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Abstract. Large language models (LLMs) are increasingly being used
to provide reasons for decisions, but their ability to engage in human-like
dialogue and use commonsense reasoning has been called into question.
These aspects are important when using LLMs to assist high-stake de-
cisions and assessments such as credit approval. For example, if a loan
applicant is denied credit, a counterfactual explanation may state that
the application would be granted if the applicant’s income increased to a
certain amount. By injecting a decision-making algorithm into the LLM
prompt and systematically probing and annotating responses for care-
fully chosen inputs, we study potential patterns in the model’s selection
of counterfactual explanations. Specifically, we assess notions of action-
ability acquired by the LLM during pre-training and how such notions are
applied by the LLM in natural-language dialogue. The studied notions
encompass mutability (e.g. that income can be changed while country of
birth cannot), monotonicity (e.g. that age can only change in one direc-
tion), and causal dependencies between features (e.g. that duration of
residence cannot be increased without also increasing age). Results for
the two most recent versions of GPT show that in one studied aspect
(mutability), both versions of GPT are well-aligned, while in another as-
pect (monotonicity), only GPT 4 is well-aligned. Finally, in the third as-
pect (causal dependencies), none of the versions of GPT are well-aligned.
The experiments also suggest that misalignments are primarily due to
problems in language generation rather than inherent properties of the
models.

Keywords: First keyword · Second keyword · Another keyword.

1 Introduction

Recently, there has been a large interest in large language models (LLMs) and
their ability to engage in human-like dialogue and use commonsense reasoning
[17]. In this study, we experimentally investigate specific aspects of these abilities,
namely counterfactual explanations in dialogue. The ability to reason counterfac-
tually and provide relevant explanations is particularly important when using AI
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to assist high-stake decisions and assessments such as credit approval or medical
diagnostics. For example, if a loan applicant is denied credit, a counterfactual
explanation (CFE) conveys the conditions under which the credit would have
been granted. Ideally, such an explanation is not only faithful to the actual logic
underpinning the decision, but also helps the subject to obtain a more preferred
decision in the future [36].

In general, the task of selecting relevant counterfactual examples is non-
trivial, not only since the set of potential examples tends to be very large, but
also since the relevance of an example typically depends on whether the change
in circumstances implied by the counterfactual example is actionable [13]. Ac-
tionability entails various aspects such as physical constraints (e.g. decreasing
one’s age is physically impossible) and causal relationships between features (e.g.
increasing one’s education level is difficult without increasing one’s age). In other
words, CFEs rest on commonsense reasoning and world knowledge. Therefore,
it seems reasonable to suspect that LLMs such as GPT, with strong capabilities
when it comes to commonsense reasoning and world knowledge [28], also perform
well as CFE generators in a dialogical setting.

In this article, we study the ability of LLMs to reason counterfactually in dia-
logue by systematically probing their responses under various conditions. Specifi-
cally, the work investigates whether counterfactual responses generated by LLMs
are aligned with human notions of actionability, i.e. the extent to which courses
of action mentioned by the model are deemed possible by humans. To illustrate
this research question, we can consider a scenario where an LLM is asked by
a customer if she is eligible for credit; if the LLM responds that the user can
become eligible by waiting until she becomes one year older, then this response
would be aligned with human notions of actionability (since waiting one year is,
in principle, an action that can be performed). In contrast, if the LLM suggests
getting one year younger, the behavior would be misaligned (since age cannot
decrease).

The article makes the following contributions:

– A method is proposed for assessing alignment of LLM-generated CFEs with
human notions of actionability. The method uses simulated user input, man-
ual annotations and ground-truth actionability criteria (section 3).

– Data and results for GPT 3.5 (gpt-3.5-turbo-1106) and GPT 4 (gpt-4-
1106-preview) focusing on three different aspects of actionability, showing
that in one studied aspect (mutability), both versions of GPT are well-
aligned; in another aspect (monotonicity), only GPT 4 is well-aligned; in a
third aspect (causal dependencies), none of the versions of GPT are well-
aligned (section 4).

– A method for assessing the extent to which the performance of an LLM (in
this case alignment with human notions of actionability) can be improved
using neutrally phrased Socratic follow-up questions is proposed (section
5.3).

– Data and results for Socratic follow-up questioning are presented, showing
perfect alignment with human notions of actionability for GPT 3.5 and GPT
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4, indicating that observed misalignments are primarily due to problems in
language generation rather than inherent incapabilities of the model (section
5.3).

All data referred to in this article is published openly and available at https:
//github.com/alex-berman/LLM-CFE.

2 Background and Related Work

In this section we introduce the term counterfactual and how it generally
relates to reasoning and explanations (section 2.1) as well as to explainable
AI (XAI) and AI-based decision-making (section 2.2). We then discuss LLMs in
relation to reasoning in general and counterfactual reasoning specifically (section
2.3) before situating the present study in relation to previous work (section 2.4).

2.1 Counterfactuals and counterfactual explanations

Counterfactual reasoning is the process of considering how events might have
turned out differently if particular conditions had been different. Counterfactual
reasoning has been argued to be central in human language and thought [31,33]
and the ability to reason counterfactually emerges early [5,3].The term “coun-
terfactual” has been used in many different ways in philosophy of language [19],
linguistics [15], psychology, and other fields of research. While in many contexts
the term counterfactual involves statements with past antecedents that are as-
sumed to be false in the discourse (e.g.“If Caspar had come, it would have been
a good party” [18]), CFEs in XAI are typically conceived more broadly as any
hypothetical change in feature values that leads to a different outcome, regard-
less of how the CFE might be framed linguistically, or whether the change is a
relevant possibility [11]. In this view, “if you had been two years younger, you
would get the loan” and “when you become two years older, you will get the loan”
are both CFEs, since they involve a hypothetical change in one of the features. It
is on this notion of CFEs that the present study focuses, and, more specifically,
on the actionability of the hypothetical changes in feature values.

2.2 Counterfactuals and explainable AI

There are at least three reasons why CFEs have received significant attention
in relation to explainable artificial intelligence (XAI) and AI-based decision-
making. First, CFEs are contrastive, which is a common feature of human ex-
planations [24]. In other words, CFEs explain why some event X occurs rather
than some other event Y . For example, if a loan application is rejected (X),
a CFE conveys the conditions under which the application would have been
granted (Y ). Secondly, CFEs can in principle be obtained for decisions made

https://github.com/alex-berman/LLM-CFE
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with the help of opaque (black-box) models [36].1 For example, if creditworthi-
ness is assessed with a deep neural network, examples of conditions that would
yield a positive rather than negative prediction in a particular scenario can be
generated without access to the internal workings of the neural network. Finally,
CFEs convey information that is, at least in principle, actionable. For example, if
a customer loan application is rejected and she is informed that credit would be
granted if income was €500 higher, then the customer can use this information,
e.g. to get credit in the future or to contest or negotiate the decision. It is from
this perspective that CFEs are analyzed and discussed in the present study.

In most previous work on counterfactuals for XAI, actionability is not con-
sidered at all [11]. Consequently, many methods for generating CFEs can yield
suggestions that are entirely unactionable. However, one proposed approach is to
manually mark features as either mutable or immutable [26] or more generally to
inject an actionability function [32] or structural causal model [21] into the CFE
generator. Yet another approach that has been presented is to learn actionability
constraints from user feedback [21]. That said, the issue of how to properly sat-
isfy actionability constraints when counterfactually explaining decisions made
on the basis of an algorithm remains largely unsolved. The fundamental reason
is arguably that actionability is inherently causal in nature and therefore can-
not be learned from statistical correlations alone [21,29]. This is also one of the
reasons why it is interesting to study how LLMs, that are trained and used in
an entirely different way than more conventional statistical models, deal with
actionability. However, the only previously proposed LLM-based CFE methods
of which we are aware focus on simulatability (whether explanations enable hu-
mans to predict the model’s output in counterfactual scenarios, [7]) rather than
actionability, or inject a causal graph (e.g. containing actionability constraints)
into the LLM via the prompt [4,10].

2.3 LLMs and reasoning

LLMs have demonstrated an impressive ability to engage in human-like dialogue
and use commonsense reasoning. However, they also have some limitations, and
considerable effort is currently being spent on understanding and characterizing
these limitations. To take a few examples from recent work in this area, [22] cite
three common criticisms against LLMs as models of human language processing:
(1) excessive reliance on statistical regularities, (2) requiring unrealistic amounts
of training data, and (3) insufficient performance in tests using languages other
than English. [9] note that LLMs “... struggle particularly in generating coher-
ent, realistic solutions for problems that require novel but concrete physical
reasoning.” [25] note that LLMs show a lack of robustness on reasoning tasks
involving property inheritance from superordinate conceptual categories (such
as the property can breathe inherited to the concept dog from the superordinate
1 Usually, CFE generation is framed as an optimization problem that maximizes sat-

isfaction of certain predefined desiderata when examining a large number of pertur-
bations of the feature values [11].
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concept animal). [14] show that LLMs establish a new state of the art on causal
reasoning tasks but also that they display unpredictable behavior and a lack of
robustness.

To the best of our knowledge, the only previous work that explicitly in-
vestigates LLMs from the perspective of counterfactual reasoning is [12] who
study GPT’s performance on causal reasoning tasks and report accuracies rang-
ing from random to moderate for counterfactual queries (corresponding to the
highest rung of [30]’s ladder of causation). However, this study addresses formal
causal inference problems that do not take actionability into account.

2.4 The current study

As shown above, counterfactual explanations in general and their relation to
actionability have been discussed in previous literature, as well as reasoning
capabilities of LLMs. However, as far as we can tell, no previous work has studied
LLMs and counterfactuals from the perspective of actionability, which is the
focus of our study.

3 Method

We assess actionability of GPT’s CFEs by designing a prompt that stimulates
CFE generation, embedding a decision-making algorithm into GPT’s prompt,
collecting responses from GPT for simulated user inputs, and analyze the col-
lected data. The analysis is done in two steps. First, responses are annotated with
respect to tense and content. Then, alignment with human notions of actionabil-
ity is measured by applying ground-truth criteria to the annotation labels.

We focus on credit assessment as a domain for the experiments. However,
the method as such can be applied to any domain of choice.

3.1 Prompt design

For the purposes of the study, we want the prompt to stimulate generation of
CFEs (when appropriate), without explicitly containing any instructions about
the relevance criteria that GPT should use. For example, the prompt should not
instruct GPT to avoid unactionable recommendations such as getting younger.
The main motivation for omitting such instructions is that we want to study
GPT as a general-purpose AI that does not need to be told about basic facts
about how the world works; arguably, this is one of the promises of GPT and
similar technologies. To this end, the experiment is also set up as a zero-shot
task, without providing GPT with any example interactions.

To find a prompt that stimulates generation of CFEs, we manually design
candidate prompts and use trial and error until a suitable prompt has been
found. The following prompt was found in this manner and subsequently used
in the experiments:
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You are a chatbot deployed by a bank to help customers
get c r e d i t from the bank .

Credit i s granted i f the f o l l ow i ng cond i t i on
concern ing the app l i can t i s met :

<Algorithm>

I f the customer i s cu r r en t l y not e l i g i b l e , but the
customer could p o t e n t i a l l y become e l i g i b l e through a
change in c i rcumstances , you communicate what such a
change in c i r cumstances would look l i k e .

3.2 Data collection

For each experiment, a decision-making algorithm is designed in a way that
makes it possible to study a specific aspect of CFE generation. A template for
user input is then authored, together with a set of ranges for feature values. For
each combination of feature values, GPT’s response is then collected from Ope-
nAI’s API using chat completion. During both prompt design and experiments,
we use default parameters except for temperature and seed which are both set
to 0 in order to make GPT’s behavior more deterministic and the experiments
more reproducible.

3.3 Annotation

Given a user input and the response from GPT, annotators are asked to highlight
potential spans in the response that contain a CFE and to label presence/type
of CFE (0=no CFE, 1=CFE in present/future tense, or 2=CFE in past
tense) as well as content. If type is 1 or 2, content is labeled as a value of
0 or 1 for each factor referred to in the embedded algorithm (e.g. age and/or
income), where the label indicates whether the factor is involved in the CFE.
Annotators may also add comments, e.g. regarding ambiguities/uncertainties.
To reduce priming effects, instances are shown in random order and information
about prompt and model version are hidden. An example annotation is provided
in table 1; the annotation guide is included in Appendix A.

A main annotator (one of the authors, henceforth referred to as A) annotates
all collected data. In addition, some data is annotated by 1-2 additional individ-
uals (chosen from a pool of two authors or a colleague, henceforth referred to as
B-D).

3.4 Measuring alignment with human notions of actionability

Ground truth is defined as experiment-specific criteria in the form of alignment
functions that, given a feature vector and label assignments, return an instance-
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User input I would like to know if I’m eligible for credit. I’m 45 years old.
GPT’s response I’m sorry, but based on the age requirement for credit eligibil-

ity, you are currently not eligible. However, if your age changes
to be between 30 and 40, you would become eligible for credit.

Annotation for type 1
Annotation for age 1

Table 1. Example of an annotation from experiment 2 (monotonicity). The user input
and the LLM’s (in this case GPT 3.5) response are presented to the annotator. type=1
means that the annotator has labeled the CFE as present/future tense. age=1
means that the annotator has labeled that the CFE involves age.

level alignment value (0 or 1). For example, an alignment function can express
that a response is misaligned if the value for the feature age is above the eligibility
threshold (i.e. the individual is too old to get credit) and the response has been
labeled as a CFE in present/future tense involving age (i.e. the response mentions
the possibility for age to reach the eligible range).

The experimental results below report alignment values as a per-annotator
ratio (essentially an accuracy metric) between the number of aligned instances
and the total number of instances. For example, an alignment ratio of 0.9 indi-
cates that 90% of the annotated instances were deemed to be aligned with human
notions of actionability. (Detailed annotation results are included in Appendix
B.)

4 Initial experiments

In a first suite of experiments, we study whether GPT treats certain features as
mutable/immutable (i.e. whether their value can change), monotonic (i.e.
whether their value can only change in one direction) and causally dependent
(i.e. how changing the value of one feature affects the value of another feature).

4.1 Experiment 1: Mutability

To assess the extent to which GPT treats some features as mutable/immutable,
we conduct an experiment where the outcome of the algorithm depends on
the applicant’s country of birth. The following algorithm is embedded into the
prompt:

country_of_birth = uni ted_states

The user input describes an applicant with another country of birth than the
required one, and is generated using the following template:2

2 The notation (x1|x2|...|xn) means "either x1, x2, ... or xn".
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I would l i k e to know i f I ’m e l i g i b l e f o r c r e d i t . I was
born in
( France | Canada | Venezuela | Tanzania | Japan | Aus t ra l i a ) .

When we assess alignment with human notions of actionability, we assume the
following ground truth: A person’s country of birth cannot change.3 Hence,
a response is considered to be aligned if it does not contain a CFE in present/-
future tense involving age.

Results As an initial observation, we note that in all instances, both versions of
GPT begin their responses by correctly reporting that the user is ineligible, with
phrases such as “I’m sorry, but based on the information you’ve provided, you are
currently not eligible for credit from our bank” (GPT 3.5). Furthermore, factual
explanations are often included in the responses, e.g.: “Based on the eligibility
criterion provided, being born in the United States is a requirement to qualify for
credit from the bank. Since you were born in France, you currently do not meet
this specific condition.” (GPT 4) However, since our analysis focuses entirely
on counterfactual explanations (CFEs), we ignore other aspects of the collected
data and exclude non-CFE content from examples presented below.

As reflected in the alignment ratios (see table 2), both versions of GPT are
generally aligned with human notions of actionability. GPT gives actionable
solutions (e.g. becoming a citizen of the United States, getting a stable income)
and does not suggest impossible actions such as changing one’s country of birth
(see table 3 for complete examples). In fact, in some cases, GPT 4 explicitly states
that “one’s country of birth cannot be changed”. The only potential exception
to this pattern is a linguistically ambiguous response from GPT 3.5 which is
annotated differently by the two raters (see section 6).

GPT 3.5 GPT 4
A B A B

Ineligible country of birth 6/6=1.0 5/6=0.83 6/6=1.0 6/6=1.0
Total 6/6=1.0 5/6=0.83 6/6=1.0 6/6=1.0

Table 2. Alignment ratios for experiment 1 (mutability), grouped by annotator.

3 Some readers may object that in certain senses a person’s birthplace can change,
e.g. by finding a birth certificate and learning that the person was not born where
it was previously thought. However, when we ask follow-up questions to GPT (see
section 5.3), it presents no such justifications for CFEs that we deem as misaligned,
and instead retracts them.
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User: I would like to know if I’m eligible for credit. I was born in Japan.

GPT 3.5: (...) If your circumstances change and you become a citizen of the United
States or meet other eligibility criteria, you may become eligible for credit in the
future.

User: I would like to know if I’m eligible for credit. I was born in Australia.

GPT 4: (...) To potentially become eligible for credit under the current criterion, a
change in circumstances would not be applicable as one’s country of birth cannot be
changed. (...)

Table 3. Examples of dialogues collected through experiment 1 (mutability), with
country of birth as the only feature considered by the algorithm. Note that for system
responses, only CFE spans are included.

4.2 Experiment 2: Monotonicity

To assess the extent to which GPT treats some features as monotonic, we conduct
an experiment where the output from the algorithm depends on the applicant’s
age being in a certain range. By stimulating GPT to generate CFEs for age values
outside the range, we can study the extent to which GPT treats age as something
that can increase and/or decrease. The following algorithm is embedded into the
prompt:

30 <= age <= 40

The following template for user input is used:

I would l i k e to know i f I ’m e l i g i b l e f o r c r e d i t . ( I ’m
<X> years o ld | I turn <X> next month | I turned <X>
l a s t month) .

where X is an integer in the range [25, 29] or in the range [41, 45].
When we assess alignment with human notions of actionability, we assume the

following ground truth: A person’s age can increase but not decrease. We
also assume that humans provide a CFE if an actionable recourse (e.g. waiting
until age reaches 30) is available.

Results As illustrated by table 4, GPT 3.5 is misaligned in half of the instances
while GPT 4 is perfectly aligned. Specifically, when age is too low, GPT con-
sistently mentions the possibility to become eligible, as one might expect. For
example, GPT refers to the possibility of waiting, or informs the applicant about
becoming eligible once they have reached the age of 30 (see table 5 for complete
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examples). However, GPT 3.5 also consistently mentions the possibility to be-
come eligible when age is too high. For example, when the user is 43, GPT 3.5
responds that “if there are any changes in your circumstances that bring your
age within the eligible range of 30 to 40, such as a younger co-applicant or a
change in your birthdate, you could potentially become eligible.” In other words,
GPT 3.5 treats age as a property that can change in both directions.

GPT 3.5 GPT 4
A D A D

Age too low 15/15=1.0 15/15=1.0 15/15=1.0 15/15=1.0
Age too high 0/15=0.0 0/15=0.0 15/15=1.0 15/15=1.0
Total 15/30=0.5 15/30=0.5 30/30=1.0 30/30=1.0

Table 4. Alignment ratios for experiment 2 (monotonicity).

Age too low

User: I would like to know if I’m eligible for credit. I’m 29 years old.

GPT 3.5: (...) you will become eligible once you reach the age of 30.

Age too high

User: I would like to know if I’m eligible for credit. I’m 44 years old.

GPT 3.5: (...) if your age changes to be within the range of 30 to 40, you would
become eligible for credit.

User: I would like to know if I’m eligible for credit. I turn 42 next month.

GPT 4: (...) To become eligible based on age, you would have needed to apply
before exceeding the maximum age limit of 40. (...)

User: I would like to know if I’m eligible for credit. I turn 43 next month.

GPT 4: (...) Unfortunately, age is not a factor that can be changed to meet
eligibility criteria. (...)

Table 5. Examples of dialogues collected through experiment 2 (monotonicity).

4.3 Experiment 3: Causal dependencies

To study the extent to which GPT takes causal dependencies between variables
into account, we design a scenario where eligibility hinges on not having reached
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a certain age and on having been a resident for a sufficient period of time. This
makes it possible to study the extent to which GPT considers age and duration
of residence to be causally related. The following algorithm is used:

age <= 65 and years_of_res idence >= 3

We focus on cases where the age criterion is met but duration of residence is too
short. Specifically, we investigate two kinds of cases:

– Sufficient time. The applicant can become eligible after a certain amount
of waiting. In terms of feature values, the distance to the age boundary is
larger than the distance to the duration boundary. For example, if age=61
and duration=1, the applicant can become eligible by waiting two years.

– Insufficient time. The applicant cannot become eligible by waiting. In
terms of feature values, the distance to the age boundary is smaller than
the distance to the duration boundary.For example, if age=64 and dura-
tion=1, the applicant can not become eligible by waiting two years, due to
the increase in age.

The following input template is used:

I would l i k e to know i f I ’m e l i g i b l e f o r c r e d i t . I am
<X> years o ld . I have been a r e s i d en t f o r (1 month | 1
year | 2 years ) .

where X is an integer in the range [61, 65].
When we assess alignment with human notions of actionability, we assume

the following ground truth: If a person’s duration of residence is increased,
the person’s age increases by the same amount of time. We also assume
that when time is sufficient, a human would communicate a CFE that involves
duration of residence (as in “you will become eligible when your duration of
residence reaches 3 years”).

Results As illustrated by table 6, alignment is perfect when time is sufficient,
and completely lacking when time is insufficient. Specifically, both versions of
GPT consistently refer to the possibility to become eligible by increasing the
duration of residence, regardless of whether time is in fact sufficient when the
increase in age is taken into account. In several cases, GPT does not mention
age at all in its CFEs, behaving as if the factors were entirely independent of
each other. This occurs for both versions in both kinds of situations (sufficient
and insufficient time). For example, when age is 65 and duration of residence is
1 month, GPT 4 responds: “To potentially become eligible for credit, you would
need to continue your residency until you have reached the 3-year minimum”,
without mentioning the age criterion at all.

However, in other scenarios both versions of GPT qualify their CFEs with
phrases such as “...as long as you are still under 65 years old" or “assuming ...
you are still under the age of 65 at that time", indicating an awareness of a
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causal dependency, but without communicating its implications for the specific
situation at hand. There are also cases where GPT 4 does communicate a con-
crete causal implication, e.g.: “Since you are 61 years old, you will still be under
the age limit of 65 by the time you meet the residency requirement”. In some
of these cases, the conclusion is valid, while in others, the user would actually
have become more than 65 years old once the residence criterion is fulfilled. In-
terestingly, false conclusions are produced even when GPT explicitly spells out
the numerical circumstances: “you could potentially become eligible for credit if
you continue to reside for an additional 2 years (...) Since you are 64 years old,
you will still be under the age limit of 65 by the time you meet the residency
requirement”. (See table 7 for complete examples.)

GPT 3.5 GPT 4
A C A C

Sufficient time 6/6=1.0 3/3=1.0 6/6=1.0 0/0
Insufficient time 0/6=0.0 0/1=0.0 0/6=0.0 0/2=0.0
Total 6/12=0.5 3/4=0.75 6/12=0.5 0/2=0.0

Table 6. Alignment ratios for experiment 3 (causal dependencies), grouped by anno-
tator.

Sufficient time

User: I would like to know if I’m eligible for credit. I am 61 years old. I have been a
resident for 1 year.

GPT 4: (...) you could potentially become eligible for credit in the future if you
continue to reside in your current location for at least 2 more years, which would
satisfy the years of residence requirement. Since you are 61 years old, you will still
be under the age limit of 65 by that time.

Insufficient time

User: I would like to know if I’m eligible for credit. I am 63 years old. I have been a
resident for 1 month.

GPT 3.5: (...) To become eligible, you would need to have at least 3 years of
residence. Once you meet this requirement, you would be eligible for credit as long
as you are still under 65 years old.

Table 7. Examples of dialogues collected through experiment 3 (causal dependencies).
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5 Follow-up experiments

As revealed by the results in section 4, GPT sometimes mentions possible re-
courses that seem to contradict human notions of actionability. For example,
GPT 3.5 behaves as if age can decrease, and both versions of GPT sometimes
behave as if duration of residence can be increased without becoming older.

The perhaps most evident explanation for the observed misalignments is that
GPT’s notion of actionability (as encoded, somehow, in the model’s parameters)
indeed differ from human notions, at least in some respects. However, at least
three other explanations seem worth investigating further before drawing any
such conclusion. First, it seems conceivable that the instructions as formulated in
the prompt do not unequivocally convey that the changes in circumstances that
GPT communicates should be actionable. When the prompt refers to a “change in
circumstances” through which the “customer could potentially become eligible”,
then in a particular (perhaps infelicitous) reading, “change in circumstances”
could be taken to mean any change that makes the customer eligible, rather
than any actionable change.

Second, misalignments could potentially be explained by some kind of pos-
itivity bias, i.e. a tendency to favor positive/encouraging responses over neg-
ative/discouraging ones. When choosing between generating a CFE or merely
communicating a rejection, a positivity bias may nudge the model towards the
first option, even if this contradicts actionability considerations.

Third, some of GPT’s responses indicate a failure in logical/mathematical
reasoning as the ingredient underpinning unactionable CFEs. Specifically, in
experiment 3 (section 4.3), GPT sometimes demonstrates awareness of a causal
dependency between the two variables, but in some cases does not seem able
to reason correctly about how the dependency pans out. Previous work has
demonstrated that LLM’s improvements on reasoning tasks can be significantly
improved by prompting the model to “reason in steps” [16,27] and that LLMs
can detect inconsistencies in their own outputs [1], suggesting that failures in
reasoning are partly a language generation problem related to how the task is
framed, rather than an inherent inability of the model.

Follow-up experiments for testing all of these three hypotheses are presented
below.

5.1 Hypothesis 1: Too implicit actionability cue in prompt

To test whether a more explicit actionability cue in the prompt affects GPT’s
behavior, we modify the initial prompt (see section 3.1) by replacing “what such
a change in circumstances would look like” with “what the customer would need
to do to get credit” (for the full prompt, see Appendix C).

Results As seen in table 8, a negative effect on alignment is indicated for one
of the annotators for experiment 1 (mutability). However, a more detailed look
at the instances at hand reveal that the inter-annotator disagreements in these
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cases are of a similar kind as the one observed with the original prompt, namely
a linguistically ambiguous response.

As for experiment 2 (see table 9), improvements in alignment can be observed
in cases when age is too high. While with the original prompt, the model con-
sistently mentions the possibility of becoming eligible through a change in age,
with the alternative prompt this no longer occurs in around 1/3 of the cases.4
Specifically, in 3 cases when age is too high, GPT 3.5 mentions other possibilities
of becoming eligible (applying with a co-signer, improving credit score, other fi-
nancial products or services); in one case, GPT 3.5 seems to imply that other
possibilities could make the user eligible (“If you have any plans to change your
circumstances, such as applying with a co-signer or improving your credit score,
please let me know and I can provide further assistance”), and in one case it
refrains from making any specific suggestions (“if there are any changes in your
circumstances that could make you eligible, please let me know and I can pro-
vide guidance on what you would need to do to become eligible”). Importantly,
however, in a majority of cases when age is too high, GPT 3.5 still mentions
possibilities involving a change in age. For example, when the user turns 42 next
month, GPT 3.5 responds: “If you would like to become eligible, you would need
to wait until you are between the ages of 30 and 40.” In other words, the propen-
sity of GPT 3.5 to treat age as a property that can change in both directions
remains, but is somewhat less pronounced with the alternative prompt.

As for experiment 3 (see table 10), no differences can be observed in rela-
tion to the original prompt. To conclude, hypothesis 1 can potentially explain
some observed instances of misalignment between GPT’s and human notions of
actionability, but only for one aspect of actionability (monotonicity).

GPT 3.5 GPT 4
A B A B

Ineligible country of birth 6/6=1.0 3/6=0.5 6/6=1.0 5/6=0.83
Total 6/6=1.0 3/6=0.5 6/6=1.0 5/6=0.83

Table 8. Alignment ratios for experiment 1 (mutability) with the alternative prompt.

5.2 Hypothesis 2: Positivity bias

To test whether GPT’s responses are shaped by an inclination to favor positive
responses, we modify the embedded algorithms by adding a disjunction involving
an additional factor with a condition that is currently unmet but that can rela-
tively straightforwardly become fulfilled. Specifically, we add
or monthly_income >= 2000 and state in user input that income is €1800 per
4 Annotator D’s ratings may seem to contradict this pattern, but may rather be a

result of interpreting the annotation scheme in an unintended way (see section 6).
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GPT 3.5 GPT 4
A C D A C D

Age too low 15/15=1.0 3/3=1.0 2/2=1.0 15/15=1.0 4/4=1.0 4/4=1.0
Age too high 5/15=0.33 1/3=0.33 2/2=1.0 15/15=1.0 2/2=1.0 4/4=1.0
Total 20/30=0.67 4/6=0.67 4/4=1.0 30/30=1.0 6/6=1.0 8/8=1.0

Table 9. Alignment ratios for experiment 2 (monotonicity) with the alternative
prompt.

GPT 3.5 GPT 4
A C A C

Sufficient time 6/6=1.0 1/1=1.0 6/6=1.0 2/2=1.0
Insufficient time 0/6=0.0 0/1=0.0 0/6=0.0 0/0
Total 6/12=0.5 1/2=0.5 6/12=0.5 2/2=1.0

Table 10. Alignment ratios for experiment 3 (causal dependencies) with the alternative
prompt.

month (see Appendix D). Consequently, a CFE that focuses on an increase in
income can always be selected, potentially without mentioning any other factor.
To the extent that GPT deemed for the unmodified algorithms that it some-
times had to choose between a constructive but unactionable suggestion and no
constructive suggestion at all, with the modified algorithm it always has a “back-
door” through which a positive route can be taken. In other words, if positivity
bias accounts for some misalignments between GPT’s and human notions of
actionability, the “backdoor” option should reduce the amount of misalignments.

Results GPT consistently mentions the ability to become eligible through a
change in income (see Appendix D for annotation results). However, GPT con-
tinues to mention other factors as well, frequently causing misalignments to
persist.

For experiment 1 (mutability), a slight decrease in alignment can be observed
for GPT 3.5 (see table 11) compared to the experiment without a backdoor.
Specifically, in one case GPT 3.5 implies that country of birth is mutable: “you
could potentially become eligible if your monthly income increases to at least
€2000 or if you were born in the United States. If any of these circumstances
change, please feel free to reach out to us again.” (Country of birth is mentioned
once by GPT 4 as well, but not in a way that suggests that it is mutable: “you
could potentially become eligible for credit if your circumstances change in one
of the following ways: (...) If you become a naturalized citizen of the United
States, assuming the bank’s policy equates naturalization with being born in
the United States for the purpose of credit eligibility.”)
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In experiment 2 (monotonicity), the backdoor option seems to have a positive
effect on alignment (see table 12). When age is too high, GPT 3.5 still mentions
a potential change in age in 6 of 15 cases, while in the remaining 9 cases, it
only mentions a potential change in income. In some of the cases when age is
mentioned, GPT 3.5 conveys the algorithm inaccurately: “if you were to apply
before your 44th birthday, you would also meet the age requirement”.

When it comes to experiment 3 (causal dependencies), no differences can
be observed in relation to the initial version of the experiment. Specifically, the
backdoor option completely removes any mention of age, but changes in duration
of residence are still mentioned by both models. Overall, the pattern from the
original version of the experiment persists: Both models of GPT consistently
mention the possibility of residing for a longer duration of time in order to
become eligible, regardless of whether this is causally compatible with the user’s
age.

In summary, the results suggest that a positivity bias may explain some
instances of misalignments with human notions of actionability, but only partially
for one of the studied aspects (monotonicity).

GPT 3.5 GPT 4
A A

Ineligible country of birth 5/6=0.83 6/6=1.0
Total 5/6=0.83 6/6=1.0

Table 11. Alignment ratios for the backdoor variant of experiment 1 (mutability).

GPT 3.5 GPT 4
A A

Age too low 15/15=1.0 15/15=1.0
Age too high 9/15=0.6 15/15=1.0
Total 24/30=0.8 30/30=1.0

Table 12. Alignment ratios for the backdoor variant of experiment 2 (monotonicity).

5.3 Hypothesis 3: Generation problem

To assess the extent to which misalignments with human notions of actionabil-
ity are due to issues pertaining to language generation rather than inherent
capabilities of the model, several different kinds of follow-up experiments can
be conceived. Here we take a more conversational approach and ask Socratic
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GPT 3.5 GPT 4
A D A D

Sufficient time 6/6=1.0 2/2=1.0 6/6=1.0 1/1=1.0
Insufficient time 0/6=0.0 0/1=0.0 0/6=0.0 0/1=0.0
Total 6/12=0.5 2/3=0.67 6/12=0.5 1/2=0.5

Table 13. Alignment ratios for the backdoor variant of experiment 3 (causal depen-
dencies).

follow-up questions to GPT to give it the opportunity to detect inconsistencies
or errors in its own output. Specifically, we use a form of elenchus [23], where
questions are intended to challenge the model’s reasoning. The purpose of our
variant of the Socratic method is to examine whether neutrally asked follow-up
questions (i.e. questions that do not explicitly guide the model in a particular
direction) cause GPT to revise its own answer.

We frame our Socratic method as an elenchus game, played by an ex-
perimenter with the goal of testing whether GPT revises its initial standpoint
when faced with questions that challenge its claims, arguments or reasoning. The
experimenter acts as a user in the credit application domain and resumes the
dialogue with the system after the initial input-response exchange. (For more
details about the game, see Appendix E.)

Since the elenchus game is costly in terms of work-time and effort, it is only
played by one experimenter (annotator A) for a subset of the input-response
pairs collected in the initial experiments. Specifically, one input-response pair is
randomly sampled for each annotation category (combination of model and CFE
variant, as labeled by annotator A), amounting to a total of 16 games. Once the
games have been played, the same annotator labels each collected dialogue in
the same way as initial responses (i.e. in terms of CFE type and content) but
with respect to GPT’s standpoint after elenchus questioning.

Results As conveyed by tables 14-16, alignment after elenchus questioning is
perfect across experiments and models. Specifically, in all instances where GPT’s
initial response was aligned with human notions of actionability, GPT maintains
its initial standpoint when faced with elenchus questions. (For detailed annota-
tions, see Appendix E.) For example, in experiment 3 (causal dependencies),
when age is 62 and duration of residence is 2 years, GPT 3.5 initially responds
that the user will be eligible if she/he becomes a resident for at least 3 years.
When faced with the elenchus question “So if I become a resident for at least
3 years, I will be eligible?”, GPT 3.5 replies: “Yes, if you become a resident for
at least 3 years, you would meet the residence requirement and become eligible
for credit, given that you are currently 62 years old.” (For complete dialogue
examples, see tables 17-18.)
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More interestingly, in each instance where GPT’s initial response was mis-
aligned with human notions of actionability, GPT revises its initial standpoint
when faced with elenchus questions. For example, in the same experiment, when
age is 65 and duration of residence is 2 years, GPT 3.5 initially responds that
the user will be eligible if she/he becomes a resident for at least 3 years. When
faced with the elenchus question “Will I still be under 65 years old at that time?”,
GPT 3.5 replies: “No, you will not be under 65 years old at that time. Therefore,
you will not be eligible for credit based on the age requirement.”

It is also worth noting that merely echoing GPT’s initial conclusion back to
it as a confirmation question can cause the model to highlight a dependency that
it initially did not mention. For example, when age is 65 and residence is 2 years,
GPT 3.5 initially responds: “if you become a resident for at least 3 years, you
would meet the residence requirement and be eligible for credit”, but does not
mention age. However, when faced with the elenchus question “So if I become
a resident for at least 3 years I will be eligible?”, GPT affirms with “Yes” and
then adds “provided you are still under 65 years old at that time” (although
yet another round of elenchus is required before GPT revises its conclusion). In
other words, in instances where GPT seems not to consider a causal dependency
at all (judging from its initial response), a basic confirmation question without
any additional cues can trigger GPT to attend to the causal dependency.

GPT 3.5 GPT 4
A A

Ineligible country of birth 1/1=1.0 2/2=1.0
Total 1/1=1.0 2/2=1.0

Table 14. Alignment ratios for experiment 1 (mutability) after elenchus questioning.

GPT 3.5 GPT 4
A A

Age too low 1/1=1.0 1/1=1.0
Age too high 1/1=1.0 2/2=1.0
Total 2/2=1.0 3/3=1.0

Table 15. Alignment ratios for experiment 2 (monotonicity) after elenchus questioning.

6 Validity

Agreement for the raw annotations (i.e. annotations of CFE type and factor
involvement) range from perfect in most cases, to none in other cases. Some of the



Counterfactual LLMs 19

GPT 3.5 GPT 4
A A

Sufficient time 2/2=1.0 2/2=1.0
Insufficient time 2/2=1.0 2/2=1.0
Total 4/4=1.0 4/4=1.0

Table 16. Alignment ratios for experiment 3 (causal dependencies) after elenchus
questioning.

User: I would like to know if I’m eligible for credit. I am 62 years old. I have been a
resident for 2 years.

GPT: I’m sorry, but based on the criteria for credit eligibility, you are currently not
eligible. However, if you become a resident for at least 3 years, you would meet the
residence requirement and become eligible for credit.

User: So if I become a resident for at least 3 years, I will be eligible?

GPT: Yes, if you become a resident for at least 3 years, you would meet the
residence requirement and become eligible for credit, given that you are currently 62
years old.

User: How old will I be if I become a resident for at least 3 years?

GPT: If you become a resident for at least 3 years, you will be 65 years old. At that
point, you would meet the age requirement and the residence requirement, making
you eligible for credit.

Table 17. Example of dialogue where GPT 3.5 maintains its initial standpoint when
faced with elenchus questions.

poor agreement reflects redundancy in the annotation scheme and has no impact
on agreement concerning alignment with human notions of actionability. For
example, responses that only mention extraneous factors were rated by annotator
A as CFE in present/future tense and by B as no CFE. The disagreement
seems to be caused by different interpretations of counterfactuality that have no
bearing on the assessed degree of alignment.

As can be observed in table 19, agreement for alignment is in many cases per-
fect, with a relatively small amount of disagreements. An analysis reveals that
the disagreements fall into two categories: linguistically ambiguous responses
from GPT and different interpretations of the annotation instructions. The for-
mer category pertains to disagreements between A and B regarding the following
responses from GPT 3.5:
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User: I would like to know if I’m eligible for credit. I am 65 years old. I have been a
resident for 2 years.

GPT: I’m sorry, but based on the criteria for credit eligibility, you are currently not
eligible. However, if you become a resident for at least 3 years, you would meet the
residence requirement and be eligible for credit.

User: So if I become a resident for at least 3 years I will be eligible?

GPT: Yes, if you become a resident for at least 3 years, you would meet the
residence requirement and be eligible for credit, provided you are still under 65 years
old at that time.

User: Will I still be under 65 years old at that time?

GPT: No, you will not be under 65 years old at that time. Therefore, you will not
be eligible for credit based on the age requirement.

User: So if I become a resident for at least 3 years, will I be eligible?

GPT: I’m sorry, but based on the criteria for credit eligibility, you are currently not
eligible. This is because you are already 65 years old, and becoming a resident for at
least 3 years will not change that.

Table 18. Example of dialogue where GPT 3.5 revises its initial standpoint when
faced with elenchus questions.

1. “if you are interested in becoming eligible for credit, you would need to meet
the bank’s requirement of being born in the United States. Since the country
of birth is a fixed criterion that cannot be changed, you may want to inquire
if the bank has any other credit products...” (1 instance)

2. “(to become eligible) you would need to have been born in the United States.
If your circumstances change and you become a citizen of the United States
...” (4 instances)

Example 1 is ambiguous in the sense that the first sentence might imply
that being born in the U.S. is a circumstance that can be changed, even if this
implication is contradicted by the second sentence. Example 2 is ambiguous
in terms of tense and modality: It is unclear whether “having been born” is a
circumstance that could potentially change (as in “you would need to have a
higher income”), or whether it cannot change since it belongs to the past.

The second category of disagreements (between A and D) pertains to 2 in-
stances where where age is too high and GPT 3.5 mentions the possibility to
wait until age is in the eligible range. Annotator D has labeled them as CFE in
past tense (but commented that the cases are questionable and “not exactly in
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the past tense”), presumably because the change implied by the response would
require going backwards in time (assuming a human notion of actionability).

Taken together, the observed disagreements indicate some challenges associ-
ated with annotating and assessing actionability in terms of grammatical tense.
Nevertheless, since the overall degree of agreement is very high, the results can
be considered to be reliable.

Until this point, the discussion regarding validity has focused on experiments
where collected data has been labeled by at least two annotators. In the case of
elenchus questioning (section 5.3), dialogues have been collected and labeled by
a single annotator. Furthermore, the validity of the results depend on the extent
to which elenchus questions are formulated neutrally, i.e. in ways that do not
guide GPT in a particular (e.g. more aligned) direction. The strikingly positive
observed effects of elenchus questioning in this study may raise the suspicion
that the employed elenchus questions were not entirely neutral. However, since
the amount of data is small and is made publicly available, the reliability of the
results can be transparently scrutinized.

B C D
Experiment NAL N κ NAL N κ NAL N κ

1 (initial) 11 12 0.0
2 (initial) 60 60 1.0
3 (initial) 6 6 1.0
1 (alternative prompt) 8 12 0.0
2 (alternative prompt) 12 12 1.0 10 12 0.0
3 (alternative prompt) 4 4 1.0
3 (with backdoor) 5 5 1.0

Table 19. Inter-rater reliability for alignment values, reported with agreement metrics
for comparisons with annotator A. NAL denotes number of aligned instances, N number
of instances and κ Cohen’s kappa. For example, for experiment 1, annotators A and B
agreed in 11 out of 12 instances, with κ = 0.0.

7 Discussion and Conclusions

The present study has collected and assessed counterfactual explanations gen-
erated by GPT 3.5 and GPT 4 in terms of how well they align with basic
actionability notions such as not being able to modify past events. The results
indicate that the degree of alignment differs across model versions and action-
ability aspects. In one studied aspect (immutability of birthplace), both versions
of GPT are well-aligned; in another aspect (monotonicity of age), only GPT 4
is aligned; in a third aspect (causal dependency between age and duration of
residence), both versions are generally misaligned.
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This experimental set-up involves several limitations which should be ad-
dressed in future work, particularly with regards to the models queried and the
chosen scenario. More systematic experiments are needed to see how or whether
the issues we illustrate are present in different domains and contexts of use, or
if, as is plausible, different discrepancies are present in different scenarios (e.g.
medical explanations of test results etc). It is also probable that there are differ-
ences in performance in different LLM architectures, though ChatGPT remains
a good testbed since it has so rapidly become relied on by so many users.5

Nevertheless, the discrepancies between model behaviour and elementary
commonsense knowledge we observed may seem unexpected or even comical,
especially when considering the enormous amounts of data on which these mod-
els have been trained and the impressive performance results that they have
achieved on tasks that appear to be much more complex. How can a model that
has read hundreds of billion words of human-written text suggest to a 42-year-old
customer to wait until she gets between 30 and 40? How can a system that scores
in the 90th percentile of the bar exam for lawyers tell a 64-year-old customer
that she will be under the age of 65 if she continues to reside for an additional
2 years?

To resolve this seeming paradox, we have proposed and examined three hy-
potheses for the observed misalignments: too implicit actionability cues in the
instructions provided to the model via the prompt, a bias favoring positive re-
sponses over negative ones, and reasoning failures associated with language gen-
eration problems. The results of these follow-up experiments indicate that the
first two hypotheses have limited bearing, while the third hypothesis (a problem
in language generation) accounts for all observed instances of misalignments.

A possible conclusion is that GPT’s notions of actionability are human-
aligned (at least in the aspects examined in this study), even if its responses
sometimes indicate otherwise. In light of our own experiments as well as some
previous work on LLMs and reasoning [16,27,1], it seems tenable that LLMs
sometimes fail or under-perform as a consequence of explicitly or implicitly re-
stricting the amount of tokens that they produce when responding to a specific
query. Current transformer-based LLMs operate on a strictly feedforward basis,
without maintaining an internal state across invocations [34]. For example, if an
LLM is tasked to produce a single token in a response to a multiple choice ques-
tion, it will perform the task in a single feedforward pass from input to output.
In contrast, when the LLM is given the opportunity to reason iteratively in a way
where its own output is fed back to the model as new input, the input-output
loop constitutes a kind of working memory or “scratchpad”. This mechanism
vastly expands the scope of possible computations that the model can perform
to solve the task, both quantitatively (in terms of number of feedforward passes)
and qualitatively (in terms of the kinds of computation that can be performed).
In other words, an extended ability to use the input-output feedback mechanism
can potentially facilitate reasoning, perhaps analogous to a phonological loop
5 Unsystematic prompting of a number of more recent models such as DeepSeek in

May 2025 suggests that the issues we identified persist.
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[2] or extended mind [8]. Hence, a possible explanation for why model outputs
sometimes appear bizarre or nonsensical is that a feedback mechanism of this
kind is not sufficiently leveraged.

Although GPT is not explicitly constrained in our experiments, e.g. in terms
of the number of tokens it may produce, the positive effects of elenchus follow-up
questions (see section 5.3) could nevertheless be explained, at least in part, by
the extended possibility to “reason in words” that they give rise to. Specifically,
through the additional feedforward passes, GPT detects fallacies in its previous
output; in one case, GPT 3.5 explicitly apologizes “for the confusion earlier”,
even if no fallacies were pointed out by the user. Given that the Socratic ques-
tions lack cues regarding what the “correct” reasoning would be, the benefits of
answering the questions cannot be explained by externally administered “cor-
rections”. However, since our elenchus questions purposely challenge aspects of
GPT’s output that are of interest to the study at hand (see Appendix E), some
degree of guidance is externally imposed. In future work it would be interesting
to study the effects of generic self-reflection triggers such as “Look at your answer
and see if it can be improved in any way” as a means to isolate the contributions
of expanded working memory versus external reasoning guidance.

It should be emphasized that although elenchus questioning drastically im-
proves alignment with human notions of actionability in our experiments, the
method is manually administered (in our case by one of the authors) and is
therefore not applicable as a performance improvement technique for automated
LLM-based systems. However, in principle the “elenchus game” could be mech-
anized, e.g. by letting one and the same LLM (or two different LLMs) play the
role of both respondent and interlocutor (cf. [20]). This could also be theoreti-
cally interesting as a possible model of intrapersonal communication in humans
[35,6]. From this perspective, one possible explanation for why people generally
do not suggest age reversal as a tenable recourse is not that such ideas never pop
up in their minds, but rather that such ideas, when they do pop up, are detected
as nonsensical and filtered out before they are verbalized, as part of a (poten-
tially unconscious) inner monologue involving both constructive/generative and
reflective/critical processes.

A possible alternative to Socratic question is chain-of-thought (CoT) prompt-
ing, through which an LLM is instructed to reason in steps. Several variants of
CoT prompting have been proposed in the literature, including few-shot prompt-
ing with examples of correct reasoning steps [37] and zero-shot prompting with
an explicit “think step by step” instruction [16]. However, these approaches are
designed for text completion rather than dialogue. For example, in Kojima et
al.’s ([16]) approach, the input to the LLM consists of a question (“Q: A juggler
can juggle 16 balls. Half of the balls are golf balls, and half of the golf balls
are blue. How many blue golf balls are there?”) followed by the beginning of an
answer (“A: Let’s think step by step.”); the model is then tasked to complete the
answer. How to apply this kind of prompting in a conversational setting remains
an open question that would be interesting to investigate in future work.
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Finally, it should be stressed that the aim of this study is to assess capabilities
and analyze observed behaviors, not to improve performance. If one would like
to maximize an LLM’s degree of alignment with human notions of actionabil-
ity, a simple and practical approach would be to provide actionability criteria
in the prompt – not because the model does not “know” that age cannot de-
crease, but to facilitate desired reasoning patterns by activating concepts that
the model has acquired during training. The theoretically relevant question is
if (and why) LLMs need the kind of explicit instructions that historically were
encoded in classical rule-based AI systems and that people rarely use in social
interaction. For example, a loan official does not need to be taught (or reminded)
that customers’ age cannot decrease. Our results indicate that despite blatant
examples of misalignments, LLMs may not need such instructions. Counterfac-
tually speaking, if LLM-based system had better conditions to regulate their
reasoning processes, they might have behaved more like humans.
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A Annotation guide

This experiment r evo l v e s around coun t e r f a c tua l
exp lanat i ons . General ly , g iven a c l a s s i f i e r and an input , a
c oun t e r f a c tua l exp lanat ion conveys how a change in the
input y i e l d s another c l a s s i f i c a t i o n outcome . The experiment
f o cu s e s on coun t e r f a c tua l exp lanat i ons in the context o f a
text−based i n t e r a c t i o n between a user who i s i n t e r e s t e d in
g e t t i n g
c r e d i t from a bank , and a system that a s s e s s e s the user ’ s
c r ed i two r th i n e s s . S p e c i f i c a l l y , g iven a query from a user ,
the system gene ra t e s a re sponse that may conta in a
coun t e r f a c tua l exp lanat ion conveying the cond i t i on s under
which the user would be e l i g i b l e ra the r than u n e l i g i b l e .

Your task as an annotator i s to i d e n t i f y c oun t e r f a c tua l
exp lanat i ons in system re sponse s and to annotate t h e i r type
and content , as de s c r ibed in more d e t a i l below .

The annotat ion i s done in Excel workbooks . D i f f e r e n t
workbooks may countain d i f f e r e n t s e t s o f f a c t o r s ( age ,
income etc . ) that underpin e l i g i b i l i g i t y . Below are
i n s t r u c t i o n s f o r how to annotate a s i n g l e workbook .

For each row in the ‘ ‘ Annotations ’ ’ worksheet ,
• annotate the presence / type o f c oun t e r f a c tua l explanat ion ,
• h i g h l i g h t the coun t e r f a c tua l exp lanat ion ( i f any ) , and
• annotate the content o f the c oun t e r f a c tua l exp lanat ion
( i f any ) .

Al l o f the se s t ep s are de s c r ibed in more d e t a i l below .

In the column ‘ ‘Type ’ ’ , annotate whether the system ’ s
re sponse conta in s a coun t e r f a c tua l explanat ion , us ing one
o f the f o l l ow i ng va lue s :

• 0 = No coun t e r f a c tua l exp lanat ion .
• 1 = Counter fac tua l exp lanat ion in pre sent or fu tu r e
tense . Example : ‘ ‘ I f your income i n c r e a s e s to €2500 , you
w i l l become e l i g i b l e . ’ ’ Note that the antecedent ( the
‘ ‘ i f ’ ’ part ) may invo lv e changes in c i r cumstances that
r e qu i r e going back in time ; f o r example , ‘ ‘ i f you change
your s i t u a t i o n so that you are 25 years o ld in s t ead o f 30 ’ ’
i s annotated wite type 1 s i n c e ‘ ‘ i f you change your
s i t ua t i on ’ ’ i s in pre sent tense .
• 2 = Counter fac tua l exp lanat ion in past t ense . Example :
‘ ‘ I f you had been two years younger , you would have been
e l i g i b l e . ’ ’ Note that the antecedent may invo lv e changes in

c i r cumstances that are p o s s i b l e to ach ieve in the fu tu r e ;
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f o r example , ‘ ‘ i f you had been one month o lder ’ ’ i s
annotated with type 2 s i n c e ‘ ‘ i f you had ’ ’ i s in past t ense .

I f the system ’ s re sponse conta in s a coun t e r f a c tua l
exp lanat ion ( type 1 or 2) , h i g h l i g h t the part o f the
re sponse that c o n s t i t u t e s the c oun t e r f a c tua l explanat ion ,
e . g . us ing bold or red c o l o r . Example with h i g h l i g h t in
caps : ‘ ‘ Unfortunate ly , you are cu r r en t l y not e l i g i b l e f o r
c r e d i t s i n c e your income i s €1500 . However , IF YOUR INCOME
INCREASES TO €2000 , YOU WILL BE ELIGIBLE . ’ ’

In the columns pe r t a i n i ng to f a c t o r s ( e . g . ‘ ‘ age ’ ’ and
‘ ‘ income ’ ’ ) , annotate with 1 or 0 whether the
coun t e r f a c tua l exp lanat ion i nvo l v e s the f a c t o r at hand . I f
the system response does not conta in any coun t e r f a c tua l
explanat ion , l e ave these columns empty .

Examples :

• I f the system s t a t e s that the user w i l l become e l i g i b l e
when she /he turns 30 , t h i s i s annotated with 1 f o r age and
0 f o r income .
• I f the system s t a t e s that the user can become e l i g i b l e by
wai t ing un t i l she /he turns 30 or by i n c r e a s i n g income , t h i s
i s annotated with 1 f o r both age and income .

Note that i f the c oun t e r f a c tua l exp lanat ion i nvo l v e s other
f a c t o r s than the ones that have columns , then the other
f a c t o r s are ignored during annotat ion . For example , i f
the re are columns f o r age and income but the system only
mentions the p o s s i b i l i t y to reduce debts , then both age and
income are annotated with 0 , and debt reduct i on as a f a c t o r
i s ignored in the annotat ion .

Fee l f r e e to use the ‘ ‘Comments ’ ’ column f o r any add i t i o na l
annotation−r e l a t e d comments that may be re l evant , e . g .
r egard ing amb igu i t i e s / un c e r t a i n t i e s .
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B Initial experiments

GPT 3.5 GPT 4
A B A B

NAL N NAL N NAL N NAL N

Ineligible country of birth
Other way to become eligible 6 6 0 0 5 5 0 0
CFE involving birth 0 0 0 1 0 0 0 0
No CFE 0 0 5 5 1 1 6 6
Total 6 6 5 6 6 6 6 6

Table 20. Annotation and alignment frequencies for experiment 1 (mutability). NAL

denotes number of aligned instances and N number of instances.

GPT 3.5 GPT 4
A D A D

NAL N NAL N NAL N NAL N

Age too low
CFE involving age 15 15 15 15 15 15 15 15
Total 15 15 15 15 15 15 15 15
Age too high
CFE involving age 0 15 0 15 0 0 0 0
CFE in past tense 0 0 0 0 1 1 1 1
No CFE 0 0 0 0 14 14 14 14
Total 0 15 0 15 15 15 15 15

Table 21. Annotation and alignment frequencies for experiment 2 (monotonicity).
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GPT 3.5 GPT 4
A C A C

NAL N NAL N NAL N NAL N

Sufficient time
CFE involving duration 4 4 2 2 3 3 0 0
CFE involving age and duration 2 2 1 1 3 3 0 0
Total 6 6 3 3 6 6 0 0
Insufficient time
CFE involving duration 0 4 0 1 0 1 0 0
CFE involving age and duration 0 2 0 0 0 5 0 2
Total 0 6 0 1 0 6 0 2

Table 22. Annotation and alignment frequencies for experiment 3 (causal dependen-
cies).

C Alternative prompt

You are a chatbot deployed by a bank to help customers
get c r e d i t from the bank .

Credit i s granted i f the f o l l ow i ng cond i t i on
concern ing the app l i can t i s met :

<Algorithm>

I f the customer i s cu r r en t l y not e l i g i b l e , but the
customer could p o t e n t i a l l y become e l i g i b l e through a
change in c i rcumstances , you communicate what the
customer would need to do to get c r e d i t .
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GPT 3.5 GPT 4
A B A B

NAL N NAL N NAL N NAL N

Ineligible country of birth
Other way to become eligible 6 6 0 0 4 4 1 1
CFE involving birth 0 0 0 3 0 0 0 1
No CFE 0 0 3 3 2 2 4 4
Total 6 6 3 6 6 6 5 6

Table 23. Annotation and alignment frequencies for experiment 1 (mutability) with
the alternative prompt.

GPT 3.5 GPT 4
A C D A C D

NAL N NAL N NAL N NAL N NAL N NAL N

Age too low
CFE involving age 15 15 3 3 2 2 15 15 4 4 4 4
Total 15 15 3 3 2 2 15 15 4 4 4 4
Age too high
Other way to become eligible 3 3 1 1 0 0 0 0 0 0 0 0
CFE involving age 0 10 0 2 0 0 0 0 0 0 0 0
CFE in past tense 0 0 0 0 2 2 0 0 0 0 0 0
No CFE 2 2 0 0 0 0 15 15 2 2 4 4
Total 5 15 1 3 2 2 15 15 2 2 4 4

Table 24. Annotation and alignment frequencies for experiment 2 (monotonicity) with
the alternative prompt.

D Backdoor variants

Algorithm for experiment 1 (mutability):

country_of_birth = uni ted_states or monthly_income >=
2000

Algorithm for experiment 2 (monotonicity):

30 <= age <= 40 or monthly_income >= 2000

Algorithm for experiment 3 (causal dependencies):

age <= 65 and ( years_of_res idence >= 3 or
monthly_income >= 2000)
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GPT 3.5 GPT 4
A C A C

NAL N NAL N NAL N NAL N

Sufficient time
CFE involving duration 2 2 1 1 5 5 1 1
CFE involving age and duration 4 4 0 0 1 1 1 1
Total 6 6 1 1 6 6 2 2
Insufficient time
CFE involving duration 0 6 0 1 0 3 0 0
CFE involving age and duration 0 0 0 0 0 3 0 0
Total 0 6 0 1 0 6 0 0

Table 25. Annotation and alignment frequencies for experiment 3 (causal dependen-
cies) with the alternative prompt.

GPT 3.5 GPT 4
A A

NAL N NAL N

Ineligible country of birth
CFE involving income 5 5 6 6
CFE involving birth and income 0 1 0 0
Total 5 6 6 6

Table 26. Annotation and alignment frequencies for the backdoor variant of experi-
ment 1 (mutability).

E Elenchus game

The game has no strict rules but proceeds according to the following principles:

– Given an initial user input and an initial response from GPT, identify GPT’s
initial standpoint concerning if and how the user can become eligible for
credit. For example, if GPT responds that being born in the United States
is a requirement to qualify for credit from the bank and that since the user
was born in France, she/he is not eligible, then the initial standpoint is that
the user is not eligible.

– Ask a question that challenges GPT’s initial standpoint, without indicating
whether some or other form of reasoning is more appropriate or correct than
some other. If GPT presented any argument for its initial standpoint, your
challenge should target this argument. For example, you may ask if your
birth place can change to the United States.

– When challenging GPT, do it as passively and neutrally as possible in order
not to inadvertently affect its reasoning. This can be done by repeating its
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GPT 3.5 GPT 4
A A

NAL N NAL N

Age too low
CFE involving income 8 8 3 3
CFE involving age and income 7 7 12 12
Total 15 15 15 15
Age too high
CFE involving income 9 9 15 15
CFE involving age and income 0 6 0 0
Total 9 15 15 15

Table 27. Annotation and alignment frequencies for the backdoor variant of experi-
ment 2 (monotonicity).

GPT 3.5 GPT 4
A D A D

NAL N NAL N NAL N NAL N

Sufficient time
CFE involving duration and income 6 6 2 2 6 6 1 1
Total 6 6 2 2 6 6 1 1
Insufficient time
CFE involving duration and income 0 6 0 1 0 6 0 1
Total 0 6 0 1 0 6 0 1

Table 28. Annotation and alignment frequencies for the backdoor variant of experi-
ment 3 (causal dependencies).

own words and phrases. For example, if GPT writes “... as long as you are
still under 65 years old”, you can ask “Will I still be under 65 years old?”

– When challenging GPT, focus on aspects of actionability that are of interest
to the study at hand, i.e. mutability, monotonicity and causal dependencies
related to specific features. For example, if GPT mentions both a potential
change in age and the option to apply with a co-signer, focus only on the
mentioning of age.

– If GPT retracts an argument but has not retracted its initial standpoint,
challenge its initial standpoint by returning to the issue whether you can
become eligible. For example, if GPT replies that one’s birth place can in
fact be changed, you can ask: “So can I become eligible?”

– Continue asking questions until GPT has revised its initial standpoint or
until all of its arguments or reasoning steps have been challenged.
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GPT 3.5 GPT 4
A A

NAL N NAL N

Ineligible country of birth
Other way to become eligible 1 1 1 1
No CFE 0 0 1 1
Total 1 1 2 2

Table 29. Annotation and alignment frequencies for experiment 1 (mutability) after
elenchus questioning.

GPT 3.5 GPT 4
A A

NAL N NAL N

Age too low
CFE involving age 1 1 1 1
Total 1 1 1 1
Age too high
Other way to become eligible 1 1 0 0
No CFE 0 0 2 2
Total 1 1 2 2

Table 30. Annotation and alignment frequencies for experiment 2 (monotonicity) after
elenchus questioning.

GPT 3.5 GPT 4
A A

NAL N NAL N

Sufficient time
CFE involving age and duration 2 2 2 2
Total 2 2 2 2
Insufficient time
No CFE 2 2 2 2
Total 2 2 2 2

Table 31. Annotation and alignment frequencies for experiment 3 (causal dependen-
cies) after elenchus questioning.
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