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Abstract
Evaluation of tool-augmented Large Language
Models (LLMs) has not advanced far beyond final
answer accuracy, and neglects in-depth evaluation
of reasoning ability despite it being a central claim
of recent models. We aim to address this gap by
developing a dependency graph-based evaluation
to give insight into meta-level reasoning ability.
We create a two-stage algorithm to construct de-
pendency graphs from a series of LLM-generated
tool calls: in the first stage creating nodes for tool
calls, then in the second creating edges where tool
call results are identified as being used as argu-
ments in subsequent calls. The resulting graph fa-
cilitates the development of graph-theoretic met-
rics which allows deeper evaluation of the reason-
ing ability of LLMs over the task in question. We
also use the dependency graph to assist with the
generation of natural language explanations of the
question-answering process. We create a baseline
explanation generated from the list of tool calls,
and a TCDG-augmented explanation which incor-
porates information about information provenance.
A human evaluation study shows that our TCDG-
augmented explanations are preferred across three
key explainability criteria, although the extra detail
contained impacts ease of understanding.

1 Introduction
Large Language Models (LLMs), [Brown et al., 2020; Rad-
ford et al., 2019; Devlin et al., 2019] have evolved from gen-
eral purpose text-generation models to hybrid systems with
claims of advanced reasoning ability. While earlier LLMs re-
quired greater efforts to elicit performance at more complex
tasks [Wei et al., 2022; Wang et al., 2023b] inter alia, rea-
soning ability is now a central claim of recent LLMs [Llama
3 Team, 2024; Abdin et al., 2024; Gemini Team, 2025].
Such models are now frequently augmented with capability
to use external tools [Mialon et al., 2023; Gao et al., 2023;
Parisi et al., 2022], which enables well-known weaknesses
of LLMs such as arithmetic reasoning and data fabrication to
be alleviated through interaction with reliable & interpretable
symbolic programs. Similarly, code generation models have

been shown to provide a versatile problem-solving approach
to many reasoning benchmarks [Li et al., 2022].

Despite these advances, a major outstanding problem is the
evaluation of the reasoning ability itself. Claims of the ad-
vanced reasoning ability of recent models is frequently in-
ferred using basic metrics, such as final answer accuracy
on popular multi-hop reasoning benchmarks like GSM8k
[Cobbe et al., 2021] or StrategyQA [Geva et al., 2021]. While
the term reasoning may take many forms, we focus on the
problem of evaluating meta-level reasoning [Bundy, 1983],
which can be understood as the problem of reasoning about
the intermediate steps required to find a solution to a prob-
lem, and utilising appropriate object-level processes to com-
plete such steps. We aim to address this gap by using the
tool-calling paradigm as a lens through which we view the
problem of evaluating meta-level reasoning. Tool calls serve
as an intermediate representation of a meta-level reasoning
process: interpretable, discretised steps which follow from a
multi-step natural language plan.

Evaluating the ability of LLMs to utilise tools to complete
a task may take different forms depending on the difficulty or
requirements of the task. For example, when evaluating the
correctness of a single tool call, simple accuracy metrics may
be appropriate. While this may indicate whether a model can
select the correct tool in constrained task settings, a different
approach is needed to understand LLM tool use (and by ex-
tension, reasoning) ability for more complex tasks; multiple
conversation turns; and use of a variety of different tools.

To address the problem of evaluating and explaining the
reasoning ability of LLMs with tool use, in this paper we
propose a reference-free method (i.e., not reliant on exam-
ple solutions) for generating dependency graphs from a series
of LLM-generated tool calls, which we use to define three
graph-theoretic metrics aimed at providing tangible measures
of meta-level reasoning quality. Additionally, we use infor-
mation contained in the structure of the graph to improve
natural language explanations of the quality of meta-level
reasoning undertaken in the question-answering process, en-
abling better faulty reasoning detection. Our hypotheses are:

1. Creating a directed acyclic graph from a series of LLM-
generated tool calls provides a versatile platform that en-
ables the use of graph-theoretic metrics to obtain deeper
empirical analysis of the reasoning process compared to
basic final answer accuracy.
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Figure 1: Overview of our graph generation and evaluation process. 1 We evaluate a range of LLMs on a multi-hop tabular QA dataset.
(§3.1) 2 The list of tool calls and results is extracted into a single formatted list. (§3.1) 3 Dependency graphs which model tool use are
created using our algorithm.(§3.2) 4 Graph-theoretic metrics are designed to quantify reasoning performance (§3.3). 5 Using the graph,
natural language explanations are created and evaluated using human participants. (§4)

2. Information contained in such graphs improves the ex-
planations of the meta-level reasoning process.

In addressing these, we make the following contributions:
• A reference-free algorithm for creating dependency

graphs from a series of LLM-generated tool calls, with
each node representing a tool call, and each edge repre-
senting the use of one tool’s result as the argument to a
subsequent call.

• Three proposed graph-theoretic metrics which demon-
strate the depth of evaluation and insight into reasoning
ability which is enabled by the graph structure.

• A human evaluation study showing that human partic-
ipants find natural language explanations incorporating
information from the graph structure useful for judging
the quality of the answer produced by the LLM.

2 Background & Related Work
Evaluation of tool augmented language models has attracted
much attention, with numerous datasets, benchmarks, and
fine-tuned tool-use models released over recent years. How-
ever, despite innovations in the training of LLMs to utilise
tools, evaluation of such approaches tends to be limited to ac-
curacy, pass rate, or substring matching metrics. Substring
matching over k generated words has been employed [Schick
et al., 2023], even if over real, human-generated references
[Patil et al., 2025; Patil et al., 2024]. Pass and win rates using
an LLM-based evaluator can quantify preference for candi-
date approaches [Qin et al., 2024]. Domain experts to hand-
create solutions over which a similarity score is computed be-
tween the LLM-generated tool calls [Lu et al., 2025], and
plain accuracy is still employed even if a range of different
tool-use scenarios are used [Chen et al., 2025].

LLM-as-a-judge, in which LLM outputs are evaluated by
one or more other LLMs, is a popular method of evaluating
LLM reasoning more generally. A range of prompting meth-
ods demonstrates correlation with human judgements [He et
al., 2024], localisation and correction of inconsistencies in
reasoning chains can be performed [Tyen et al., 2024], while
debate can probe reasoning strength [Wang et al., 2023a]. Al-
ternatively, custom reasoning metrics may be defined to re-
flect the quality of reasoning undertaken [Hao et al., 2024];

[Prasad et al., 2023] score reasoning chains on correctiveness
and informativeness, while [Golovneva et al., 2023] define a
range of custom reasoning quality metrics and train a model
using synthetic- and human-labelled judgements.

Design of good explanations has been extensively de-
scribed [Miller, 2019; Mohseni et al., 2021; Hoffman et al.,
2019] inter alia. While this area of explainable AI (XAI)
was developed alongside systems which typically produce a
single decision or prediction, systems which explain tech-
nical or structured processes still benefit from the same de-
sign principles. Examples include prompting LLMs to gener-
ate baseline explanations of biomedical literature, augmented
with knowledge retrieval to create lay-explanations [Guo et
al., 2024]; constructing explanations incrementally from a
reasoning graph [Nuamah and Bundy, 2020]; and integrate
prompting of LLMs and information retrieval for iterative re-
finement of natural language explanations [Quan et al., 2025].

3 Tool Call Dependency Graphs
In this section, we outline our methodology for evaluating the
meta-level reasoning of LLMs, shown in parts 1-4 of figure 1.
First, we describe the scenario which we use to develop our
graph generation algorithm: outputs from LLMs evaluated on
a multi-hop dataset requiring arithmetic reasoning over nu-
meric tabular data. We then develop an algorithm to create a
directed acyclic graph from the list of tool call messages out-
put by the LLMs. These graphs, which we refer to as Tool
Call Dependency Graphs (TCDGs), are created post-hoc us-
ing only lists of messages generated by the LLM. Each node
on a TCDG represents a tool call, and each edge u → v high-
lights where the result of the tool call u is predicted to have
been used as an argument in tool call v. This captures about
information about the flow of data throughout the reasoning
process, and creates a structured representation of the solu-
tion as a whole. We then define three graph-theoretic metrics
which take a TCDG as input, and output values which give
tangible impressions of meta-level reasoning-related criteria.

Our TCDG is a tool for analysing the outputs of LLMs post-
hoc, and not an assistive workflow, plan generation method,
or chain-of-thought-based reasoning aid designed to support
LLMs at inference time.
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Figure 2: Illustration of a subgraph of a TCDG generated using our
algorithm. The original question was “What was the total popula-
tion of Western Europe in 2019?”. The LLM, as described in section
3.1 and figure 1, uses a set of tools to perform object-level reason-
ing. Here, two tool calls are performed which access data relating
to country identification in a given region, and identifying a relevant
indicator. A subsequent call uses the results of these calls as argu-
ments, with labelled edges showing the flow of information.

3.1 Source Material and Problem Context
The dataset which we use to develop our graph construction
algorithm is derived from [Ferguson et al., 2026]. The au-
thors evaluate several LLMs on a multi-hop question answer-
ing task requiring meta-level reasoning to create a plan to
answer questions, and object-level reasoning to implement
each step in the plan using arithmetic and tabular data re-
trieval. Question types are templated and are paired with gold
standard answers against which the outputs of LLMs can be
evaluated using final answer accuracy. To answer questions,
object-level processes are implemented as elementary data re-
trieval and arithmetic tools which the LLM may call. Models
are held in a loop in which models they are able to call tools
and receive results before acting on the next step of the plan.
This stage repeats, with the model making tool calls and re-
ceiving results, until a dedicated ‘final answer’ tool is called.
As a test domain, questions are constructed around the values
of World Bank indicator data across different countries and
years 1.

However, to produce an answer, the LLMs may be required
to perform upwards of 50 tool calls to obtain the necessary
data and perform the required arithmetic. Therefore, evalu-
ation of the system’s meta-level reasoning ability using final
answer accuracy alone cannot capture information about the
actions taken in the intermediate process. This necessitates
an alternative approach, embodied in our graph-theoretic so-
lution which we describe below.

3.2 Algorithm
We create TCDGs using a two-stage algorithm. Inputs to the
algorithm are an ordered list of tool call messages output
from evaluation of LLMs on the above task. These are de-
noted C = [c1, . . . , ck], where ci = (ti, ai, ri), and ti is
the ith tool call; ai is a tool argument-value mapping; and
ri is the result of the call. The algorithm outputs a directed
acyclic graph G(N,E), where N is the set of nodes and E
the edges. While we evaluate on the above example domain,
we argue that our algorithm generalises to other instances of

1https://data.worldbank.org/indicator

tool-based QA which require multiple steps of numeric rea-
soning and data retrieval because the algorithm requires only
the sequence of tool calls to produce the TCDG. We do ac-
knowledge a core limitation of our current implementation
and algorithm in that we are unable to model QA processes
which contain natural language reasoning or non-tool-based
object-level reasoning. While tool call-oriented evaluation is
a strength of our work given the interpretability of tools, at the
moment we are unable to address free-text reasoning chains.

The first pass of the algorithm iterates through the tool call
sequence and creates nodes for each call, as well as regis-
tering the values ri output by the tool, which we term the
provenance mapping, P . ri may be a single element, or a list
of values: if it is a list, we record each element separately in
P . Stage 2 creates edges between nodes. For each argument
value in each tool call node v, the most recent node u which
produced this value is looked up using the provenance map.
Then, if u is before the current node, an edge u → v is cre-
ated. Each edge is labelled with the argument name and value
which is produced by node u and used by node v . We are then
left with a set of nodes representing each tool call, containing
tool names, argument mappings, and results as node proper-
ties. These nodes are linked by edges which indicate where a
value in the result of the tool call was consumed as an argu-
ment by a subsequent tool call, enabling explicit tracking of
the information input to, and output by each tool call.

3.3 Deriving Metrics
Given the TCDG G(N,E), we define three metrics which al-
low us to infer the quality of meta-level reasoning demon-
strated by the LLM over the QA process. These met-
rics are designed to be generalisable to any tool-based QA
setup where the object-level reasoning is undertaken entirely
through a series of tool calls. Metrics that derive from the
TCDG are not limited to our proposed metrics. Other graph-
theoretic metrics may be defined to suit different tasks, for
example, quantifying the number of exploratory reasoning
chains which did not contribute to the answer.

When evaluating a model’s performance across a dataset,
the resulting metrics may be averaged across examples to re-
port values to give a coarse-grained impression of reasoning
performance. However, the strength of these metrics is that
they reveal intricacies about the performance of models on
single examples. Critically, the TCDG enables localisation
of potential sources of error in individual examples, which
would not be possible with the list of tool calls alone.

Final Answer Subgraph Ratio
Final Answer Subgraph Ratio, U , illustrates the efficiency
of the model in terms of the proportion of tool calls which
were explicitly used in the construction of the final answer.
This gives an impression of the proportion of tool calls which
‘mattered’, and in consequence, the proportion which ulti-
mately did not explicitly contribute to the final answer. Rea-
soning models may sometimes undertake alternative reason-
ing strategies [Yao et al., 2023; Wang et al., 2023b], which do
not ultimately lead to a final answer. While small numbers of
exploratory tool calls are expected, lowering U by a nominal
amount, substantial proportions of the final TCDG dedicated
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to exploratory strategies indicates weaker meta-level reason-
ing compared to pursuing a correct initial strategy.
Definition 1. Let n⋆ refer to the node which provides the final
answer, anc(n) be the set of nodes which are ancestors to a
node n, and |N | be the number of nodes in the graph. The
final answer subgraph ratio, Ufinal is then given by

Ufinal =
|anc(n⋆) ∪ {n⋆}|

|N |
(1)

High values are good, indicating that most tool calls ex-
plicitly contributed to the final answer. This indicates strong
meta-level reasoning, showing that the model followed a pro-
cess highly-informed by its previous steps, minimal use of
implicit object-level reasoning in place of explicit tool use,
and little deliberation of the correct strategy. Low values in-
dicate that the outputs of most tool calls are not directly in-
forming the final answer, showing poor meta-level reason-
ing by virtue of improper utilisation of the tools available
to the model. This indicates that few explicit tool calls con-
tributed to the object-level reasoning, suggesting that object-
level processes were undertaken implicitly by the LLM (e.g.,
arithmetic). This diminishes trustworthiness, requiring fur-
ther validation that those operations were correct.

Redundant Identical Tool Call Ratio
Second, we propose the Redundant Identical Tool Call Ra-
tio, R, which quantifies the proportion of tool calls that were
unnecessarily repeated. In our evaluated setup, tool APIs are
static, which is made clear in their docstrings, and so mod-
els should understand that identical tool calls serve no bene-
fit. While alternative implementations of tool-based QA ap-
proach may utilise tools which retrieve live information, and
therefore whose results may change between calls, strong
meta-level reasoning would be still be required and demon-
strated by use of such tools at appropriate times during the
QA process, so a notion of improper timing remains.
Definition 2. Two calls (ni, nj) are identical if (ti, ai) =
(tj , aj). The number of occurrences of a given tool call is
therefore S(t, a) = {i|(ti, ai) = (t, a)}. Since we want to
count repeats of tool calls, with only one tool call being con-
sidered valid, the number of redundant calls is |S(t, a)| − 1.
The redundant identical call ratio is then

R =

∑
(t,a) max(|S(t, a)| − 1, 0)

|N |
(2)

High values are worse, indicating a large number of re-
peated tool calls. This demonstrates poorer meta-level rea-
soning by indicating a lack of awareness of APIs interacted
with, or tracking of the state of the process. Low values are
good, indicating that the model understands the relevance and
significance of steps previously taken, and comfortably builds
upon them to perform the next stage of the process.

Provenance Completeness
Our third proposed metric is Provenance Completeness. This
quantifies proportion of argument values which are grounded
in earlier tool call results. In addition to the list of messages,
this metric requires a tool schema (i.e., tool names and func-
tion signatures.) to infer where edges should exist, but do

not. Factors that lower provenance completeness include the
LLM performing steps without using tools, but in its stan-
dard text generation output. These may include a simple ad-
dition, or attempted recalling of memorised data. Regardless
of any ability to perform addition without the aid of tools,
models are instructed to use tools if there is a suitable tool
available for a given task, and so any violation of this require-
ment is recorded negatively. However, the relative severity of
this violation may be subject to interpretation by the end-user
depending on the operation. An additional cause of lower
provenance completeness is unnecessary rounding of results
from arithmetic tool calls before using such values as argu-
ments to subsequent tool calls causes breaks in provenance,
which is detrimental to accuracy and trustworthiness.
Definition 3. Let V(x) be an operator which returns the set
of atomic values in a structure x. This will be used for re-
turning the constituent values in the argument mapping ai.
We consider the set of all argument-value pairs for all tool
calls:

A = {(i, v)|v ∈ V(ai)} (3)
Each argument in this set may be either grounded in a pre-
vious tool output (that is, have an edge from ni to nj) or
ungrounded. Therefore, a node is used if it has at least one
successor: |succ(ni)| > 0. An argument has provenance if it
originated from a tool call:

(j, v) ∈ Atool ⇐⇒ ∃(ni, nj) ∈ E such that v ∈ V(ri) (4)

In other words, a value has provenance if there is an edge to
it and that value is part of the results from the origin node’s
tool call. The provenance completeness is then given by

C =
|Atool|
|A|

(5)

Provenance completeness relates to meta-level reasoning
by indicating understanding of the relationship between dif-
ferent steps of the process, as well as demonstrating aware-
ness of and proficiency using the available tools. High com-
pleteness indicates that most arguments are grounded and
whose values can be trusted, indicating good meta-level rea-
soning, demonstrated by an understanding about how differ-
ent stages of the process relate to each other, by virtue of
the explicit use of tool results in subsequent calls, free of
any prior rounding. Low completeness indicates that many
arguments are ungrounded and not explicitly resulting from
an earlier tool. This indicates poor meta-level reasoning by
failing to grasp the importance of preserving information be-
tween steps of the process, and, depending on the circum-
stances, may result in lower accuracy and trustworthiness of
the result of the process.

3.4 Results
Table 1 shows computed metrics for different model fami-
lies and sizes on the QA task described in section 3.1 and
[Ferguson et al., 2026]. Our metrics reveal additional model-
level performance insights, showing the potential of a TCDG
platform in enabling deeper evaluation of meta-level reason-
ing, supporting hypothesis 1. Final answer subgraph ratio (U )
show that high U is not an indicator of accuracy: while Llama
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Model Accuracy U R C

Llama 3.3 70B Instruct 0.39 0.54±0.32 0.12±0.24 0.42±0.37
Qwen 3 4B 0.60 0.39±0.35 0.04±0.15 0.80±0.23
Qwen 3 14B 0.58 0.65±0.36 0.01±0.05 0.82±0.20
Qwen 3 32B 0.84 0.66±0.35 0.02±0.10 0.86±0.14
GPT 4.1 Mini 0.70 0.38±0.37 0.01±0.03 0.84±0.12
GPT 4o Mini 0.68 0.77±0.24 0.05±0.12 0.75±0.13
GPT 5 Nano 0.76 0.51±0.36 0.02±0.06 0.79±0.17
GPT 5 Mini 0.83 0.76±0.27 0.01±0.02 0.84±0.11

Table 1: Comparison of overall accuracy metrics to graph-derived metrics in section 3.3: final answer subgraph ratio U ; redundant identical
tool call ratio R; and provenance completeness C. Bold indicates the best performing model for that metric.

3.3 scored a low 39% accuracy, on average 54% of tool calls
contributed to the answer. However, GPT 4.1 Mini’s 70% ac-
curacy was achieved with only 38% of tool calls explicitly
contributing, suggesting a weaker understanding of the task
and lack of continuity between reasoning steps.

Low identical tool call (R) values are widely reported, yet
higher variances are found for Llama 3.3, Qwen 3 4B/32B,
and GPT 4o mini; showing that even when overall accuracy
is high, models may still make numerous unnecessary tool
calls, indicating weaker understanding of the functionality of
tools and relationship to the process as a whole.

Provenance completeness C appears generally high, but we
report widespread incompleteness, with C values frequently
showing that 15% of tool call arguments lacking grounding
in any previous tool call. While the accuracy of, for example,
Qwen 3 32B may be high, average C values of 86% raises
questions about the fabrication of tool arguments, and there-
fore the reliability of such results. A single instance of miss-
ing provenance can be a critical weakness in the propagation
of information: fabrication or early rounding of just one value
can substantially alter the final answer, and so we must have
a high threshold of acceptable C values.

4 TCDG-Augmented Explanations
We now build on our metrics by using provenance informa-
tion derived from the TCDG to generate natural language ex-
planations of the question answering process. This develops
our above reflection that, while model-level statistics provide
a coarse-grained overview, application to individual exam-
ples provides the greatest insight, particularly with respect to
provenance completeness. We now demonstrate the ability of
the TCDG to capture information about reasoning quality on
an example-by-example level by incorporating such informa-
tion into the generation of natural language explanations to
describe the question-answering process.

4.1 Report Generation
Given the graph G(N,E) created via the algorithm intro-
duced in section 3.2, we iterate over all vertices and edges
to create a YAML-formatted report describing the TCDG. The
YAML format was chosen due to its structured format, while
still facilitating brief natural language statements for com-
ments on provenance-related issues. Additional virtues in-
clude its wide popularity, leading to ease-of-interpretation by

LLMs. Markdown formatting was considered, but its struc-
ture as strong as that provided by YAML.

Top-level sections in the report are the nodes, edges, and
what we refer to as issues. Each node’s properties are pro-
vided, including tool name and result, then for each argument,
its name, value, source node index and source tool name.
The edges section shows the connections between nodes in
terms of the origin node index, destination node index, and
the value that the edge carries from the result of the origin
node to the argument of the destination node. If any argu-
ments in tool call nodes are not grounded, we collate these at
the end of the report under the ‘issues’ heading, which sum-
marises such information, highlighting cases where no origin
node was found for a particular argument. Section B of the
supplementary materials shows extracts from example nodes,
edges, and issues sections.

4.2 Creating Explanations

Using the same list of tool call messages which are used to
generate the TCDG in section 3.2, we prompt GPT-4.1 to cre-
ate a natural language explanation of the process by which
an answer was constructed. The prompt instructs a format of
an opening sentence, five bullet points describing the process,
and a closing summary sentence, encouraging the use of bold
and italic text to draw attention to key aspects, breaking up the
text into more digestible spans. This serves as our baseline.

We then prompt with further instruction and the YAML-
formatted report, modifying the baseline with information in
the report. We instruct GPT-4.1 to perform a minimal mod-
ification, inserting provenance-related issues where they are
relevant to existing content in the explanation. This results
in our ‘TCDG-augmented’ explanation. We explored the cre-
ation of entirely new explanations rather than the augmenta-
tion method described above. While this method integrates
provenance information more fluidly, it results in substan-
tially different surface forms to the augmentation method.
With the user study in mind, to reduce the chance that users
would happen to select a preference for one explanation over
another purely based on a preference for the surface form, we
proceeded with the augmentation method to control for this
event and isolate the effect of our method. Prompts for both
stages are shown in supplementary materials section C, with
example explanations shown in section D.
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4.3 User Study
To evaluate hypotheses 2, we ran an online human partici-
pation study in which we presented pairs of explanations to
participants. Participants were sourced from Prolific2 and
the study built with Qualtrics3. Each pair consisted of one
baseline explanation and its corresponding TCDG-augmented
explanation, presented to users side by side titled ‘Explana-
tion A’ and ‘Explanation B’. The relative left/right positions
of the baseline and TCDG-augmented explanations were ran-
domised for each example, such that sometimes the baseline
explanation appears on the left as explanation A, and some-
times on the right, as explanation B.

Participants were asked five questions about each pair
(shown below) and instructed to indicate a preference for ei-
ther explanation A, explanation B, or no preference. Partici-
pants were provided with annotation guidelines followed by a
verification question confirming that the guidelines were un-
derstood. Guidelines were created to direct users to the rele-
vant aspects of the explanation that we were evaluating, and
instructed users not to consider aspects not under evaluation,
such as the length of the explanation or the formatting. Par-
ticipant questions were chosen to reflect key explainability
criteria. These include focussing on whether the explanation
has made it easier to understand if mistakes might have been
made. Because trust is a difficult topic to evaluate, and given
the potential for misplaced trust in an AI system, we avoid
asking which explanation they trust the most. Instead, we
ask about which explanation helps the user decide how much
they trust the systems answer, that is, helps the user make a
decision about whether to trust the answer.

Q1 Which explanation most helps you understand if mistakes
have been made?

Q2 Which explanation most helps you decide how much you
trust the system’s answer?

Q3 Which explanation most helps you make a judgement
about whether the answer is likely to be correct?

Q4 Which explanation is the easiest to read and understand?

Q5 Overall, which explanation do you prefer?

60 pairs of baseline/TCDG-augmented explanations were
used in the study. 50 participants were recruited and shown 12
pairs each, resulting in 10 judgements per pair. No additional
screeners other than English as a first language were applied
to obtain a sample of the general population. To reflect the
fact that explanations should be tailored to users’ needs, fu-
ture studies may examine the preference of certain types of
explanation among different user groups, such as those with
or without knowledge of AI systems or the domain at hand.

4.4 Results
We will now consider the extent to which we have support for
hypothesis 2. To give an initial impression about the answers
provided, figure 3 shows the proportion of votes for baseline
and TCDG-augmented explanations across the five question

2https://www.prolific.com/
3https://www.qualtrics.com/

Figure 3: Proportion of votes for different response criteria.

blocks shown to participants. Preferences were not consis-
tent across the different dimensions: for Q1-Q3, the majority
of the votes were in favour of the TCDG-augmented explana-
tions. However, for Q4, the majority vote was in favour of the
baseline explanations, which tended to contain less informa-
tion and had simpler surface forms. Q5 showed that opinion
was more divided on overall preference, with approximately
half of the votes for TCDG-augmented explanations.

Krippendorff’s alpha [Krippendorff, 2018] which mea-
sures the extent to which participants gave the same ratings
to the same items, adjusted for the agreement expected by
chance. Across questions, alpha values range from 0.28 to
0.49, indicating modest agreement. As this is a subjective
preference task, we interpret these values as reflecting gen-
uine differences in how participants evaluated individual ex-
ample pairs, rather than a lack of any underlying tendency.

TCDGs created from tool call sequences may exhibit a vary-
ing number of items in the issues section. In many cases, only
one or two issues are present, whereas in others there may be
over ten. For each issue in the TCDG, the baseline is modified
to reference the issue. One question that arises from this is
whether the number of issues in the TCDG, and therefore the
number of statements which reference such issues in the ex-
planation, affects preference towards either explanation. To
assess whether the number of issues in each TCDG resulted in
a stronger overall preference for baseline or TCDG-augmented
explanations, we computed Spearman’s rank for the number
of issues and average preference per pair. Across Q1-Q5, we
observed −0.95 < ρ < 0.23 with p > 0.1, indicating no
systematic correlation between the number of issues and the
preference towards either explanation. Given no evidence to
suggest that the number of issues influences the preference
towards either explanation, we use this as a basis to treat all
pairs as exchangeable. We do not claim the absence of any
underlying relationship, and further study may show that the
judgements are impacted by the number of issues in the given
examples, but we observed no such impact.

Finally, to test our core hypothesis that TCDG-augmented
explanations are preferred by participants, we employed a
one-sided exact binomial test. For the five blocks Q1-Q5,
we summarised each participant’s responses into a predom-
inant response indicating which variant they preferred with
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Question TCDG Base. No pref. TCDG pref. 95% CI p

Q1: Mistakes 47 0 3 100.0% [92.5%, 100.0%] ≪ 0.01
Q2: Trust 41 4 5 91.1% [78.8%, 97.5%] ≪ 0.01
Q3: Correct 40 5 5 88.9% [75.9%, 96.3%] ≪ 0.01
Q4: Underst. 4 40 6 9.1% [2.5%, 21.7%] 1
Q5: Prefer 24 20 6 54.5% [38.8%, 69.6%] 0.33

Table 2: Participant responses expressed as the number of participants that preferred a given explanation variant for each question block.

the highest frequency: TCDG-augmented, no preference, or
baseline, shown in table 2 as TCDG, Base., and No pref. re-
spectively. TCDG pref. reports the proportion of participants
favouring the TCDG-augmented explanation among partici-
pants with a directional preference, and we report a 95% con-
fidence interval. As shown in the table by the high proportion
of TCDG-preferring participants and the sufficiently small p-
value, we have evidence to show that TCDG-augmented ex-
planations were strongly and significantly favoured by par-
ticipants across the criteria evaluated in Q1-Q3. However,
on Q4, the question of which explanation is easiest to read
and understand, we have evidence in the opposite direction:
few participants indicate preference for the TCDG-augmented
explanations, and preferences overwhelmingly favoured the
shorter baseline explanations. While 54.4% of participants
indicated overall preference for TCDG-augmented explana-
tions, the confidence interval is wide and the resulting p-value
of the binomial test indicates that we do not have evidence
that TCDG-augmented explanations were preferred overall.

4.5 Discussion
TCDG-augmented explanations were strongly and signifi-
cantly favoured by users for Q1-Q3, which concerned which
explanation helped with understanding about mistakes that
were made; deciding how much to trust the system; and judg-
ing whether an answer is likely to be correct. This provides a
strong indication that information extracted from the TCDG is
useful to users across these three key explainability criteria,
showing that our TCDG-augmented explanations have strong
utility for improving the explainability of answers containing
long chains of tool-based reasoning.

However, when assessing which of the candidates were
easiest to read and understand, participants expressed a strong
preference for baseline explanations. We expect this to be due
to explanation lengths: incorporating provenance informa-
tion into TCDG-augmented explanations resulted in average
length increase of 1.5× compared to the corresponding base-
line. Given that the TCDG provides additional information
over the baseline explanation, TCDG-augmented explanations
are unavoidably longer. However, a consequence of this in-
creased length is a reduction in overall ease of understanding,
so a trade-off between information gain and brevity is vital.

Following on from this, opinion was more divided regard-
ing the final ‘overall preference’ question. A weak, yet sig-
nificant overall preference for TCDG-augmented explanations
was observed, with approximately half of examples resulting
in a majority vote for TCDG-augmented explanations. How-
ever, annotation of a substantial proportion of example pairs

resulted in a majority vote for the baseline explanations. Ev-
idence from the previous questions Q1-4 suggests that a pos-
sible reason for the baseline preference may be that, on bal-
ance, participants felt the additional information included in
the TCDG-augmented explanation was not worth the trade-off
in readability. Since participants overwhelmingly preferred
the TCDG-augmented explanations along the above criteria,
yet found them harder to read and understand, a trade-off is
vital. We hypothesise that significant utility will be found in
a graphical, interactive component to our explanations, and
that a pure text medium is suboptimal for consuming the in-
formation contained in the explanation.

5 Conclusion and Future Work
In this paper, we introduced the topic of evaluating the meta-
level reasoning ability of LLMs, manifested in a multi-hop
question-answering task requiring multiple steps of numeric
reasoning and data retrieval. As a proxy for investigating
meta-level reasoning ability, we utilise the tool-use paradigm
as an interpretable intermediate representation of a natural
language plan of the question-answering process. After ex-
tracting the list of tool calls made by models when answering
the question, we develop an algorithm to create a directed
acyclic graph modelling the calls, which we term a Tool Call
Dependency Graph (TCDG). This captures how tool calls,
represented as nodes, utilise results from previous tool calls
as indicated by edges showing the flow of information. From
this TCDG, we propose three graph-theoretic metrics, and
show that they provide tangible insight into the meta-level
reasoning ability beyond final answer accuracy. Following
this, we utilise the information contained in the TCDG to mod-
ify a baseline explanation created solely from the list of tool
call messages. We then run a user study and show that our
TCDG-augmented explanations offer significant utility over
the baseline. However, we note that a text-only medium is
suboptimal for delivering such information. Future work on
an interactive, graphical medium will realise the potential of
the graph-theoretic approach as a real-world solution to mon-
itoring and oversight of LLMs applied to complex, numeric-
and data-oriented tasks. Additionally, the ability of the TCDG
to inform the LLM of potential mistakes or faulty reasoning
at inference time may facilitate correction of faulty reasoning,
improving the trustworthiness of answers.
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