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Abstract

We ask whether state-of-the-art large language models can
provide a viable alternative to human annotators for detecting
and explaining behavioural influence online. Working with a
large corpus of online interactions retrieved from the social
media platform Mastodon, we cross-examine a dataset con-
taining 11,000 LLM influence labels and explanations across
nine state-of-the-art large language models from 312 scenar-
ios. We use a range of resolution categories and four stages of
shot prompting to further measure the importance of context
to language model performance. We also consider the impact
of model architecture, and how social media content and fea-
tures from the explanation impact model labelling accuracy.
Our experiment shows that whilst most large language mod-
els struggle to identify the correct framing of influence from
an interaction, at lower label resolutions, models like Flan
and GPT-4 Turbo perform with an accuracy of 70%-80%,
demonstrating encouraging potential for future social influ-
ence identification and explanation, and contributing to our
understanding of the general social reasoning capabilities of
large language models.

Introduction

The creation of human language provided our species with
a tool to convey and transfer information at a complexity
otherwise unseen (Manning 2022). A key application of lan-
guage is for individuals to exert influence over the beliefs
and behaviours of others. With the growth of social me-
dia, the average person’s capacity for exerting influence has
grown from being able to reach a handful of targets to po-
tentially millions. Whilst the discussion of commonsense/-
social reasoning in machines has predated Large Language
Models (LLMs) by 50 years (Bar-Hillel 1960), the advent of
the transformer architecture and its wide array of capabili-
ties has accelerated this topic into scientific focus (Shen and
Kejriwal 2023; Gassmann, McConville, and Edwards 2023).
In particular, if machines could replicate the human world
model (Hu and Shu 2023) and demonstrate compelling the-
ory of mind (ToM), the implications for machine-human in-
teraction could be significant (Gandhi et al. 2023; Sap et al.
2019a).
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One task for which LLMs capable of performing social
reasoning would be particularly desirable arises from scien-
tific research studying human interactions. Human annota-
tion is often considered the gold standard or ground truth
for labelling such data (Geiger et al. 2021), however, in
many cases, human labels are imperfect. Biases, affective
variability and simple boredom can significantly affect a
labeller’s consistency (Dasgupta et al. 2023; Geiger et al.
2021; Desmond et al. 2021b). To help reduce these issues
and improve the experience, processes like Active Labelling
adopt LLMs with viable social reasoning capabilities to im-
prove the accuracy (Beck et al. 2024), cost (Wang et al.
2021) and time to completion (Desmond et al. 2021b,a; Beck
et al. 2024; Ashktorab et al. 2021) of labelling tasks. Yet the
limits of such labelling assistants need to be carefully anal-
ysed.

Whilst there is an impressive library of literature suggest-
ing that LLMs are approaching the ToM threshold, their ca-
pability differs greatly under different testing environments
(Gandhi et al. 2023; Wang et al. 2024; Xie and Park 2023).
In addition, there is a deficit in our understanding of LLMs’
qualitative reasoning skills in social tasks (Han et al. 2024;
Gassmann, McConville, and Edwards 2023). In particular,
evaluations of LLMs’ ability to reason about interpersonal
influence in conversations are seemingly absent.

In this paper, we examine the capability of LLMs to de-
tect and reason about influence in online interactions. Using
a new corpus of 11,000 LLM labels, we explored the ac-
curacy of nine state-of-the-art LLMs at identifying different
categories of interaction and influence in 312 scenarios. In
addition, we asked each LLM to explain its decision, and
manually evaluated these explanations to identify patterns
in each model’s ability to comprehend the interpersonal in-
fluence expressed in an interaction, and justification of la-
belling decisions. Using LLM justifications, we were able to
link some common failures of the models to features of the
original interactions, highlighting specific contexts in which
LLMs may struggle at social reasoning tasks. In summary,
our research questions (RQ) are as follows:

* RQI1: To what extent can interpersonal influence in on-
line interactions be identified by state-of-the-art large
language models?

* RQ2: How reliably can state-of-the-art large language
models explain their labelling decisions for social rea-



soning tasks?

* RQ3: Which online interaction contexts do large lan-
guage models struggle to comprehend?

The remainder of this paper is organised as follows: An
overview of surrounding research covering general/social
reasoning and automated labelling. Our research methodol-
ogy, covering the data collection, cleaning process and LLM
deployment. Our findings for each proposed RQ. Finally, we
conclude with some key observations.

Related Work

The challenge of inferring social relationships is fundamen-
tal to understanding human behaviour (Gandhi et al. 2023).
Sap et al. (2019b), Shapira et al. (2023), and Apperly (2010)
define Social (or Neural) ToM (SToM) as recognising the so-
cial behaviours, beliefs, emotions and mental state of others,
ranging from simple conversations to complex business ne-
gotiations. With the advent of social models like ChatGPT
(GPT 3.5 and 4 Turbo), debate on the threshold for SToM
(Shapira et al. 2023) has increasingly focused on whether
existing LLMs show true comprehension or the Eliza effect
(in which human traits are ascribed to machines that only
mimic comprehension (Weizenbaum 1976)).

There are few large-scale resources for evaluating SToM
(Sap et al. 2019b), with benchmarks ranging in quality
and difficulty (Shapira et al. 2023). SociallQA is a social-
reasoning benchmark, containing 38,000 multiple choice
questions (Sap et al. 2019b) and whilst popular, it has been
criticised for being ambiguous and inconsistent. Compared
to human performance, SociallQA shows models under-
perform by 20% in social reasoning questioning. To identify
the factors restricting LLM capabilities, Shapira et al. (2023)
discovered models overly rely upon shallow heuristic pat-
terns. Solutions like instruction tuning can significantly im-
prove LLM social reasoning, for example, Socialitel.lama
(an instruction-tuned model) provides superior zero-shot ac-
curacy compared to few-shot Llama2 (Dey et al. 2024).

One application for LLM reasoning is assisted labelling,
to assign one or more labels to classify an example for a
specific task (Desmond et al. 2021b). This process is time-
consuming and expensive (exasperated by multiple annota-
tors (Malik et al. 2024)) (Wang et al. 2021; Ashktorab et al.
2021), with some data being ambiguous or uninteresting to
the labeller (Desmond et al. 2021a) leading to inconsistent
explanations (Malik et al. 2024). The risk of mistaken labels
being used as the ground truth for research can lead to inac-
curate performance measurements or training data. Geiger
et al. (2021) show that only 26.7% of research uses non-
repeated datasets, making it increasingly important to dis-
cuss whether these frequently-used datasets are reliable and
whether human labellers can benefit from LLM assistance
(Zhu et al. 2023; Ashktorab et al. 2021).

Human labelling research shows that whilst human-in-
the-loop labelling is most common for dataset creation, it is
an imperfect process with humans showing personal belief
bias (Dasgupta et al. 2023) and requiring additional/expen-
sive safeguards for sensitive or confidential data. Desmond
et al. (2021b) and Dasgupta et al. (2023) demonstrate that
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these difficulties are further exaggerated when dealing with
multi-label tasks and unfamiliar, fictional, or abstract sce-
narios. LLM assistance in labelling can help reduce the cost
and time of labelling, while improving accuracy (Beck et al.
2024; Desmond et al. 2021a,b; IBM 2023; Zhu et al. 2023;
Zhou et al. 2024). Lai and Tan (2019) give a promising
demonstration of this approach in labelling data for decep-
tion detection, finding that showing model-predicted labels
helped improve the accuracy of human labelling. However,
the generalisation of this approach to labelling for other so-
cial reasoning tasks remains under-evaluated.

Methodology

We collected a dataset of social media content from the
platform Mastodon using the Mastodon API. The Mastodon
platform was chosen due to its API remaining open and the
platform not relying on recommendation algorithms to pro-
mote artificial instances of influence. Our dataset was col-
lected using a three-hop system in which each user is at most
three steps removed from a source user. The source users
were identified through a search for hyperlink references to
the news outlet BBC News, and the extended network is col-
lected through replies to posts made by users included in the
dataset at an earlier stage. Our dataset can therefore be con-
sidered an extended community made up of Mastodon users
who interact (if indirectly) with BBC News content. Due to
the small world theory, the resulting dataset consists of 1
million unique post-and-reply pairs from 150,000 Mastodon
accounts.

Manual labelling was then applied with each interaction
being given one of five possible labels regarding the form
of interpersonal influence observed in the interaction. The
dataset was reduced by identifying post-and-replies with
clear examples of the influence labels, and in doing so, iden-
tifying instances where influence was present in the first in-
teraction. Any unclear examples were skipped. The extrac-
tion of clearly labelled examples across the five categories
of influence resulted in a robust Cohen’s Kappa agreement
of 0.963. This score was attained by both annotators af-
ter a cross-examination of the labels and their correspond-
ing reasoning. The final dataset consisted of 312 scenarios
covering the array of online influence categories, over 2800
LLM labelled entries across four shot categories, totalling
a human and Al labelled dataset of 11,000 labels for cross-
comparison. The corresponding distribution of human influ-
ence labels and the corresponding definitions were:

e Low Influence (24%): Indicates that the user has re-
sponded in a neutral manner providing minimum data or
purely factual information.

¢ Moderate Influence (24%): Indicates the user has re-
sponded with an opinion that aligns or indicates a per-
sonal level of interest in the discussion topic and what
has been stated.

* High Influence (19%): Indicates an obvious level of
change in the person’s opinions caused by the initial
comment.

* Controversial Influence (10%): Indicates a polarized
comment caused by contempt to the original posted con-



tent, this influence indicates a reaction rather than a
change in thought.

L]

Repeating Influence (21%): Indicates an aligned view-
point likely caused by a similarity in perspective before
the conversation took place, this influence indicates sup-
port to a pre-existing stance held.

| Category | LLM Influence Predicted Labels |
Standard Low | Mod | High | Rep. | Cont.
High Active Low Active Rep. | Cont.
Active Active Rep. | Cont.
Binary Active Active Non-Active

Table 1: Combination of labels used in sets. Standard la-
bels have the following distribution: Low (24%), Moderate
(24%), High (19%), Repeating (21%), Controversial (10%)

LLMs were then asked to predict these labels for post-
and-reply pairs. Annotators were provided with the same in-
fluence definitions and instructions as those provided to the
LLMs. We did this to aid comparison between LLMs and
human annotators on social media, natural language, and in-
struction comprehension. We varied the number of exam-
ples made available to each LLM within the prompt, rang-
ing from no examples (0-shot) to 3 examples of each label
type (3-shot; 15 total examples). In analysis of LLM perfor-
mance, the five influence labels were organised into different
analysis sets [See Table 1] to test whether LLMs are more
capable of distinguishing between different category bound-
aries when identifying types of interpersonal influence in on-
line exchanges.

We tested the performance of an array of state-of-the-art
LLMs. The Open-Al API was used to deploy the GPT-3.5
Turbo and GPT-4 Turbo models in January 2024, we also
used a private account on the IBM Watson X Al Platform to
deploy: Flan T5 XXL, Flan UL2, Granite 13b Instruct VI,
Granite 13b Instruct V2, Llama 2 13b Chat, Llama 2 70b
Chat, and MTO XXL. These models all used the same hyper-
parameter settings: Repetition Penalty (1.0), Maximum New
Tokens (300), Minimum New Tokens (0), Stop Sequence
([END]), Decoding Method (Sampling), Temperature (0.7),
Top P (1), Top K (50).

While we evaluated the accuracy of each model at pre-
dicting the correct label for an online interaction, we also
wanted to understand why an LLM was making a decision,
and to evaluate its reasoning. For this reason, our prompt
asked models to explain their reasoning. We then labelled
each explanation following the scheme given:

1. Inadequate Detail: Short or no explanation.

2. Detailed: Long explanation offering unique perspectives
that build upon the label definition.

3. Invalid Structure: The output content is incorrectly
tagged or inconsistently structured.

4. Post Content Hallucination (PCH): False content that
has been quoted as occurring in the posts or tangent like
behaviour.
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5. Author Confusion: Misquoting or misunderstanding the
context of the discussion topic because of user confusion.

6. References Content: Quotes post or reply content.

7. Lacked Conviction: The user’s explanation contains
more than one label option or a lack of confidence in the
predicted label.

8. Label Misalignment: The predicted label and the expla-
nation describe different labels.

9. Correct for Incorrect Reasons (CFIR): Whilst an an-
swer’s label is correct the conclusion is not.

10. Convincing: The content provides a convincing alterna-

tive or correct answer.
11.
12.

Unreadable: The content is unreadable.

Misinterpreted Cultural Context (MCC): Incorrect
prediction because of a misunderstood cultural reference.

Notably Valid Cultural Interpretation (NVCI): Show-
ing an excellent understanding of human and cultural be-
haviour.

13.

This allows us to correlate the features of an explana-
tion with the accuracy of a corresponding decision, which is
achieved by taking the highest and lowest 10% of examples
based on accuracy across shot answers. As model accuracy
could also depend on features of the online interaction, we
also labelled the post-and-reply pair for the presence of com-
mon topical or content features. These labels were defined
by observations from annotators during the first round of la-
belling, and examined relationships between the post con-
tent features, LLM reasoning, and model accuracy. These
labels included the following categories and definitions:

1. Sarcasm: Sarcasm towards a person or topic.

2. Topic Anger: Anger towards the discussed topic.

3. Public Information: Publicly available information.
4

. Private Information: Personal anecdote or private infor-
mation.

9,1

Requesting Advice: A user is requesting advice or situ-
ational help.

Pop-Culture: References to music, films, books etc.
Political: Political people or topics.

Question: Content includes a question.

o »® e

News Story: A discussion around a news topic.
10.

. Promotions: Content is promoting an associated product
or service.

Quotes: Content quotes a source.

12.
13.
14.

Educational: Content is educational in nature.
Inspirational: Content has an inspirational narrative.

Personal Presentation: A user is presenting a piece of
work or an activity they are associated with.

15. Interactive: Content comments directly to other people’s

input.



Specification Standard Labels | Active Influence | Binary Active Influence | High Active Influence
Model | Shot [ Acc M-F1 Acc M-F1 Acc M-F1 Acc M-F1
Flan TS5 XXL 0 0.32 0.27 0.66 0.40 0.69 0.55 0.41 0.34
Flan TS5 XXL 1 0.32 0.26 0.68 0.39 0.71 0.56 0.40 0.32
Flan TS5 XXL 2 0.33 0.28 0.69 0.40 0.73 0.59 0.49 0.37
Flan TS5 XXL 3 0.33 0.29 0.70 0.41 0.72 0.55 0.46 0.36
Flan UL2 0 0.32 0.23 0.68 0.35 0.70 0.52 0.42 0.30
Flan UL2 1 0.29 0.20 0.68 0.33 0.69 0.46 0.37 0.26
Flan UL2 2 0.30 0.21 0.67 0.30 0.69 0.48 0.39 0.26
Flan UL2 3 0.35 0.27 0.70 0.34 0.71 0.49 0.40 0.28
GPT-3.5 Turbo 0 0.22 0.15 0.69 0.31 0.70 0.48 0.32 0.22
GPT-3.5 Turbo 1 0.30 0.21 0.69 0.36 0.72 0.54 0.37 0.28
GPT-3.5 Turbo 2 0.31 0.28 0.68 0.42 0.71 0.57 0.44 0.35
GPT-3.5 Turbo 3 0.27 0.24 0.68 0.41 0.73 0.60 0.40 0.32
GPT 4 Turbo 0 0.37 0.31 0.72 0.53 0.76 0.69 0.47 0.44
GPT 4 Turbo 1 0.42 0.40 0.75 0.59 0.79 0.72 0.54 0.52
GPT 4 Turbo 2 0.41 0.40 0.70 0.59 0.76 0.74 0.56 0.53
GPT 4 Turbo 3 0.41 0.41 0.74 0.60 0.80 0.77 0.53 0.51
Granite V1 0 0.22 0.15 0.62 0.26 0.63 0.42 0.37 0.21
Granite V1 1 0.27 0.25 0.55 0.42 0.63 0.60 0.41 0.36
Granite V1 2 0.25 0.23 0.49 0.34 0.63 0.61 0.35 0.30
Granite V1 3 0.21 0.19 0.46 0.35 0.59 0.58 0.33 0.26
Granite V2 0 0.21 0.14 0.67 0.29 0.68 0.44 0.42 0.21
Granite V2 1 0.29 0.23 0.62 0.38 0.66 0.55 0.41 0.32
Granite V2 2 0.22 0.20 0.60 0.37 0.65 0.56 0.37 0.28
Granite V2 3 0.26 0.22 0.59 0.39 0.64 0.55 0.41 0.32
Llama 2 13b 0 0.23 0.08 0.68 0.27 0.68 0.41 0.43 0.15
Llama 2 13b 1 0.25 0.19 0.65 0.35 0.69 0.54 0.39 0.28
Llama 2 13b 2 0.19 0.17 0.54 0.30 0.65 0.58 0.34 0.24
Llama 2 13b 3 0.17 0.18 0.41 0.32 0.57 0.55 0.27 0.25
Llama 2 70b 0 0.24 0.14 0.67 0.31 0.68 0.44 0.40 0.21
Llama 2 70b 1 0.27 0.23 0.70 0.43 0.73 0.58 0.40 0.33
Llama 2 70b 2 0.31 0.31 0.65 0.49 0.68 0.61 0.47 0.40
Llama 2 70b 3 0.33 0.33 0.61 0.48 0.66 0.61 0.41 0.39
MTO0 XXL 0 0.13 0.17 0.30 0.25 0.52 0.52 0.18 0.20
MTO0 XXL 1 0.21 0.21 0.46 0.37 0.58 0.57 0.24 0.24
MTO0 XXL 2 0.20 0.19 0.49 0.33 0.64 0.62 0.33 0.25
MTO XXL 3 0.19 0.18 0.38 0.28 0.54 0.53 0.25 0.22
Mean 0276 0233 | 0.618  0.381 | 0.675 0.56 0.394 0.308
Std Dev 0.07 0.076 | 0.109  0.091 | 0.064 0.082 0.08 0.091

Table 2: Table showing the capabilities of models across all shots predicting influence labels using accuracy (Acc) and Macro-

F1 (M-F1).

Results

Interpersonal Influence Identification (RQ1)

The capabilities of each model vary across shots [Table 2],
with little evidence that shot quantity affects accuracy [re-
inforces Malik et al. (2024); Ziems et al. (2023)]. Judged
under the Standard set of labels, the highest model accu-
racy obtained was 0.42 (GPT 4 Turbo, 1-shot), whilst the
worst model performed at 0.13 (MTO XXL, 0-shot). The
best-performing models were the Flan (consistently above
0.3) and GPT models. Whilst all models under-performed in
high-resolution influence labelling (the Standard label set;
mean accuracy 0.276), they performed better in lower reso-
lutions (e.g., mean accuracy for the Active label set rose to
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0.618). The mean increase of 0.056 between Active and Bi-
nary Active labelling accuracy also implies fewer issues dif-
ferentiating repeating and controversial forms of influence
from active influence of any intensity.

We also explore whether model architecture/size affects
predictive performance (GPT 4 parameter sizes are based on
reported speculation). As shown in Table 4, while the largest
model was the most performant, we find no consistent rela-
tionship between model size and influence prediction, with
significantly more weight being put on training data over
model size. In fact, Flan models with only 13b-20b parame-
ters have second highest Standard set accuracy, outperform-
ing the larger Llama2 and GPT 3.5 models.



| Explanation Label |GPT-4 Llama70b MTO Granite V1 Granite V2 Flan UL2 Flan T5 Llama I3b GPT-3.5]
(L) Inadequate Detail 0.00 0.32 50.00 19.94 20.44 27.45 24.32 1.29 0.70
(H) Detailed 26.71 21.66 NA 0.55 0.27 1.31 5.46 21.94 26.48
(L) Invalid Structure 0.00 10.83  50.00 19.94 20.44 26.80 24.32 10.97 3.14
(L) PCH 1.19 7.96 NA 11.91 7.08 4.58 5.19 1.61 2.44
(L) Author Confusion 1.19 2.87 NA 4.99 3.54 1.96 1.91 3.23 3.14
(H) References Content | 26.71 22.61 NA 16.62 19.62 14.71 13.93 22.90 25.78
(L) Lacked Conviction | 1.78 3.18 NA 1.94 2.45 0.98 1.09 4.19 4.18
(L) Label Misalignment | 6.23 5.10 NA 5.54 7.08 6.54 6.01 5.81 6.27
(L) CFIR 0.30 0.96 NA 2.77 1.09 3.59 2.46 0.65 0.35
(H) Convincing 19.29 14.97 NA 6.37 5.99 3.27 7.38 14.84 13.24
(L) Unreadable 0.00 0.00 NA 0.28 0.82 0.98 0.55 0.00 0.00
(L) MCC 2.97 4.14 NA 6.93 5.18 1.96 2.73 4.84 2.44
(H)NVCI 13.65 5.41 NA 2.22 5.99 5.88 4.64 7.74 11.85

Table 3: Table showing explanation content factor percentages across models. (L): Low values are more desirable; (H) Higher
values are more desirable.

Model Consistency Across Shots
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Figure 1: Chart showing the consistency of model labels across shots. Consistency is measured as the (percentage) occurrence
of a dominant label for a piece of content across the four shot categories, which is then averaged across the entire dataset.

| Model - Size || Std. | Active | Binary [ High | monly have a dominant prediction across shots.
GPT 4 - 100000B || 0.41 | 0.73 0.77 0.53 A consistent decision is not necessarily a correct one.
GPT3.5-175B 0.29 | 0.68 0.71 0.39 However, Table 5 gives us insight into the accuracy of dom-
Llama 2 - 70B 0.29 | 0.66 0.68 041 inant labels and shows that, in practice, dominant labels are
Flan UL2 - 20B 0.31 | 0.68 0.69 0.4 on average more accurate and have slightly less deviation
MTO0 XXL - 13B 0.19 | 0.42 0.56 0.25 across models in comparison to isolated shot predictions,
Granite V1 -13B || 0.23 | 0.52 0.63 0.36 with the largest improvement being in the Active label set
Granite V2 - 13B || 024 | 0.61 0.65 041 (5.5%). Whilst these accuracy changes are minor, they sug-
Llama?2 - 13B 021106 0.66 036 gest that the majority performance for each model can be
Flan T5-11B 033 1 0.60 0.71 0.44 improved with a collective strategy averaged across instruc-

tion sets involving different numbers of example decisions.

Table 4: Table showing model parameter size to model pre-

diction accuracy chart across categories. Interpersonal Influence Generated Explanations

(RQ2)

We also review LLM explanations used to justify the as-
signed label. Using the categories showing model reasoning

Figure 1 presents how consistently a model produced the
same label for a given post-and-reply pair across all of the
0-shot to 3-shot instruction sets. This measure gives us some
understanding of how contingent upon examples a model’s
understanding of the influence labelling task might be. The
most consistent model is GPT-4 Turbo (80%) followed by
Flan and Granite, and whilst there is a decline, model av-
erages do not fall below 50%, suggesting that models com-
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quality (shown in our Methodology), we labelled each ex-
planation to assess the capability of each model’s social rea-
soning. Variations in Table 3 show GPT-4 Turbo achieves
the highest performance across explanation metrics. Due to
the majority output of MTO XXL being invalid, these scores
were ignored when assessing these results. Regarding pos-
itive explanation characteristics, the detailed and convinc-
ing features are most often present in explanations authored



Standard Labels Active Influence Binary Active Influence | High Active Influence
Group Accuracy Macro-F1 | Accuracy Macro-F1 | Accuracy  Macro-F1 Accuracy Macro-F1
Flan T5 XXL 0.33 0.27 0.69 0.41 0.71 0.55 0.45 0.36
Flan UL2 0.31 0.20 0.67 0.29 0.69 0.46 0.39 0.25
GPT-3.5 Turbo 0.29 0.24 0.71 0.40 0.73 0.57 0.41 0.32
GPT 4 Turbo 0.42 0.39 0.75 0.61 0.80 0.75 0.54 0.52
Granite 13b V1 0.25 0.23 0.60 0.41 0.69 0.63 0.40 0.33
Granite 13b V2 0.27 0.20 0.66 0.35 0.69 0.53 0.45 0.30
Llama 2 13b Chat 0.26 0.17 0.70 0.38 0.71 0.51 0.44 0.26
Llama 2 70b Chat 0.30 0.25 0.70 0.45 0.72 0.57 0.45 0.36
MTO XXL 0.18 0.18 0.39 0.28 0.58 0.57 0.25 0.22
Mean 0.291 0.235 0.652 0.397 0.701 0.570 0.418 0.324
Standard Deviation 0.064 0.067 0.108 0.097 0.058 0.082 0.077 0.089
All Models 0.31 0.27 0.69 0.41 0.73 0.59 0.43 0.35

Table 5: Prediction accuracy using most common predicted label in each group.

GPT-3-5-Turbo _ | I |nadequate Detail
Detailed
Llama 2 13b Chat H B | ] Invalid Structure
Flan T5 XXL E— 1 Post Content Hallucination
an mmm Author Confusion
Flan UL2 H 1 ] B References Content
K} . Il |acked Conviction
‘é Granite 13b Instruct V2 H B ] Label Misalignment
Granite 13b Instruct V1 B 1 B Corrgct for Incorrect Reasons
Convincing
MTO XXL Unreadable
B Misinterpreted Cultural Context
mn . .
Hama 2 70b Chat - Notably Valid Cultural Interpretation
GPT-4-Turbo L N |
(') 2'0 4I0 GIO 8'0 100

Figure 2: Chart showing percentages for each explanation factor for incorrectly predicted responses.

by the GPT and Llama models, whilst all models did well
at referencing content of the online interaction. Regarding
negative characteristics, post-content hallucinations (PCH)
were most common in explanations produced by Granite and
Llama 2 70B models, with Granite also being more likely
to confuse the author with the discussion topic and misun-
derstand cultural contexts (MCC). We suspect that this is
caused by the Granite models’ training data focusing on eth-
ically sourced and smaller datasets, demonstrating the im-
portance of data over architecture (Xie and Park 2023; Dey
et al. 2024). All models had a similar likelihood of label mis-
alignment (5-7%), however, this was a rarer occurrence re-
maining below 10% per model.

Reviewing explanations specifically for cases where the
label decision was incorrect (see Figure 2), we find the char-
acteristics remain mostly the same as for correct predic-
tions, with e.g., GPT-4 Turbo often presenting a correct in-
terpretation of the post-and-reply exchange and a convinc-
ing argument for a label other than the correct one (GPT-
3.5 Turbo and Llama models also did this to a lesser ex-
tent). The ability of these models to provide coherent justi-
fications for an incorrect label speaks to both the utility and
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possible dangers of LLMs as annotators. Overall the scope
of explanation quality was much broader than initially ex-
pected. Explanation characteristics like Detailed, Convinc-
ing and NVCT were often intercorrelated, whilst charac-
teristics like Author Confusion, Lacked Conviction, Label
Misalignment, Unreadable and MCC show little correlation
with other characteristics or labelling performance, appear-
ing to be independent issues.

Post and Reply Feature Analysis (RQ3)

By analysing the original features of the post-and-reply con-
tent, we can find content features that pose challenges for the
models. Posted content annotations (found in our Method-
ology) were defined by observations from annotators dur-
ing the first round of labelling, using these categories we
identified common features of the online interactions that
models were labelling, and compared the relationship be-
tween predictive accuracy and common features. For com-
parison purposes, we divide the models into clusters, using
a K-Means clustering methodology using their labelling de-
cisions. This methodology suggests three groups we devised
based on model output clustering (before splinter groups oc-
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Figure 3: Heatmaps of model groups showing the correlation between social media post content features and the accuracy of

each model group predicting influence.

cur): the Flan models, the GPT and Llama models, and the
Granite and MTO models.

Figure 3 presents the correlations between accuracy and
social media content features, both overall and per-cluster.
Overall, we can see that references to publicly available in-
formation have the highest negative correlation to model
accuracy, followed by references to political information,
anger about the topic, and news stories. In general, this pat-
tern suggests that the influence relationships in conversa-
tions related to negative comments on public or news fo-
rums are more likely to be misinterpreted by LLMs. In con-
trast, private or personal information alongside content that
requested advice or was considered inspirational was pos-
itively correlated with model accuracy. This pattern holds
true across other model groupings, with one differentiating
factor being that the Granite and MTO models’ predictive
performance was positively correlated with the presence of
inspirational content.

We suggest that the negative correlations we observe are
likely caused by models struggling to interpret newer un-
seen content/news (noted in (Shapira et al. 2023)). In addi-
tion, anger was seen to be harder for models to interpret,
with models often confusing angry agreement on a topic
with confrontational anger towards the other author. This
challenge reflects a failure of models to demonstrate theory-
of-mind: agents need to be identified separately from their
environment (Zhou et al. 2023). Meanwhile, references to
private information tended to make influence labelling sig-
nificantly easier for the model, perhaps due to the less polar-
ising nature of personal anecdotes and the higher likelihood
that personal stories follow semantic patterns.

Conclusion

In summary, we present a novel experiment to test LLMs’
capability for social reasoning and interpersonal influence
detection. We focus on three research questions: the ca-
pability of LLMs identify forms of influence, their abil-
ity to explain their reasoning, and how their performance
relates to common features of online content. Our results
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show that when asked to make high-resolution labelling de-
cisions, LLMs fail, with all models falling below 45% ac-
curacy in our evaluation. However, LLMs do perform sig-
nificantly better when making decisions with lower resolu-
tion, with GPT-4 Turbo performing at 80% in binary choice
tasks. We show that the Flan UL2 and GPT-4 Turbo mod-
els are the most consistent in behaviour across shots. Whilst
GPT 3.5 and 4 Turbo provide accurate predictions in low-
resolution environments, we see no consistent relationship
between model size and accuracy in our research. The abil-
ity of LLMs to produce convincing explanations of their
decisions is tested, and we discovered an array of issues,
including a small but consistent rate for models producing
explanations that contradict their labelling decision. More
concerningly, models that produced convincing explanations
for correct decisions were as capable of fabricating convinc-
ing explanations for incorrect decisions. Considering fea-
tures of the original online interactions, we find that LLMs
struggle more at providing an accurate prediction when con-
fronted with public/news/angry content, whilst personal/in-
spirational content was easier for the models to label. In
closing, LLMs provide some evidence of future influence
labelling potential, and may someday provide substantial as-
sistance in monitoring online social media content, monitor-
ing social interactions, and labelling for social science pur-
poses; however, existing LLMs require either careful han-
dling or further refinement to overcome the issues we have
discovered.
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