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ABSTRACT

As Al becomes more powerful, it also becomes more complex. Tra-
ditionally, eXplainable AI (XAI) is used to make these models more
transparent and interpretable to decision-makers. However, re-
search shows that decision-makers can lack the ability to properly
interpret XAI techniques. Large language models (LLMs) offer a
solution to this challenge by providing natural language text in
combination with XAI techniques to provide more understandable
explanations. However, previous work has only explored this ap-
proach for inherently interpretable models—an understanding of
how LLMs can assist decision-makers when using deep learning
models is lacking. To fill this gap, we investigate how different aug-
mentation strategies of LLMs assist decision-makers in interacting
with deep learning models. We evaluate the satisfaction and prefer-
ences of decision-makers through a user study. Overall, our results
provide first insights into how LLMs support decision-makers in
interacting with deep learning models and open future avenues to
continue this endeavor.
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1 INTRODUCTION

The recent rise of artificial intelligence (AI) has revolutionized the
way data is used and interpreted to make decisions, profoundly
impacting industries from various sectors [5, 28]. Despite these
advancements, one of the major challenges of using AI models
is that they are often difficult to interpret. This makes it difficult
for decision-makers to appropriately rely on their output [23] and
integrate them into everyday processes.

Past research shows that making Al models more interpretable
and transparent can help their adoption [9, 18, 26]. As highlighted
by Samek et al. [21] and Felzmann et al. [6], eXplainable AI (XAI)
is crucial for providing decision-makers with the necessary tools
and techniques required to understand the underlying mechanisms
of the systems. However, interpreting these techniques correctly
remains a challenge [24]. Past works reveal that explanations can
sometimes deceive decision-makers [17], resulting in automation
bias and blind reliance on Al even though their output is incorrect
[24].

A persistent issue within the field of Al is the trade-off between
model performance and interpretability [4]. Oftentimes, Al de-
velopment prioritizes performance over interpretability. However,
recent research suggests that this trade-off is not necessarily in-
evitable. By leveraging large language models (LLMs), it is possible
to enhance interpretability without significantly compromising
performance. These studies explore using natural language expla-
nations for model predictions to make AI more transparent and
user-friendly. For instance, Werner [31] attempts to provide a rule-
based interactive chatbot drawing from information gained with
common XAI methods. Slack et al. [27] present an interactive chat
system employing a language model to analyze user input and parse
it into a predefined set of actions.

Despite this paradigm shift towards using LLMs to improve Al
interpretability, little is known about how LLMs support the interac-
tion between humans and Al from the decision-maker’s perspective.
The few studies that exist like Slack et al. [27] focus on inherently
interpretable “white-box” models. To expand our understanding of
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how LLMs can improve the interpretability of white-box models
and “black-box” models (e.g., deep learning models) in the field
of human-computer interaction (HCI), we propose the following
research question:

RQ: How can LLMs facilitate the interaction between decision-
makers and deep learning models within an interactive envi-
ronment?

To address our research question and advance the understand-
ing in HCI on the use of LLMs as facilitators for decision-makers,
we implement state-of-the-art augmentation strategies for LLMs:
retrieval-augmented and context-augmented strategies. Retrieval-
augmented strategies involve fetching relevant information in real-
time to generate explanations whereas context-augmented strate-
gies integrate relevant information directly into the model’s con-
text before generating explanations. We explore the use of these
strategies through a user study involving two user groups: domain
experts and Al experts. In our study, we compare their preference
and satisfaction during interactions with the LLMs, and we also
analyze the computational efficiency of each strategy by measuring
the token usage during explanation generation. Our results indi-
cate that context-augmented generation (CAG) was preferred and
deemed more satisfactory. However, retrieval-augmented genera-
tion (RAG) was computationally cheaper, presenting an alternative
to CAG when costs are a factor to be considered.

Overall, our contributions to the HCI field are two-fold: First,
we outline the design of how LLMs can be utilized as interactive
explanation methods for deep learning models. Second, we extend
the knowledge in HCI on the use of augmentation strategies by
comparing state-of-the-art methods and evaluating them in an
empirical study. Our findings provide guidelines for designers of
Al systems on how to use LLMs as a means of explanation.

2 RELATED WORK

The field of XAI has gained considerable traction and has been
extensively researched, specifically addressing the need to explain,
interpret, and make AI models more transparent [21]. XAI can
significantly enhance the collaboration between humans and Al
by improving interpretability, trust, and usability through various
types of explanations [6]. A key challenge in the use of XAl revolves
around the trade-off between model performance and interpretabil-
ity. The utilization of more interpretable models often comes at the
cost of accuracy [4, 16]. For this reason, it is crucial to ensure high
explainability within accurate Al models. This provides optimal
performance and establishes a high level of trust and reliability for
end-users [10]. Given the significance of providing transparency
for Al models, this section delineates the potential of LLMs as a
means of explanation and the extent to which previous research
has explored their utility in this context.

In the domain of XAlI, the incorporation of LLMs is an emerging
strategy to enhance the understanding and interpretation of deci-
sions made by AI models [3, 13, 30]. One focal point of research
is generating natural language to provide specific explanations on
model predictions, often highlighting what components of the in-
puts lead to the decision. By focusing more on the model outputs
for the explanation, both Monje et al. [15] and Alonso et al. [2]
utilize fuzzy linguistic modules for natural language interpretations
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of model outputs. The former extracts linguistic rules from the
data, while the latter integrates rule-based language generation for
more coherent textual explanations. Instead of using the outputs
as the explanation source, Kaczmarek-Majer et al. [12] generates
template-based fuzzy linguistic summaries of the Shapley analysis
run on the model to provide more detailed insights on the model’s
decision.

In the context of interactive explanations, in which the system
is capable of adapting to multiple back-and-forth questions, several
works have been able to leverage the generalization capabilities
of LLMs to provide continuous explanations in a chat-like format.
Werner [31] attempts to provide a rule-based interactive chatbot
drawing from information gained with common XAI methods. In a
different approach, Yang et al. [32] merge LLMs with an extracted
tabular analysis of advertisements from brand campaigns to provide
interpretations on model decisions. Similarly, Gao et al. [7] extend a
recommendation tool by integrating ChatGPT for personalized and
history-based suggestions, while leveraging the recommendation
history and in-context learning from LLMs to explain the recom-
mendations. Slack et al. [27] present an interactive chat system
employing a LLM to analyze user input and parse it into a prede-
fined set of actions. The actions are executed to gather additional
information, trying to improve the interpretability of the model.

While several works analyze the techniques that explain Al mod-
els, evaluating the implementation of these approaches empirically
and in the interaction with actual users is a crucial task to facilitate
the adoption of this approach. Similar to Aechtner et al. [1] who
focus on comparing different XAI techniques against each other or
Rong et al. [20], Silva et al. [25], Tekkesinoglu [29] which explore
the objective and subjective understanding of various methods,
rigorous research is necessary to explore the use of LLMs to explain
deep learning models. Despite the contribution LLMs make to the
XAl field through natural language generation, the recent develop-
ment leap of LLMs has significantly expanded research potential
to enhance explainability. Existing research mostly concentrates
on providing summarized model predictions to the user in a non-
interactive format. Only a few studies (e.g., Slack et al. [27]) investi-
gate the use of LLMs to explain white-box models in an interactive
environment. Deep learning models have not been investigated
yet, presenting a gap in research. To address this research gap, this
work investigates different augmentation-generation strategies for
LLMs to explain deep learning models in a first empirical study.

3 METHODOLOGY

To explore different augmentation strategies for LLMs, we con-
ducted a user study in which we had participants interact with
LLMs that were used to improve the interpretability of a deep learn-
ing model. The deep learning model predicted cost trends over
time.

The online study was divided into four parts. In the first part, par-
ticipants gave their consent for participation, were introduced to the
study, and answered demographic questions. Part two comprised a
tutorial for the task and the usage of the system. Participants were
explained that they would interact with a deep learning model and
were shown the basic functionality based on an example. After the
tutorial, participants started the actual task in the third part of the
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study. They were given a prediction of the deep learning model
and could interact with the LLM to retrieve further information,
such as the domain of the task or to enhance their understanding
of how the deep learning model worked. For each prediction, the
participants had to interact with the LLMs for at least five different
questions. For each question, both LLMs provided an answer. One
LLM used a CAG method and one LLM used a RAG method. The
participants could either select pre-defined questions or type in
their own questions. After each question, both LLMs generated a
response side-by-side. To prevent bias in the selection of the first
generated response, the display location of the LLM’s output was
randomized for each new question. In the final part of the study,
participants provided general feedback on their experience and the
study overall.

To assess the capability of LLMs to explain deep learning models,
we utilized a cost prediction model. This model predicts the costs
of a specific product from the polymer industry, given its history
of costs. It outputs the predicted cost per unit for a given polymer-
based product. We implemented CAG by following Li et al. [14], Yue
et al. [33] and RAG by following Slack et al. [27]. To evaluate the
use of LLMs as a means of explainability, we recruited participants
from two different backgrounds applying a purposeful sampling
approach [19]: domain experts and Al experts. Overall, there were
five participants with a background in AI and six domain experts.
The participants were recruited within an industrial company that
had deployed the AI system.

ChatGPT The Al model selected in this work was a long short-
term memory model. This model is a variant of a recurrent neural
network, which is specialized in sequence and temporal data pro-
cessing due to its ability to maintain information over extended
time intervals. The choice of this particular model was motivated
by the task domain to predict the costs of a given polymer over time.
On top of the Al model, we implemented two LLMs with different
augmentation strategies: CAG and RAG. CAG is a technique where
a prepared prompt based on a template is created and injected into
the LLM as prior context [14]. RAG is an alternative method that
retrieves additional context depending on the user’s query [8]. As
the LLM, we selected “gpt-3.5-turbo-1106"1. It contains both a suffi-
ciently large context window (roughly 16,000 tokens) and provides
a function-calling interface. This foundation model was augmented
with additional context based on the two content retrieval strategies.
The CAG model received data from a prior XAI analysis injected
as context. The RAG model took advantage of function-calling to
access the data from the XAI analysis. The foundation model had
been trained to detect when a function should be called and what
inputs to provide to it while adhering to a predefined schema. Based
on the XAI analysis generated for the black box model, function
definitions were outlined for the RAG model to call.

After each question for which participants interacted with the
LLM, they had to give their preference for which of the two answers
provided by both LLMs they preferred and rate how satisfied they
were with the answer. The response preference was designed to
understand which of the two methods yielded better and preferred
explanations to the user. Additionally, we measured participants’
satisfaction with each output they received. The satisfaction levels

https://platform.openai.com/docs/models/gpt-3-5-turbo
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of the user for each response provided a more detailed insight into
the perceived quality of explanations. Satisfaction is particularly
beneficial when both explanations are very similar, in which case
the user does not have a direct preference but chooses one. In
addition, satisfaction reveals explanations of poor quality, which
could not directly be discovered through preference selection alone.
We measured the satisfaction for each response of the LLM through
a slider that ranged from “very unsatisfied” in five steps to “very
satisfied” (see Appendix A Figure 3.

4 RESULTS

The study was conducted in February 2024. In total, eleven partici-
pants took part in the study. On average, the participants completed
the study in about 28 minutes. To evaluate both augmentation
strategies, we first analyze the preference scores of both models.
Comparing both augmentation strategies with each other, the CAG
model was preferred slightly more than the RAG model: 5% of the
answers generated by the CAG model was preferred over 46% of the
answers generated by the RAG model. We illustrate the findings in
Figure 1. In terms of satisfaction, however, both models appear to
be roughly equal, with the average satisfaction at 66.6% for the RAG
model and 66.4% for the CAG model (we transformed the used Lik-
ert scale into numeric values: 1 - very unsatisfied, 5 - very satisfied).
Notably, the CAG model had relatively polarized satisfaction—more
very positive and very negative satisfaction selections—whereas the
RAG model was more centered around neutral satisfaction results.

Based on the two different user groups in the study, we derived
further insights. The user group of Al experts is largely related
to departments in the domains of Al, machine learning, and data
science (five participants). The other user group, domain experts,
work mostly in sales, management, and other business areas (six
participants). Overall, there is a discrepancy in satisfaction pref-
erence between the two groups. On the one hand, the Al experts
slightly preferred the RAG model (70%) over the CAG model (66%).
On the other hand, for the domain experts, the data was reversed:
domain experts preferred the CAG model (68%) over the RAG model
(64%).

Both LLMs convert text into tokens through a tokenization pro-
cess. These tokens only include the input context each language
model uses to generate the responses. Higher token usage corre-
sponds to higher usage costs. The CAG model used roughly 4,200
input tokens on average, whereas the RAG model used approxi-
mately 1,700 tokens on average. This discrepancy is due to the fact
that the CAG model had XAI data available prior to each response,
while the RAG model only retrieved partial extracts of it. The CAG
model has less deviation around the average than the RAG model.
Overall, all responses of the CAG model require higher token usage
than the responses of the RAG model.

5 DISCUSSION

This work explores the use of LLMs to explain deep learning mod-
els to decision-makers. By investigating different augmentation
strategies for LLMs to facilitate decision-making, we take the first
steps towards answering our RQ and revealing LLMs’ capability to
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(a) Preference results.
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RAG model (avg. 3.33)
CAG model (avg. 3.32)
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Number of responses

2 3
Satisfaction level from 1 (low) to 5 (high)

(b) Satisfaction results.

Figure 1: Results of the overall user preference and satisfaction level between both LLMs with retrieval-augmentation generation

in red and context-augmentation generation in blue.

facilitate the interaction between decision-makers and deep learn-
ing models. While more research is necessary to answer the re-
search question entirely, we find first empirical evidence for the
support LLMs can provide. Moreover, we compare CAG against
RAG throughout a user study with two different user groups: do-
main experts and Al experts. The data of our study suggests that
the CAG model is overall slightly more preferred and satisfactory,
while domain experts prefer the CAG model and Al experts the
RAG model. This could mean that explanations by the RAG model
reflect the underlying rationale of the AI model in a more detailed
way which is easier to interpret for Al experts, whereas the explana-
tions provided by the CAG model are more extensive and complete,
giving the domain experts a better overview of all the information.
The findings suggest that the explainability of AI models can be
enhanced through the use of interactive natural language explana-
tions for different user groups. While past work focuses on utilizing
LLMs to enhance the explainability of white-box AI models [27],
our work expands these findings by providing an interactive expla-
nation system for black-box Al models. The application potential
of these findings is therefore not constrained by the architecture of
the model, making the proposed methodology an important tool to
improve the transparency of Al models in practice.

Building on existing evidence that knowledge-augmented mod-
els perform better in classification and reasoning tasks [11], this
work provides novel insights into the strengths and weaknesses of
both RAG and CAG models. The effectiveness of each strategy is
empirically evaluated in a user study and the resulting data aligns
with the theory that knowledge-augmented models also provide
more contextually relevant and accurate explanations. To further
explore how LLMs can support decision-makers in interacting with
LLMs and to gain deeper insights, future work could verify satisfac-
tion levels and our findings in field experiments with users through
interviews or think-aloud studies. This could reveal further insights
and reasoning.

Certainly, this work also comes with limitations. Since there are
no ground-truth explanations available, the evaluation scope of this
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work is limited to subjective feedback through a user study. With-
out ground-truth explanations, it is difficult to confirm the factual
correctness of the provided explanations. Future research could
advance this line of research and compare the factual correctness
of generated explanations. Furthermore, the outputs of both LLMs
were displayed next to each other. To mitigate any biases through
this design choice, future research could make use of an in-between
study design.

Another focal point for future research is to investigate the
trust and information coverage provided by the LLMs to make
deep learning models more transparent. As our study builds the
foundation for further exploration, future research can focus on
measuring the decision-making behavior in terms of appropriate
reliance [22, 23].

Through the comparison of two augmentation strategies, this
work provides a deeper understanding of generating understand-
able explanations with LLMs. Further research is necessary to
broaden the knowledge of using LLMs as a means of explanation
system to support decision-makers. We invite other researchers to
follow up on this line of research and actively participate in this
discourse.
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A APPENDIX

&) Canyou describe the dataset used to train this model?

The dataset includes various features such as the product number, quantity break, material type, supplier number, market

region, P sale, dimensions, average product sales per month, lead time, density, and whether the product

is standard. Additionally, the dataset contains the cost per unit for each sale.

The sales records in the dataset span up to 31/05/2023, and the model uses the most recent sales data to make predictions.

Figure 2: An example of the interaction between the AI and
the user.

How satisfied are you with this answer?
Satisfied

Very Unsatisfied Very Satisfied

Figure 3: The questionnaire used to measure satisfaction on
a five-point scale.
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