to participants? (Jadad and Enkin, 2007)
A treatment is an intervention, a program, or in
general, a mechanism which is hypothesized to
provide a benefit to a group of people—the partici-
pants of the experiment. Similar to experiments in
NLP where researchers test if adding a new mod-
ule to an LLM helps the LLM to improve accu-
racy scores on a dataset, we seek to evaluate if our
proposed treatment—for example an LLM-helps
participants to attain a goal, such as distressed ado-
lescents reducing their depression symptoms. In
other words, we want to estimate the effect of the
treatment, i.e. we want to quantify how much our
treatment helped participants to attain a goal as
measured by an outcome measure, such as a psy-
chological questionnaire. This follows the same
spirit as in NLP research where researchers esti-
mate the effect of an improved or new model by
comparing its mean accuracy score with that from
a baseline model. However, when the evaluation of
a treatment includes people, several biases and con-
founders—spurious factors—may be present which
can distort the treatment effect threatening what
is called the internal validity of the experiment,
i.e. the capacity of a study to provide valid results.
To counteract these spurious factors, researchers
add another group of participants to the experi-
ment called the control group—the equivalent of a
baseline model in NLP—which will be compared to
the treatment group (the group of participants on
which we test our treatment), thus rendering valid

results of the treatment’s efficacy. In the following
sections, we will provide the basic scientific princi-
ples of RCTs while showing how to avoid biases
and confounders to design valid RCTs to evaluate
LLMSs on real-world scenarios.

2.2 RCTs for Evaluating Treatments in
Clinical Disciplines

RCTs are extensively used across clinical disci-
plines. For example, in Psychiatry, RCTs have
been used to evaluate treatments to improve the
well-being of autistic children, such as fostering
early social engagement (Carruthers et al., 2024),
improving their socio-emotional and sleeping pat-
terns (Boone et al., 2022), and developing their
interaction and communication skills (Green et al.,
2022). In Medicine, researchers have used RCTs
to evaluate exercise programs for rehabilitation of
people who have suffered a stroke (Moore et al.,
2016), to assess interventions for promoting wound
healing (Schneider et al., 2025), and to provide reli-
able evidence of the quality of new methods of can-
cer surgery (Ceelen and Soreide, 2023) and bone
surgery (Jacobsen et al., 2020). Without RCTs as-
sessing these type of critical treatments, end-users
could be at risk of facing adverse consequences
(Torgerson and Torgerson, 2008).

2.3 RCTs for Evaluating LLMs in Clinical
Scenarios

Recently, RCTs have also been used to evaluate
the efficacy of LLMs. For example, an LLM-
based chatbot demonstrated comparable efficacy
to a nurse hotline in reducing anxiety and depres-
sion symptoms of participants (Chen et al., 2025).
Also, an RCT showed the usefulness of ChatGPT
for physicians and medical students to conduct
research but not any benefit for clinical decision-
making (Weuthen et al., 2025). Furthermore, two
RCTs showed that ChatGPT’s role as a learning
tool enhanced the performance of both dental and
medical students for the lectures of clinical opera-
tive skills and orthopedics, respectively, compared
to control groups (Huang et al., 2025; Gan et al.,
2024). Remarkably, all of these evaluations come
from medical venues. We strongly advocate for
biomedical NLP researchers to be also actively en-
gaged in these evaluations using this paper as a
primer guide for learning the scientific principles
for designing RCTs for LLMs.
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3 Hypothetical Studies: Exemplifying the
Evaluation of LLMs

To exemplify some points throughout the paper,
we propose two hypothetical studies based on
Al-enabled clinical support applications devised
by the American Psychological Association (Asso-
ciation, 2025): 1) evaluating the efficacy of a tutor
LLM for medical students aimed at improving their
training in clinical diagnosis; 2) evaluating the ef-
ficacy of a complementary counseling LL.M for
mental health support aimed at reducing symptoms
of distressed adolescents suffering from a psycho-
logical condition, such as depression or anxiety.

4 The Perils of Before-and-After Studies

It may seem straightforward to evaluate the effi-
cacy of a new treatment by applying it on a group
of participants (a treatment group) and measuring
how much they benefited from the treatment based
on an outcome measure. This study type is called
a before-and-after or pre-test-and-post-test study
(Ho et al., 2018; Sanders, 2019). Let us use our
hypothetical example of a tutor LLM: We form
one clinical diagnosis class in a school to apply the
LLM as a treatment; we hypothesize that the LLM
will cause this group to improve their test scores
at the end of the study. Then, we assess our hy-
pothesis by first obtaining baseline test scores—the
pre-test scores—before the LLM is applied; then,
we apply the LLM to the group to tutor them on
diagnostic problems for a period of time; finally, at
the end of the study we re-test the students to obtain
their final scores—the post-test scores. One way to
assess that this group benefited from the tutor LLM
is by calculating how much their post-test scores in-
creased with respect to the pre-test scores (Sanders,
2019): If the mean post-test score is higher than
the mean pre-test score then we conclude that the
LLM had a positive effect by helping the students
to achieve such an improvement. However, this
conclusion might be plagued with biases and con-
founders possibly rendering it invalid. These spu-
rious factors could distort the test scores and we
cannot disentangle their effects from the LLM’s
effect in this type of study (Moseley and Pinheiro,
2022). The solution to this problem is using an
RCT. Nevertheless, a before-and-after study forms
the basis of RCTs and we must learn which biases
and confounders we must be cautious of.

4.1 Biases and Confounders

Biases are factors which systematically introduce
an error in the form of a deviation to the treatment
effect, but cannot be measured in specific units
(Ho et al., 2018; Bishop and Thompson, 2023).
On the other hand, confounders are measurable
variables (unrelated to the treatment) which effect
can be conflated with the effect of the treatment
(Kingsley and Robertson, 2020) giving us the false
impression that the treatment is (or not) useful. In
before-and-after studies, confounders can usually
be controlled—i.e. their effect can be neutralized;
however, effects from biases can only be reduced—
only RCTs can neutralize or eliminate them. Below
we show the most relevant biases researchers must
be aware of before any study is conducted.

Placebo bias Participants volunteering for a new
treatment mainly do so due to their willingness to
recover from a problematic situation or condition.
Evidence in the literature points to this willingness
having a psychological effect on the outcomes of
the participants regardless of receiving an effective
or ineffective treatment; i.e. participants exhibit a
placebo effect (Beins and McCarthy, 2018). This
effect’s magnitude could be so pronounced as to
spuriously boost the treatment effect; for exam-
ple, the adolescents in our hypothetical study may
elicit a placebo effect after knowing that they will
take part in an experimental group where the sup-
porting counselor is a state-of-the-art LLM; this
effect is elicited in response to their high expecta-
tion or enthusiasm in the LLM to help them allevi-
ate their depression symptoms, effectively leading
to a reduction in these symptoms, as it has been
seen before in other cases (Bishop and Thompson,
2023; Torgerson and Torgerson, 2008). We note
that the main mechanism of the placebo bias is
still not fully understood (Piantadosi, 2017), but in
our view, a possible explanation of this bias is that
the participants mindset changes in a positive way,
due to their high enthusiasm or motivation in re-
ceiving a novel treatment, aligning to the direction
of the treatment effect; i.e. the participants hold
the belief that the treatment will work, and they

!Other biases affecting the treatment that can be controlled
via RCTs are the Hawthorne effect (Torgerson and Torgerson,
2008), the maturation bias (Marsden and Torgerson, 2012),
the demand characteristics bias (Beins and McCarthy, 2018),
the regression to the mean effect (Smith, 2015), the history
bias (Marsden and Torgerson, 2012), the experimenter bias
(Torgerson and Torgerson, 2008), or the measurement bias
(Creswell and Guetterman, 2018). See Section A.1.
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unconsciously exert a positive outcome by taking
actions in parallel to the LLLM’s intervention such
as changing daily-life habits or requesting extra-
help outside the study, which will have a positive
effect on the post-test scores regardless of whether
the treatment really worked or not. This bias can-
not be controlled in before-and-after studies. The
optimal control is via an RCT (Section 6.2).

Test sensitivity or memorization bias Ideally,
every participant in a before-and-after study takes
two tests, a pre-test and a post-test, to assess their
progress; however, this may induce a bias on the
participants (Ho et al., 2018). For example, they
may become sensitive to the pre-test in the sense
of discovering what type of information or prob-
lems are used for evaluation; in this way, the par-
ticipants may actively seek to learn any material
aligned to that type of information or problems so
as to intentionally improve the post-test evaluation
giving the false impression that improvement in
performance is due to the LLM when, in fact, it
is due to the participants’ sensitization and extra-
effort (Marsden and Torgerson, 2012). Moreover,
if the format or structure of the post-test is highly
similar to that from the pre-test, then participants
may get a better score just due to being familiar-
ized with the test format or structure (Bishop and
Thompson, 2023). This bias not only occurs in edu-
cational settings; it can also happen in clinical and
psychological studies where participants may re-
ceive the same well-being survey or questionnaire
as both pre-test and post-test—such as the Patient
Health Questionnaire-9 (Yu et al., 2012) developed
to assess depressive symptoms—in this case, partic-
ipants may respond to the post-test questionnaire
in a very similar way to how they responded to
the pre-test questionnaire due to remembering their
previous responses and unconsciously aligning to
them (Navarro and Siegel, 2018). The best solution
for this bias type is the RCT shown in Section 6.3.

Selection bias Another major threat to the inter-
nal validity of before-and-after studies is the prob-
lem of a biased sample of participants (Torgerson
and Torgerson, 2008). The participants selected to
the study may be biased towards a characteristic
that could inflate or dilute the effect of the treat-
ment. For example, if the recruitment is open to
anyone wishing to take part in it, as is common in
several studies, this will lead to one of the most
common forms of selection bias: Recruiting peo-
ple who are particularly enthusiastic to participate

in a study mainly because they believe the new
treatment can be a great help to their underlying
problem or condition. Thus, this enthusiasm is a
characteristic that has the potential to spuriously in-
flate the treatment effect via different mechanisms
such as eliciting a placebo bias. In medical or psy-
chological studies, other form of selection bias can
take place: Participants willing to take part in a
study may exhibit a degraded physical or psycho-
logical well-being which, if not profoundly serious,
tends to naturally recover after given enough time
regardless of receiving or not any treatment (Torg-
erson and Torgerson, 2008). These are just a few
forms of selection bias; depending on the specific
research problem many other forms can plunge into
the study. RCTs are suited to control this bias.

Confounders effect Characteristics of the partic-
ipants such as socioeconomic status, age, gender,
etc. may have an impact on the post-test scores
(Bishop and Thompson, 2023). For example, in our
hypothetical study of a tutor LLM, recruiting only
students from a high socioeconomic status risks
confounding since access to high-cost curricular
resources may influence post-test scores, distorting
the LLM’s effect. Similarly, in our hypothetical
study of a counseling LLM, age effects can be con-
founded with the LLM’s effect since younger (or
older) participants may tend to recover more easily
depending on the target condition. Hence, it is im-
portant to consider possible confounders, according
to the specific problem, and control them, for ex-
ample, via variation in the levels of the confounder,
such as recruiting participants across varying ages,
or via an RCT study.

5 RCTs: The Gold-Standard for
Evaluations of LLMs

Since RCTs build on top of before-and-after stud-
ies, in this section we elaborate on their basic prin-
ciples which allow for a strict control of the spu-
rious factors occurring in before-and-after studies
(shown in Section 4.1) and on the specific biases
RCTs face as well as ways to control them.

5.1 RCTs Can Control Spurious Effects from
Before-and-After Studies

The effects of biases and confounders in Sec-
tion 4.1, which threaten the internal validity? of
any before-and-after study, can be neutralized by

2See Section A.2 for a brief explanation of internal validity.
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adding two key elements to this type of study: 1) a
control group and 2) the randomized assignment of
participants to control and treatment groups, where
the treatment group is similar to the group in a
before-and-after study; these elements constitute
the basic and core structural features of a Random-
ized Controlled Trial (Creswell and Guetterman,
2018). In the following sections we elaborate on
these characteristics.

5.2 Random Assignment of Participants to
Groups: Controlling Biases and
Confounders

The effects of biases and confounders can be neu-
tralized, or counteracted, via the random alloca-
tion of participants to the control and treatment
groups (Creswell and Guetterman, 2018). The goal
with this action is to have the treatment and control
groups nearly identical to each other in all partic-
ipants characteristics and factors—including con-
founders and biases—except for the treatment to be
evaluated; thus, the only difference between these
two groups will be the effect of the treatment allow-
ing us to easily estimate it. Simple randomization
is a common method to achieve this as explained
below.

Random assignment of participants to treatment
and control groups is essential to balance the
groups across observable and unobservable char-
acteristics and factors that otherwise can lead to
an invalid result. The simplest random method of
allocation recommended in the literature is fossing
a coin (Torgerson and Torgerson, 2008) where for
each participant we obtain a computer-generated
random binary label ("treatment" or "control"), or
alternatively, we generate a random list of num-
bers, assign participants to numbers, and allocate
odd numbers to one group and even numbers to the
other. In any scenario, crucially, each participant
must have the same chance to be assigned to any
group. However, due to chance a confounder may
not be fully balanced between control and treatment
groups; to purposefully control this confounder we
can resort to the method of matched randomization
(see Section A.3).

5.3 RCTs Can Be Susceptible to Other Biases

RCTs may suffer from particular biases which are
important to consider before conducting any study
in order to propose any possible solution if required,
as we show below (and in Section A.4).

Diffusion of treatment bias This bias, also
known as spillover effect (Ariel et al., 2021), hap-
pens when participants in the treatment group share
information of the treatment with participants in
the control group in such a way that control par-
ticipants can follow or adapt this information to
their benefit having an effect on the post-test scores
and thus threatening the study’s validity (Creswell
and Guetterman, 2018). A feasible policy to con-
trol this bias is to implement a double-blind setup,
where neither the participant nor the researcher
knows which participant is in which group (Bishop
and Thompson, 2023; Friedman et al., 2015), in
addition to a non-disclosure agreement where par-
ticipants are requested to not sharing information
from the study other than to relevant parties (such
as the participants’ parents if the participants are
minors).

Resentful demoralization bias When partici-
pants assigned to the control group realize that they
receive no treatment (or receive a traditional treat-
ment which they believe is not effective), they may
develop a feeling of resentment, demotivation, or
demoralization which may have one or more con-
sequences (Torgerson and Torgerson, 2008). One
possible consequence is that control participants
have a lower performance during the study than
they usually do in normal days; this will have a
negative effect on the post-test scores leading to
artificially inflating the treatment effect. Another
consequence is that control participants may seek
for alternative treatments out of the RCT study; in
our hypothetical example, students may seek help
from a professor or engage with publicly available
LLMs, such as ChatGPT, possibly leading to a spu-
rious boost of their post-test scores. An additional
consequence is that participants may quit the exper-
iment due to a high impact of the demoralization
or after rationalizing that their participation in the
experiment will not lead to any benefit for them.
A last possible consequence is that control partici-
pants may work harder during the study than they
normally do due to their resentment of not being
assigned any treatment (Creswell and Guetterman,
2018); this action will lead to inflated post-test
scores which will minimize the true treatment ef-
fect. The resentful demoralization bias can be ame-
liorated or resolved either by a) giving a traditional
treatment to the control group (such as a human
tutor in our example) that can be regarded as an
effective treatment (Beins and McCarthy, 2018), b)
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reassuring control participants that they will have
the same treatment as the treatment group after
the experiment is finished (Bishop and Thompson,
2023), or c) replacing the control group with a
placebo group (Torgerson and Torgerson, 2008) as
we will elaborate on in Section 6.2.

6 Three Recommended RCT Designs to
Evaluate LLMs

RCTs’ experimental design can be adjusted to spe-
cific research questions, problems, and to analyze
specific biases and confounders. We selected three
main design types that we believe can be useful
for biomedical NLP researchers to evaluate the ef-
ficacy of LLMs in real-world scenarios, from the
basic treatment vs. control RCT design to more
complex designs that aim to study the effect of rel-
evant biases, namely the placebo bias and the test
sensitivity or memorization bias which, we believe,
can have a big impact on the outcome measure
whenever studying the efficacy of LLMs across
several domains, specially in educational and clini-
cal contexts.

6.1 The Basic RCT Design: Treatment vs.
Control Groups

A control group is most necessary to counteract the
effects of several biases and confounders present
in the treatment group via random allocation of
the participants to these groups (Section 5.2). This
design is the easiest and less costly to implement
since only two groups of participants are required,
where the suggested number of participants in each
group is at least 50 in order to provide a precise es-
timate of the treatment effect (Navarro and Siegel,
2018). As mentioned before, only the treatment
group receives the novel treatment and the control
group receives either no-treatment or a traditional
treatment (Beins and McCarthy, 2018). However,
this design may not render the most precise treat-
ment effect as the control group may not neutralize
one possible bias, namely the placebo bias, since it
tends to occur on participants who receive a novel
treatment as it elicits the participants’ high expec-
tations that the treatment will be useful as imag-
ined, overstating the treatment’s effect (Piantadosi,
2017). This bias may or may not occur in an RCT;
however, there is compelling evidence across fields,
particularly Medicine and Psychology (Beins and
McCarthy, 2018; Piantadosi, 2017), pointing to its
frequent occurrence. To optimally control this bias

it is suggested to add a placebo group.

6.2 Controlling the Placebo Bias: The Placebo
Group

We introduced the placebo bias in Section 4.1. An
optimal way to control this bias is to add a placebo
group to the basic RCT design (or alternatively, to
replace the control group with a placebo group) (Pi-
antadosi, 2017). This group will receive a placebo’
instead of a true treatment. The form of the placebo
will depend on the form of the treatment under
study; crucially, no placebo should provide any
real treatment. For example, a placebo counter-
part of a clinical diagnostics tutor LLM could be
an LL.M-based chatbot, in the style of the chat-
bot Eliza (Weizenbaum, 1966), that provides no
support in diagnostics (and crucially, does not gen-
erate hallucinations), but responds to queries in a
thoughtful-questioning way by asking the students
what they think is a possible solution to a clinical
problem, or why they think a candidate solution
could be a good solution (or not).*

By adding the placebo group to our basic RCT
design we now have the capability to not only
remove the placebo effect from the treatment ef-
fect, but also to quantify it (Bishop and Thompson,
2023). More concretely, if we only desire to re-
move the placebo effect from the treatment effect,
then we only need to subtract the mean post-test
score of the placebo group from the mean post-test
score of the treatment group since these two groups
only differ in the treatment provided (novel treat-
ment vs. placebo);> however, the placebo effect is
mixed with all the other bias effects and we cannot
quantify it. If we seek to quantify the placebo ef-
fect to develop an understanding of the strength of

3In simple and basic terms, a placebo is a mechanism
mimicking or emulating a novel treatment, which also elicits
high expectations from participants, but has no effect on them.

*We remark the potential complexity of proposing and im-
plementing effective placebo counterparts of LLMs due to the
inherent necessity of participants to interact with this placebo
(e.g. via dialogues): It is difficult to mimic all the form or
structure of the treatment without providing any functionality
that could become in itself a treatment, while at the same time
both not providing any negative effect and not allowing the
participants to discover the status of the placebo (specially in
long-term studies). For a deeper consideration of this issue
and to help identifying an appropriate approach tailored to the
needs of a specific study, we suggest previous works in the
literature of Education (Hyldgaard, 2020; Adair et al., 1990;
Aycock et al., 2018) and Psychology (Blease, 2018; Kirsch
et al., 2016; Enck and Zipfel, 2019; Popp and Schneider, 2015;
Gaab et al., 2019).

>This also removes the effects of all other biases and con-
founders explained in Section 4.1.
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the participants’ expectations regarding the efficacy
of LLMs in real-world cases, then we simply sub-
tract the mean post-test score of the control group
from the mean post-test score of the placebo group—
assuming that these two groups only differ in the
placebo effect due to the optimal random alloca-
tion of participants to the three groups; nonetheless,
for a more precise estimation, the recommended
method is ANCOVA (Section 7.2).

6.3 The Solomon Design

This RCT design is considered as the ideal design
to better quantify and understand the effect of the
pre-test on the post-test scores (Solomon, 1949).
This, in turn, allows us to tackle the test sensitivity
or memorization bias (Section 4.1).

The Solomon design comprises 4 groups; itis a
direct extension of the basic RCT study (Section
6.1) to which we add two more groups: Another
treatment group receiving the exact same treatment,
and another control group receiving either the same
traditional treatment or non-treatment. However,
these two groups will not receive a pre-test. Let
us label our four groups where 77 and 75 are the
two treatments groups, 71 receiving a pre-test but
not 75, and C7 and C5 are the two control groups
where C] receives a pre-test but not Cs. In this
way, treatment groups only differ in the application
of the pre-test, and similarly for control groups.®
Then, we can estimate the effect of the pre-test on
the post-test scores under two scenarios: When the
treatment is present and when it is absent. Under
the first scenario we compare the mean post-test
scores of groups 717 and 75; if the mean score of T}
is significantly larger than that of 75 then we may
ascribe this difference to the pre-test. Similarly, we
compare the scores of C; and Cj; if there is no
difference in this scenario, but there is a difference
in the previous scenario, then we can claim that the
pre-test affected the post-test not in a direct way but
via the treatment (Ariel et al., 2021); for example,
students became aware or sensitive of the type of
information they must seek from the tutor LLM
and thus exploited this sensitization to intentionally
perform better on the post-test. Had there been a
difference in scores between C and C5 in a similar
magnitude and same direction as that between 7}
and 75 then we could have claimed that the pre-
test affected directly the post-test (possibly via a

We note that assignment of participants to the four groups
must be done using a random allocation method where any
participant has the same chance to be assigned to any group.

mechanism from the memorization bias, or due
to test practice). This design requires twice as
much participants as the basic design (around 200
is recommended (Navarro and Siegel, 2018)); but
when the target population is abundant, this is the
suggested RCT design to carry out.

7 Statistical Analysis of RCT Data

To estimate the effect of the treatment we can resort
to two simple and popular statistical methods: The
difference of means between treatment and control
groups or an Analysis of Covariance (ANCOVA).
We elaborate on these methods by exemplifying
them with the basic RCT design (our account can
be easily expanded to more groups).

7.1 The Simplest Method to Estimate the
Treatment Effect: Difference of Means

In the basic RCT design, the only difference be-
tween treatment and control groups is the treatment
effect (Murnane and Willett, 2010);’ thus, by com-
paring the mean post-test scores of the two groups
we estimate the magnitude of the treatment effect
(similarly to how the mean accuracy score of a new
NLP model is compared to that from a baseline
model). For example, if students in our tutor LLM
group obtained a mean post-test score of 8.4 points
while the control group mean score was 6.5 points,
then the treatment effect was 1.9 points. Alterna-
tively, if we want to estimate the treatment’s effect
as the mean difference in progress from pre-test to
post-test, then we can compare the average change
of scores from pre-test to post-test between our
two groups (Ariel et al., 2021); i.e., for each group
we obtain the change in scores (post-test score —
pre-test score) averaged across participants, and
compare the two groups’ means. (For other details
see Section A.5.)

7.2 ANCOVA: Quantifying the Effects of the
Treatment and Confounders

ANCOVA is a multivariate linear regression analy-
sis where the dependent variable (post-test scores
or change in scores from pre-test to post-test) is
determined by a linear combination of independent
variables, namely the treatment variable and covari-
ates (i.e. confounders®) (Wang et al., 2019); co-

7 Assuming both an optimal random allocation of partici-
pants to both groups and no placebo effect in the treatment
group.

8Covariates is one name that confounders receive in statis-
tics.
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variates such as gender, age, socioeconomic status,
etc. may have an effect on the post-test scores, spe-
cially when the sample size is small, since due to
chance they may not be equally distributed across
groups (Torgerson and Torgerson, 2008); moreover,
including covariates in an ANCOVA model not
only allows us to quantify their effect on the post-
test scores, but also allows us to isolate them from
the treatment effect (Read et al., 2013); further-
more, we can also estimate the effect of the pre-test
on the post-test scores. This specification helps
to improve the precision of the treatment effect
estimation (Egbewale et al., 2014).
Equation 1 shows ANCOVA’s model:

y = p+ Bi(w1) + Ba(x2) + ... + Br(or) + ¢
(D

Variable y represents the dependent variable;
term p is the intercept of the linear model repre-
senting the expected score of a control participant
when all covariates are set to zero. Coefficients (3;
(1 € {1,2,...,n}) are parameters to be estimated
and represent the effects of covariates x; on the
dependent variable; if a covariate is continuous, its
coefficient represents the mean number of points
that will be added to the dependent variable for
each unit that the covariate increases; xr is a binary
indicator variable where x7 = 1 represents mem-
bership to the treatment group and z7 = 0 to the
control group; thus, B is the estimated treatment
effect which we interpret as the average number
of points that a treatment participant will gain due
to receiving the treatment. Interpretation of coef-
ficients of categorical covariates is similar to that
of the treatment variable. Finally, € represents the
erTor term.

Let us propose in Equation 2 an ANCOVA model
obtained from our hypothetical RCT study testing
the efficacy of our diagnostics tutor LLM where
the dependent variable represents post-test scores.

score = 4 4 0.8(test) + 0.5(SES) +2(LLM)
2)

We include the covariate of socioeconomic sta-
tus (SES) of students as an indicator variable
where SE'S = 0 represents a low-SES student and
SES =1 ahigh-SES student; also, we model the
effect of the pre-test score as a continuous variable;
the treatment variable is a binary indicator where

LLM =1 indicates membership to the treatment
group and LLM = 0 membership to the control
group.

We interpret the model in Equation 2 as follows:
The expected post-test score of a control student
from low-SES with O points on the pre-test is 4
points. The effect of the treatment has a magnitude
of 2 points, after adjusting for SES and pre-test; this
means that students who have the support of the
LLM (LLM = 1), compared to those who do not,
score on average 2 points more on the post-test.
Moreover, the pre-test has an effect on students
possibly due to the sensitization or memorization
bias depending on the exact form of the pre-test
(Section 4.1); we interpret its coefficient as adding,
on average, 0.8 points to the post-test score for
each point obtained in the pre-test (after adjusting
for SES and treatment group). Furthermore, after
adjusting for pre-test and treatment group, high-
SES students tend to obtain, on average, 0.5 points
more on the post-test than low-SES students. (For
details of ANCOVA see Section A.6.)

8 Ethical Concerns in RCTs for LLMs

LLMs are a recent technology. The study of their
interaction with different user types across clinical
domains has just started and significant further re-
search is necessary to thoroughly understand the
LLMs’ effects; thereby, unexpected results may
be obtained in any RCT study. Consequently, we
recommend to first carry out RCTs on problems
or conditions where the risks of adverse results
are low, and avoid critical scenarios such as ado-
lescents with severe depression since any nega-
tive side-effect could worsen their initial condition,
such as becoming psychologically distressed or
even suicidal. Critically, in the event where the
LLM treatment were found to be adverse, it would
be imperative to both assess the outcomes to decide
whether to stop or continue the study and report
these negative outcomes (Anderson et al., 2022)
to allow the scientific community to ponder the
adversities.

Moreover, RCTs are not without any ethical con-
cerns. One common issue is the so-called com-
pensatory equalization problem which refers to
the unequal situation created under the basic RCT
design (Section 6.1) or the placebo RCT design
(Section 6.2), where only one group receives a po-
tential benefit (a treatment), while the other group
receives no-treatment and thereby no potential so-
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lution to their underlying condition or problem
(Creswell and Guetterman, 2018). This situation
can be solved using either of the first two solutions
proposed to control the resentful demoralization
bias (Section 5.3), namely to give a traditional,
helpful treatment to the control group (such as a
human teacher or counselor if the novel treatment
is an LLM), or to offer the novel treatment to the
control (or placebo) group after the experiment has
finished.

Another ethical concern in RCTs is the effect of
the novel treatment. The usual hypothesis is that
the novel treatment will provide a positive and help-
ful effect on the participants; however, in reality,
the treatment effect may be negative or may have
adverse secondary effects (Bishop and Thompson,
2023). Hence, it is recommended to continuously
observe the participants to spot any sign of negative
or adverse reactions in the participants’ behaviors,
and terminate the study if those reactions are found.

Finally, we strongly emphasize that any RCT
study, prior to its deployment, must be reviewed
and approved by an ethics committee from a univer-
sity or an institutional board (Creswell and Guet-
terman, 2018), and consent must be obtained from
all the parties involved in the study including the
participants and any parents or legal guardians if
required (Moher et al., 2010). Ultimately, partici-
pants have the right to drop out of the study at any
time, and any action to force the participant to not
do so must not be taken. We recommend (Moher
et al., 2010) for a next guide on RCTs.

9 Conclusions

Evaluating the efficacy or usefulness of a new med-
ical treatment, educational intervention, or therapy
program in Medicine, Psychiatry, among other clin-
ical fields, is done via Randomized Controlled Tri-
als. This strict evaluation has received the nomen-
clature of evidence-based evaluation in those fields
given that RCTs are the experimental method con-
sidered pertinent to provide rigorous scientific ev-
idence for the efficacy of a target treatment. As
exposed by Reiter (2025), the field of NLP is
practically devoid of this type of evaluation for
NLP applications. Crucially, we consider RCTs
are necessary to assess recent NLP applications
such as general-purpose LLMs—and more critically,
biomedical or clinical support LLMs—which are no
longer laboratory objects but everyday tools, and
have shown both positive and negative impacts by

helping users with routine tasks or by suggesting
the ingestion of chemicals with potentially toxic
characteristics, for example. As such, other fields,
prominently Medicine, have recently started to eval-
uate LLMs across tasks and capabilities to provide
scientific evidence of their benefit (or not) to spe-
cific populations. The NLP field is to take the
next step in LLMs evaluations via RCTs as it is
the designer and builder of these NLP tools. In
this primer paper, we presented the basic princi-
ples and statistical methods required for designing
Randomized Controlled Trials targeted to assess
LLMs’ efficacy for real-world cases, helping bio-
NLP researchers to take the first step to conduct
RCTs.

Limitations

As a primer paper, this work mainly shows content
and scope limitations. It lacks advanced methods
used in specific problems faced by RCTs such as
better random assignment methods of participants
to groups or a more comprehensive treatment of the
placebo bias, more elaborate or complex RCT de-
signs, recently discovered biases, a wider and more
in-depth treatment of ethical concerns in RCTs, or
state-of-the-art statistical methods for estimating
treatment effects. Nonetheless, we note that ad-
vanced methods for each of these issues may be
problem- or field-oriented; therefore, by providing
a foundational treatment of the design of RCTs,
this paper serves as the starting point to discover-
ing advanced methods in specialized literature and
to proposing methods tailored for the biomedical
NLP field.

Ethical Considerations

We do not claim that this paper is a comprehensive,
self-contained, and ultimate guide for designing
and conducting RCTs. This is a primer paper that
aims to introduce biomedical NLP researchers to
the foundational principles of RCTs in order to ad-
vance to other specialized guides in other fields, to
start the intellectual task of designing and propos-
ing RCTs for evaluating LLMs, and to foster inter-
disciplinary works with researchers in clinical disci-
plines. Therefore, we advise the use of this primer
paper as an introductory guide—but not the sole
resource—for biomedical NLP researchers to start
their study in designing RCTs for assessing LLMs
while subsequently consulting more advanced texts
and research papers.
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A Appendix

A.1 Further Biases in Before-and-After
Studies

Hawthorne effect Firstly discovered in early
work of optimization studies, this bias takes ef-
fect on the participants behavior by increasing their
effort, workload, or productivity due to their aware-
ness of taking part in a research program and being
observed by a researcher (Torgerson and Torgerson,
2008). Thus, part of the results obtained are due to
the artificially increased effort of the participants.
For example, students in our hypothetical study
will work harder than usual when receiving sup-
port from the tutor LLM, regardless of their inner
motivation, just due to the pressure imposed by the
study’s monitoring apparatus.

Maturation bias When a treatment is applied
over a sustained period of time (usually in the
range of months), natural biological or psycho-
logical changes can happen to the study partici-
pants which may have an effect on the post-test
scores (Ho et al., 2018); these changes go under
the umbrella terms of maturation effects or tempo-
ral effects (Torgerson and Torgerson, 2008). For
example, in our hypothetical study of a counseling
LLM, a maturation effect that can bias the effect
of the counseling LLM is the natural self-healing
of the study participants over time (Bishop and
Thompson, 2023); thus, any improvement in their
well-being post-test scores could be simply due to
this temporal effect rather than due to the support
of the LLM.

Demand characteristics bias This type of bias
is elicited from the study participants after learning
that they will take part in a novel treatment with
the goal of improving their skills or solving their
underlying problem or condition (Beins and Mc-
Carthy, 2018). Participants actively over-engage in
the study by increasing their motivation or eager-
ness which, in turn, may improve their focus and
their performance on the study’s tasks; for example,
students in our hypothetical study may pay more
attention to the LLM’s outputs than they usually
pay to their professors at class, may put more effort
and time for out-of-study learning activities, or may
ask for extra-help from peers or professors, and so
on. This participants’ quest to make the treatment
effectively work can aid the participants in improv-
ing their post-test scores biasing the effect from the
LLM alone.

Regression to the mean Some effects occurring
in a study may happen only due to chance; these
effects are termed regression to the mean (Marsden
and Torgerson, 2012). For example, in our hypo-
thetical study of the tutor LLM, there is some like-
lihood that due to chance some of the students will
obtain a low pre-test score, and these students will
naturally increase their score at post-test time due
to their normal intellectual or cognitive capability;
consequently, this improvement will be wrongly
attributed to the LLM’s help; in other words, stu-
dents who, due to chance, scored particularly high
or low at the pre-test will tend to score closer to the
group’s mean at the post-test (Marsden and Torger-
son, 2012; Torgerson and Torgerson, 2008) biasing
the effect of the LLM.

History bias There are so-called history events
occurring outside the laboratory where the treat-
ment is applied which are not controllable by the
researcher. This bias occurs when these events,
happening in parallel to the study, affect either the
status of the treatment or the participants engage-
ment in the target tasks impacting on the results
obtained (Marsden and Torgerson, 2012; Ho et al.,
2018). For example, adverse weather leading to
temporarily closing the laboratory can directly af-
fect the participants engagement in the study pos-
sibly leading to a distortion of the post-test scores
and also of the treatment effect.

Experimenter bias In this case, it is the re-
searchers executing the study the ones biasing the
participants outcomes (Torgerson and Torgerson,
2008); for example, if researchers firmly believe
that the support counseling LLM will be useful for
diminishing the symptoms of adolescents suffering
anxiety, then these researchers may unconsciously
work towards fulfilling their believe by modifying
the well-being questionnaires or giving additional
support to the participants not planned before the
study with the aim of generating outcomes that
favor the counseling LLM.

Measurement bias This bias can be present
when taking measurements, scoring a test, or when
using an incorrect instrument to elaborate the tests
(Creswell and Guetterman, 2018), depending on the
research problem. For example, if a test (pre-test or
post-test) is not correctly designed to measure the
intended skill, ability, behavior, or mental/physical
state of the participants, then the test will result in
an invalid outcome giving a biased result; follow-
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ing our hypothetical example of a counseling LLM,
if the well-being questionnaire contains ambiguous
questions related to the symptoms of the partici-
pant, the given answers may not be valid and so
may biased the treatment effect.

A.2 Internal Validity of RCTs

The golden goal in any scientific experiment is to
obtain valid results (Weisberg, 2010). When we
test a new treatment to see its efficacy, we aim to
obtain an unbiased relationship between the treat-
ment and the results (post-test scores); i.e. we seek
to answer the question: Is the new treatment the
real cause of the results obtained? For example,
is a counseling LLLM really helpful to alleviate the
symptoms of a group of adolescents suffering from
depression? When answering this question, we ex-
pect that the effect obtained on the participants is a
true and direct cause from the LLM and not an ef-
fect from a bias or a confounder. Hence, to answer
this type of question we need an experimental de-
sign embodying a necessary characteristic: Internal
validity (Beins and McCarthy, 2018), which refers
to the capacity of providing valid conclusions, i.e.
to neutralize the effects of spurious factors, such as
those shown in Section 4.1, that can distort the true
treatment effect. Arguably, RCTs’ experimental
design is one of the study designs with the highest
internal validity (West et al., 2008) which is the
main reason why RCTs are considered the gold-
standard for evaluating new treatments in the fields
of Medicine (Torgerson and Torgerson, 2008) and
Psychiatry (Spieth et al., 2016), among other fields;
and we hope RCTs will become the gold-standard
for evaluating LL.Ms in the NLP field as well.

A.3 Matched Randomization

Using simple randomization we risk that due to
chance we may end up with unbalanced groups in
one (or more) confounder(s), especially when the
sample size is small (30 participants or less (Torg-
erson and Torgerson, 2008)), which can lead to in-
valid results. For example, in our tutor LLM study,
we hypothesize that socioeconomic status has a sig-
nificant impact on post-test scores since students
in a high socioeconomic status may have access
to extra learning resources, such as private lessons
or specialized books. Hence, not thoroughly con-
trolling this confounder may give us an inflated (or
diluted) treatment effect if students with a high so-
cioeconomic status are mostly allocated to the treat-
ment (or control) group. The method of matched

randomization consists of pairing participants with
the same level of a confounder and randomly as-
signing each participant from each pair to treat-
ment and control groups to balance them (Creswell
and Guetterman, 2018); this can be extended to
more confounders. For example, if we hypothesize
that besides socioeconomic status, gender is an-
other confounder, then we create pairs of students
across combined levels of these two characteris-
tics: (high, low) x (female, male); for instance, we
match two male, high-socioeconomic-status stu-
dents, then toss a coin and randomly assign them
to treatment and control groups; and similarly for
all combinations of levels. Due to its simplicity,
matched randomization is a popular method; how-
ever, when the number of confounders increases,
matching can become restrictive since it may be
difficult to find an exact match for a given partic-
ipant across all levels. In this case, it is recom-
mended to increase the sample size to at least 100
participants and instead implement simple random-
ization(Torgerson and Torgerson, 2008). Alterna-
tively, we can use a statistical method to control
confounders that only requires simple random allo-
cation, as shown in Section 7.2.

A.4 Attrition Bias

There are events that are unforeseeable by the re-
searcher, such as participants dropping out of a
study. The primary way how attrition invalidates
a study is by inducing selection bias, regardless
of participants dropping out from the treatment,
control, or both groups, since it breaks the balance
of other types of bias and confounders imposed
by the random assignment of these participants to
the groups (Torgerson and Torgerson, 2008). Attri-
tion occurring in both groups does not guarantee
to keep the balance between them since the partic-
ipants dropping out of one group can have differ-
ent characteristics from those dropping out of the
other group. Moreover, when attrition occurs in one
group it is not recommended to remove participants
from the other group which have similar observ-
able characteristics since they may not have similar
unobservable characteristics. For example, let us
suppose that the youngest adolescents in our hypo-
thetical study dropped out of the treatment group
because they believed that the counseling LLM was
not helpful for reducing their anxiety symptoms; re-
moving the youngest participants from the control
group to balance the groups again risks inducing
selection bias if dropouts from the treatment group
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differ from the youngest control participants in the
level of socioeconomic status, or in any other char-
acteristic. To reduce the impact of attrition, it is
suggested to implement the policy of Intention-to-
Treat (ITT) (Bishop and Thompson, 2023), which
advises researchers to keep track of dropouts, with
their consent, to obtain their post-test scores since
including them in the analysis of results will keep
the balance between treatment and control groups
imposed by the random allocation. For a deep trea-
tise on ITT we recommend (Torgerson and Torger-
son, 2008).

A.5 Details of Estimating the Treatment
Effect Via Difference of Means

The estimated treatment effect obtained via the dif-
ference of means is free from the effects of bias
and confounders; however, it may still have been
affected by random variation, i.e. by chance, (Hack-
shaw, 2009) present in several factors. To account
for this randomness we need a statistical test; in this
case a common test is the t-test (Murnane and Wil-
lett, 2010), which we use to obtain a statistic called
the t-statistic (the treatment effect normalized by
the variability between the groups), which in turn
we use to estimate the p-value which we could in-
terpret as the likelihood that the treatment effect
could have been obtained by chance (Hackshaw,
2009). The logic behind the estimation of a p-value
is that we compare our t-statistic against a distri-
bution (a t-distribution) of differences between the
two group means built under the assumption that, in
fact, there is no difference between the two means
(i.e. the treatment effect is zero); if our p-value
is less than an established threshold then it means
that it is unlikely that we would observe such a dif-
ference in means under this distribution, so we can
claim that this effect seems not to be due to chance
(Hossain, 2021). Alternatively, we can estimate a
confidence interval which is a range of values in
which there is certain likelihood that the population
treatment effect falls into; if zero is not inside this
range, then we can claim that the treatment effect
seems to not be due to chance as well (Cumming
and Calin-Jageman, 2016). We suggest (Hackshaw,
2009; Hossain, 2021) for an elaboration of this sta-
tistical method and (Agresti and Kateri, 2022; Li,
2018) to estimate the t-statistic and its p-value with
a statistical software as is commonly done in the
literature.

While this is the easiest method to estimate the
treatment effect, it has a drawback if our sample

size of participants was small: It cannot measure
the effects of confounders that may be lurking in
the results (due to chance imbalance) which al-
ter the treatment effect. So, unless we have a big
sample size of participants and we carefully apply
random allocation, and even so, the recommended
statistical method for analyzing RCT data is AN-
COVA (Van Breukelen, 2006; Vickers, 2005).

A.6 Details of ANCOVA

ANCOVA is one of the predominant statistical
methods to analyze RCT data (Tutino et al., 2024)
due to 1) its simplicity (Wan, 2021), 2) its flexibility
to account for both types of variables (continuous
and categorical) which allows us to estimate the
treatment effect (a categorical variable) and the
covariates’ effects (categorical or continuous vari-
ables) (Maxwell et al., 2017), and 3) we can also
estimate the effect of the pre-test on the post-test
scores which results in a more precise estimate of
the treatment effect (Egbewale et al., 2014).

The use of ANCOVA assumes some properties
such as the linear relationship between dependent
and independent variables, the dependent variable
being normally distributed, or the variability of the
groups being homogeneous; however, ANCOVA
has been shown to be robust to departures from
such assumptions (Wang et al., 2019).

To evaluate the fit of an ANCOVA model, we
can use the mean-squared error: The averaged
squared difference between predicted and true post-
test scores, or the R? metric which estimates how
much of the variability in the post-test scores is
explained by the treatment and covariates, i.e. it
measures the proportional reduction in the differ-
ence between predicted and real scores (Agresti
and Kateri, 2022). For a deeper treatise on AN-
COVA, its evaluation, and its extension to more
groups, we suggest (Wang et al., 2019; Maxwell
et al., 2017), and (Agresti and Kateri, 2022; Li,
2018) for implementing ANCOVA with a statisti-
cal software.
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