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Abstract

The response behaviors observed in online user-generated
content (UGC) frequently demonstrate non-linear character-
istics, such as conditional branching and selective avoidance.
These patterns present additional challenges for ensuring the
trustworthiness of Large Language Model (LLMs) reason-
ing, particularly as their unidirectional, left-to-right inference
mechanisms may not adequately capture such complex rea-
soning dynamics. To address this, we propose a Forest of
Thought Explanation (FoTE), a novel prompting that mod-
els the selective avoidance in UGC while ensuring expla-
nation consensus through reasoning paths across all deci-
sion sub-trees. FoTE firstly generates various reasoning paths
through an adaptive CoT prompting. Each generated thought
is subsequently evaluated through cooperative game theory
to quantify its fair influence. The thoughts with the top-
k contribution scores are preserved and randomly sampled
to emulate selective avoidance for the next reasoning itera-
tion. Through extensive evaluations across three open-source
LLMs and two established social science problems (spanning
four benchmark datasets), FoTE demonstrates superior suc-
cess rates compared to competing prompting strategies. No-
tably, its performance gains increase with the strength of se-
lective avoidance in social problems. The trustworthiness of
our FoTE is enhanced by the incorporation of (1) a solid the-
oretical foundation and (2) a transparent reasoning path that
converges toward consensus.

1 Introduction
User-generated content (UGC) refers to the myriad of con-
tent created and shared by users on social media platforms
that often reflects personal concerns, supporting data-driven
analysis in various social decision-making scenarios, such
as healthcare service (Liang et al. 2025), brand engagement
(Naeem 2020), and happiness prediction (Wu et al. 2025).
Selective avoidance, also known as branching or conditional
logic, is a survey design technique that automatically de-
termines which question a respondent should answer next
based on their previous response. This phenomenon can be
widely observed in UGC, where users selectively respond to
certain topics while ignoring others.
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Recently, large language models (LLMs) have shown sig-
nificant promise in reasoning, marking a new era in the
transformation of some emerging topics in social analysis
(Liu et al. 2025). The novel reasoning paradigms of X-
of-Thoughts (XoT), such as Chain of Thought (Wei et al.
2022b), Tree of Thought (Yao et al. 2023), and Forest of
Thoughts (Bi et al. 2025), significantly enhanced the rea-
soning ability of LLMs. Traditional prompting approaches
rely on unidirectional, left-to-right inference mechanisms
that generate constrained reasoning paths. This paradigm
fundamentally fails to address two critical complexities: (1)
the inherent branching logic embedded in question-answer
structures, and (2) the oversight of respondent-specific con-
ditions. Compounding these issues, selective avoidance be-
haviors further obscure the reasoning process, creating ad-
ditional opacity in model explanations. Though novel model
explanation methods, including model-specific and model-
agnostic explanations such as SHAP (Lundberg and Lee
2017), LIME (Ribeiro, Singh, and Guestrin 2016), and
DeepLIFT (Shrikumar, Greenside, and Kundaje 2017), have
arisen to address the limited insight into underlying causal
processes or theoretical implications, recent works (Kim
et al. 2024b; Wu et al. 2025) have highlighted inconsis-
tencies in instance-level explanations generated by different
predictive agents. Taking the Fig. 1 as an example, LLMs
A, B, and N are employed to reason about the same social
problem and are expected to produce outcomes accompa-
nied by intermediate reasoning steps. Nevertheless, the re-
sulting conclusions may differ, even though they are based
on the same questionnaire data. Inspired by some LLM-
based multiple-agent systems fostering cooperative behav-
ior within a group (de Curtò and de Zarzà 2025; Kim et al.
2024a), a Forest of Thought Explanation (FoTE) is proposed
for the explanation consensus by integrating multiple rea-
soning paths with a novel forest of explanation prompting.

Our work delivers three key contributions:

1. The FoTE is designed to generate a consistent explana-
tion across LLM reasoning paths for their outputs, espe-
cially for the problems with strong selective avoidance.

2. The adaptive Chain of Thought can capture respondents’
primary considerations across multiple dimensions, such
as family and work, and others.
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View: Finance
Question: What is your level
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Figure 1: An example of reasoning inconsistency across different LLMs on the same survey. Based on the same questionnaire,
selective avoidance can result in contradictory reasoning outputs and inconsistent explanations by LLMs, which poses chal-
lenges for reasoning trustworthiness.

3. An important scientific finding demonstrates the effec-
tiveness of FoTE for real-world inference problems with
strong selective avoidance. This discovery is confirmed
by extensive experiments using three reasoning-capable
LLMs and four real-world, community-recognized
datasets, which cover two popular social problems and
two data types. It achieved the best reasoning success rate
of 0.84 and the best weighted F1 score of 0.83.

2 Related Work
2.1 LLM Prompting Reasoning
LLMs increasingly excel at a wide range of text and multi-
modal tasks—including classification, summarization, and
complex reasoning—often achieving results that exceed hu-
man performance (Bang et al. 2023; Qin et al. 2023). Several
socially oriented applications, such as misinformation iden-
tification (Choi and Ferrara 2024), sentiment classification
(Xing 2025), hate speech recognition (Hong et al. 2024), and
stance or humor analysis (Inácio and Oliveira 2024; Thapa
et al. 2024), rely on combining diverse social cues and con-
textual signals. To strengthen LLM reasoning in these set-
tings, researchers have introduced various prompting tech-
niques, which largely fall into two groups: Input–Output
(I/O) and X-of-Thoughts (XoT) prompting strategies.

Input-output (I/O) Prompting Among existing prompt-
ing methods, I/O prompting—mainly covering both zero-

shot and few-shot methods (Wei et al. 2022a)—is the most
widely used. By supplying natural-language task descrip-
tions along with the desired form of the answer, these ap-
proaches help LLMs establish a clearer reasoning context,
which in turn improves the quality of their inference (Hasan
et al. 2024). Prior work (Brown et al. 2020; Ahuja et al.
2023) has consistently shown that few-shot examples typi-
cally yield better performance than zero-shot. These works
indicate that well-designed prompting can enhance LLM
reasoning performance.

X-of-Thought Prompting Chain-of-Thought (CoT)
prompting (Wei et al. 2022b) was introduced to handle rea-
soning tasks that are difficult to formalize, especially when
the mapping from a question x to an answer y is complex.
By guiding models to generate intermediate steps, CoT
strengthens the reasoning ability of LLMs and improves
their inference on challenging tasks. This approach has
been widely adopted in areas such as question answering
(Rasool et al. 2023) and mathematical reasoning (Shi et al.
2023). Several extensions—including Self-Consistency
CoT (SC-CoT) (Wang et al. 2023), Tree-of-Thoughts (ToT)
(Yao et al. 2023), Tree of Uncertain Thoughts (TouT)
(Mo and Xin 2024), and Forest of Thought (FoT) (Bi
et al. 2025)—have further demonstrated strong results on
tasks like mini crosswords and creative generation. These
methods underscore the effectiveness of the X-of-Thoughts
prompting framework.
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Figure 2: A FoTE framework is proposed for reaching an explanation consensus. Thought candidates are generated by LLMs
and evaluated by a cooperative evaluator, then integrated into the FoTE reasoning process, which consists of m sub-trees. The
pink tree nodes represent a path of the LLMs’ reasoning, generating a corresponding explanation.

2.2 Explanation for LLMs
To improve the explanation of LLMs, the follow-up works
proposed numerous prompting methods to generate natu-
ral language explanations for why a certain text could be
hateful by Chain of Explanation (CoE) (Huang, Kwak, and
An 2023), for dialogue state tracking by Chain-of-Thought-
Explanatio (CoTE) (Xu et al. 2024b), and an explanation
verification method named CoTEVer (Kim et al. 2023).
However, these prompting methods are primarily aligned
with left-to-right instruction mechanisms, which are insuffi-
cient for addressing social problems due to the absence of a
selective avoidance strategy. As a result, they fail to account
for individual differences among respondents.

In summary, existing research reveals two fundamental
limitations in LLM reasoning: (1) the inability to effec-
tively model selective avoidance behaviors prevalent in on-
line UGC, primarily due to the constraints of unidirectional
left-to-right inference architectures; and (2) the persistent
challenge of generating transparent and reliable explana-
tions for LLM reasoning processes.

3 Methodology
Recent studies (Mo and Xin 2024; Bi et al. 2025) indi-
cate that uncertainty exploration can effectively navigate
large combinatorial feature spaces to locate high-quality so-
lutions. Building on this insight, a new prompting method
named FoTE is introduced for selective avoidance in social
reasoning tasks, as illustrated in Fig. 2. The core of this
framework is the adaptive Chain of Thoughts (aCoT), de-
signed to produce reasoning thoughts for each view by lever-
aging prompt-based learning to convert user-provided con-

tent into linguistic cues that guide the breakdown of interme-
diate reasoning steps. Distinct from prior contribution com-
puting techniques—such as entropy measures, score-based
ranking, or voting (Yao et al. 2023)—our approach evalu-
ates thoughts through a cooperative contribution evaluator
grounded in the Shapley value (Shapley 2016). FoTE then
aggregates the full set of generated thoughts and reasoning
paths, enabling the model to search the extensive thought
space for the most effective reasoning strategy.

3.1 Problem Statement
Let a multi-turn interaction in social problems be repre-
sented as a view-annotated dialogue history

D = {(vi, qi, ri)}Ji=1,

where for the i-th turn, vi ∈ V denotes the view (e.g., eco-
nomics or family), qi ∈ Q is the question, and ri ∈ R is
the response. To construct a sampled multi-turn dialogue for
simulating the selective avoidance, we randomly select D∗

containing m tuples from the dataset D:
D∗ = {(vi, qi, ri)}ki=1, where (vi, qi, ri) ∼ Uniform(D).

An explanation generator g : V × Q ×R → ε∗ produces a
sequence of intermediate explanations Ei = (e1, e2, . . . , el)
for a multi-turn interaction, following Ei = g(vi, qi, ri),
where ej ∈ ε are explanation tokens. The explanation-
augmented dialogue state D′ is then constructed as:

D′ = {(vi, qi, Ei, ri)}ni=1 ⊆ V ×Q× ε∗ ×R,

where n ≤ k. A reasoning forest F is a set of J tree-
structured LLMs {Tj}mj=1. The final output is the aggrega-
tion of all leaf-node states.
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Figure 3: Hierarchical Multi-View Thought Generation Us-
ing the adaptive Chain of Thought.

3.2 Multi-View Thought Generation
Linguistic cues (Levitan, Maredia, and Hirschberg 2018; Xu
et al. 2024a) provide insight into respondents on social anal-
ysis and refer to specific levels, which are beneficial to lan-
guage models for the explanation of different views. The so-
cial phenomenon is influenced by various perspectives in-
formed by social science knowledge. For example, positive
emotions, engagement, relationships, meaning and purpose,
and accomplishment are identified as primary factors in the
mental state (Bognar 2010). Inspired by this knowledge, the
aCoT is proposed to generate thoughts from different views,
as shown in Fig. 3.

The layers of a language model capture different aspects
of linguistic structure (van Aken et al. 2019). Therefore, we
treat models at various layer depths as specialized learners
representing distinct views, and their outputs are combined
within a forest architecture to improve predictive accuracy.
In our method, LLMs equipped with CoT prompting are em-
ployed to derive intermediate reasoning explanations from
multiple perspectives associated with each view. The over-
all procedure can be expressed as a hierarchical, multi-level
functional mapping, as defined below.

FLLM = (V,Q,R) → (V,K,R), (1)
where V is the set of views, Q represents the ques-
tions, and R corresponds to their associated response. For
a view–question–response tuple (vi, qi, ri), the extraction
function for generating thoughts at level Li is by Eq. 2.

TL1 = G(L1)
LLM (vi, qi, ri) (View-level thoughts)

TL2
= G(L2)

LLMTL1
(Keywords-level thoughts)

TL3
= G(L3)

LLMTL2
(Final reasoning outputs)

(2)

where TLi
denotes the set of thoughts produced at level

Li by the thought generator. Specifically, TL1
, TL2

, and
TL3

correspond to the view-level outputs, emotion-keyword
outputs, and final generated responses, respectively. The
thoughts derived at each layer of the hierarchy collectively
form the pool of candidate components.

3.3 Forest of Thought Explanation
Each thought generated by aCoT is evaluated using a co-
operative thought evaluator and is constructed as a sub-tree.
The sub-tree is then joined into a forest of explanations for
final reasoning. As shown in Fig. 2, the FoTE is defined
as a multi-reasoning path with a selection mechanism and
consensus-driven explanation represented by a pink node
path. The key improvements include the traceable reasoning
steps and capturing selective avoidance.

Synergistic Contribution Evaluation Drawing on princi-
ples from cooperative game theory (Shapley 2016), we intro-
duce a cooperative thought evaluator designed to identify the
top-k most influential thoughts produced by aCoT, as also il-
lustrated on the right side of Fig. 2. This evaluator ensures
fair attribution of contribution within a group of thoughts
and adheres to the accuracy, missingness, and consistency
criteria of feature attribution (Shapley 2016). In contrast to
methods such as LIME (Ribeiro, Singh, and Guestrin 2016)
and DeepLIFT (Shrikumar, Greenside, and Kundaje 2017),
which approximate importance through local perturbations
or gradient-based decompositions, the cooperation-based
evaluator directly models cooperative interactions and syn-
ergistic contributions among thoughts, providing stronger
theoretical grounding and improved reliability in quantita-
tive assessment.

The reasoning process is viewed as a cooperative effort
aimed at producing the correct outcome using all available
thoughts. Accordingly, the contribution of a specific thought
j is denoted by ϕj , defined as follows:

ϕj(v) =
∑

S⊆T ′\{T ′
j }

|S|!(|T ′|−|S|−1)!
|T ′|![

v(S ∪
{
T ′
j

}
)− v(S)

]
,

(3)

where T ′ ⊆ T , j = {1, · · · , |T ′|}, and S ⊆ T ′ \
{
T ′
j

}
denotes all possible subsets of thought set T ′ that excludes
the j-th thought. The size of this subset is given by |S|.
The |S|!(|T ′| − |S| − 1)!/|T ′|! represents the probabil-
ity of sampling subset S. v(S ∪ T ′

j ) − v(S) measures the
marginal contribution of thought j, where v(·) ∈ R de-
notes the model output conditioned on the thoughts con-
tained in the given set. Thus, the contribution score is com-
puted as a weighted average of these marginal differences
across all subsets S that exclude thought j. Because the
exact computation incurs exponential complexity, we em-
ploy a Monte Carlo–based approximation (Strumbelj and
Kononenko 2014) to make the evaluation tractable.

Efficient Thought Selection To improve the efficiency of
the reasoning process, we retain only the top-k thoughts with
the highest contribution scores ϕj(v) from different views,
i.e,

∑
T ′
j ∈T ′⊆T ϕj(T ′

j ), rather than utilizing the full set of
generated thoughts. T denotes the complete set of thoughts
produced by aCoT; T ′ ⊆ T refers to a subset of n thoughts
sampled at random; and |T ∗| = k represents the top-k sub-
set containing the highest-valued thoughts.

Uncertainty-Aware Reasoning Modeling uncertainty for
responses remains a key challenge in reasoning tasks. Ex-
isting methods, including FoT, ToT, and SC-CoT, depend
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Algorithm 1: Generating Forest of Thought Explanation
Require: Input data D, number of sub-trees m, and thought
number |T |

1: Draw a sample x of question–answer pairs from D;
2: for each sampled instance x do
3: Apply aCoT to obtain the complete thought pool T ;
4: Select a subset T ′ from T via non-replacement sam-

pling;
5: Determine the top-k candidate thoughts T ∗ from T ′;
6: for each level-wise thought set TLi

within T ∗ do
7: Choose a root thought according to Eq. 5;
8: Use the cooperative evaluator to identify the most

informative splitting thought;
9: Expand the left branch via DFS applied to T left

i ;
10: Expand the right branch via DFS applied to T right

i ;
11: end for
12: Combine all generated sub-trees into the FoTE;
13: end for
14: Return the completed Forest of Thought Explanation

on predetermined and deterministic reasoning trajectories.
By contrast, our FoTE incorporates a reasoning path fusion
strategy that randomly samples from the generated thoughts
to create |T ∗| approximate, independent, and identically dis-
tributed (i.i.d.) thought sets, capturing the effect of selective
avoidance across individuals (Zhang et al. 2022). As for-
malized in Eq. 4, this uncertainty-aware reasoning process
leverages the importance weighting function ϕTLj

(v) to se-
lect more informative thoughts preferentially.

P (TLi
j
∈ T ∗) ∝ ϕT

Li
j

(v) (4)

Using the selected thought subset TLj , multiple trees
{T1, T2, · · · , Tm} could be generated through randomized
sampling. Initially, the root nodes R = {Tr1 , Tr2 , · · · , Trm}
are chosen according to Eq. 5, where each root corresponds
to the thought with the highest contribution score among
its candidates, ensuring that the most informative thoughts
guide the initial branching of the forest.

P (Trj is root) ∝ ϕj(v) (5)

where the Trj ∈ T ∗ is the candidate root of each sub-tree.
Different search strategies can be integrated into the

prompting method depending on the structure of the con-
structed RoTE. In this work, we adopt an effective tree-
expansion procedure and leave the incorporation of more so-
phisticated algorithms for future study. Depth-First Search
(DFS) is often favored over Breadth-First Search (BFS) in
various computational settings due to its lower memory re-
quirements, strong performance in deep search spaces, and
natural compatibility with recursive formulations (Tarjan
and Zwick 2024). The DFS-based construction process for
FoTE is outlined in Algorithm 1 to provide a clear view of
the computation pipeline. Step 1 samples a subset of ques-
tion–answer pairs across different views to form the first
level of selective avoidance. Steps 2–13 iteratively grow the
random forest of thoughts. In detail, Step 4 draws a subset T ′

from T without replacement; Step 5 evaluates each thought
and retains the top-k set T ∗. Step 7 determines the root of
each tree using Eq. 5; Step 8 identifies the optimal splitting
thought—the one with the highest cooperative contribution
score. Steps 9–10 recursively generate the left and right sub-
trees. Finally, Step 12 aggregates all constructed subtrees
into the complete FoTE prompting architecture.

4 Experiment
4.1 Experiment Setup
Base LLMs We employ three open-source LLMs as
base models to evaluate FoTE: Qwen2.5-7B1, Llama3-8B2

(at Meta 2024), and the recent state-of-the-art DeepSeek-
R1-8B3 (DeepSeek-AI et al. 2025). DeepSeek-R1 is distilled
from Qwen and Llama models and exhibits strong reasoning
capabilities. We test all three LLMs on a variety of widely
used prompting benchmarks, including standard zero-shot
I/O, CoT, SC-CoT, ToT, FoT, and FoTE prompting.

Dataset The prompting method is evaluated on two rep-
resentative social science problems characterized by strong
selective avoidance: happiness prediction and depression de-
tection (Yang et al. 2022). These tasks span two major cate-
gories of contemporary social science analysis—surveys and
social media datasets—thus providing comprehensive cov-
erage of mainstream application settings.

• Survey Data. Two open, shared, and large-scale social on-
line investigation datasets are employed in this work, such
as 1) Social Survey containing the Chinese General Social
Survey4 and the European citizens survey dataset5, as well
as 2) Student Survey6.

• Social Media Data. Depression Post7 is a multi-turn dia-
logue in online comments and can be used for depression
detection. Happy Moments (Asai et al. 2018) is a large-
scale collection of happy moments over three months on
Amazon Mechanical Turk, containing more than 100,000
crowd-sourced happy moments in a specific area.

Metrics The success rate and weighted F1 score, as used
in (Wei et al. 2022b; Yao et al. 2023), are employed to eval-
uate the reasoning performance of the LLMs.

Parameter Settings and Environment Following prior
work (Wei et al. 2022b; Wang et al. 2023; Yao et al. 2023),
each prompt is executed 100 times on randomly sampled
inputs, and the mean performance is reported. FoTE uses
a maximum depth of 3, a maximum thought count of

√
N

where N = |T ′|, and a minimum split size of 2. The num-
ber of trees is selected from {2x | x = 1, · · · , 7}. Experi-
ments are performed in Python 3.12 and PyTorch 2.3.0 on a
standard server with dual RTX 3080 (20GB) GPUs.

1https://ollama.com/library/qwen2.5:7b
2https://ollama.com/library/llama3
3https://ollama.com/library/deepseek-r1
4http://cgss.ruc.edu.cn/
5https://ess-search.nsd.no/
6https://www.kaggle.com/datasets/hopesb/
7https://www.kaggle.com/code/isanbel/depression-on-twitter
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LLMs Prompting Social Survey Student Survey Happy Moment Depression Post
Success Weighted-F1 Success Weighted-F1 Success Weighted-F1 Success Weighted-F1

Qwen2.5-7B

I/O Prompt 0.20 0.19 0.58 0.57 0.47 0.47 0.34 0.32
CoT 0.45 0.43 0.67 0.66 0.64 0.62 0.41 0.37
SC-CoT 0.49 0.48 0.79 0.78 0.65 0.65 0.56 0.54
ToT 0.53 0.51 0.80 0.80 0.69 0.66 0.66 0.63
FoT 0.56 0.55 0.82 0.81 0.71 0.70 0.69 0.68
FoTE(Ours) 0.60 0.57 0.84 0.83 0.73 0.72 0.73 0.70

Llama3-8B

I/O Prompt 0.29 0.27 0.54 0.49 0.44 0.43 0.51 0.44
CoT 0.51 0.47 0.61 0.59 0.59 0.60 0.75 0.74
SC-CoT 0.62 0.61 0.65 0.62 0.70 0.69 0.75 0.75
ToT 0.64 0.62 0.81 0.80 0.72 0.71 0.76 0.74
FoT 0.67 0.66 0.81 0.81 0.73 0.72 0.79 0.77
FoTE(Ours) 0.72 0.71 0.84 0.83 0.75 0.74 0.81 0.79

DeepSeek-R1-8B

I/O Prompt 0.21 0.19 0.56 0.54 0.49 0.50 0.49 0.45
CoT 0.36 0.34 0.62 0.59 0.54 0.51 0.66 0.59
SC-CoT 0.45 0.43 0.61 0.59 0.59 0.58 0.67 0.57
ToT 0.50 0.49 0.64 0.61 0.61 0.59 0.77 0.72
FoT 0.53 0.52 0.66 0.61 0.65 0.62 0.79 0.77
FoTE(Ours) 0.57 0.54 0.68 0.62 0.74 0.72 0.81 0.78

Table 1: Reasoning results on two social problems (happiness and depression prediction) based on three open-source LLMs
covering four datasets. The bold highlights the best performance, whereas the underlined indicates the second-best results.

4.2 Results and Discussion
Results on Survey Table 1 illustrates that FoTE achieves
superior performance across the two survey datasets when
evaluated with Qwen2.5-7B, Llama3-8B, and DeepSeek-
R1-8B. Methods relying solely on direct I/O prompting,
which omit intermediate reasoning, show the weakest re-
sults. This trend reinforces the well-established finding that
incorporating explicit reasoning traces improves LLM rea-
soning quality (Wei et al. 2022b; Yao et al. 2023; Wang
et al. 2023). Across all evaluated datasets and model archi-
tectures, FoTE demonstrates clear advantages by combin-
ing diverse thought processes through an information fu-
sion procedure that explores multiple reasoning configura-
tions. This mechanism aligns naturally with the selective
avoidance phenomena commonly found in survey-based re-
sponses (see Fig. 1). Unlike traditional XoT promptings that
adhere to a fixed sequential reasoning pattern, FoTE dynam-
ically navigates the thought space, amplifying high-value
reasoning components while mitigating distractions from
thoughts irrelevant to mental state inference.

Results on Social-Media Referring to Table 1, FoTE
demonstrates substantial gains over strong baseline meth-
ods. On the happy moments dataset with DeepSeek-R1-8B,
it improves the success rate by up to 13% compared to ToT
and 9% relative to FoT. These results highlight FoTE’s capa-
bility to effectively tackle social science tasks characterized
by complex selective avoidance patterns.

A closer examination of the social survey and social me-
dia datasets reveals that the performance gains are particu-
larly pronounced on survey-based tasks. For instance, when
using LLaMA-3-8B, FoTE achieves a peak success rate of
0.72 on the social survey dataset, exceeding FoT by 5%.
This indicates that FoTE’s fusion of diverse reasoning paths
and selective emphasis on informative thoughts is especially
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Figure 4: Sensitivity analysis for the number of sub-trees on
the success rate of FoT and FoTE using LLaMA-3-8B for
survey and social media tasks.

beneficial for structured survey data.

4.3 Sub-tree Sensitivity
A comprehensive parameter sensitivity analysis focusing on
the number of activated reasoning trees is conducted in this
section. For each parameter configuration, we calculated the
mean success rate across randomized samples.

We evaluated the number of trees T within a reasonable
range while holding others fixed. Figure 4 illustrates the rea-
soning performance on the social survey and student survey
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What type do you belong to, urban or rural? Urban. 

What is your gender? Male.

How often did you watch TV? Not Frequently.

What time of day did you typically watch TV?

What is the nature of your current job? Part-time job.

Skip.

…. ….
Economics

Lifestyle

Lifestyle

Personal Infor.

Personal Infor.

**Economics** Steady employment
generally increases financial security, a
key happiness factor.
**Personal Information** Urban areas
typically offer better infrastructure, ..,
which may enhance life satisfaction.
**Family** Household expenses are
manageable without a private car. …

**Economics** A woman may
experience lower living pressure due to
her full time job, even with the higher
expenses associated with urban living.
**Lifestyle** The combination of
leisure time and … may serve as
indicators of her life satisfaction.
**Family** Good family relations may
indicate leisure and more happiness. …

**Economics** Financial stress could
lead lower happiness if income from
the part-time job does not sufficiently
cover these costs.
**Personal Information** Due to
financial constraints, no full-time job
for a man could …, potentially
reducing happiness. …

What type do you belong to, urban or rural? Urban. 

What is your gender? Female.

How often did you watch TV? Very Frequently.

Does your family own a private car?

What is the nature of your current job? Full-time job.

Yes.

…. ….
Economics

Economics

Lifestyle

Personal Infor.

Personal Infor.

What type do you belong to, urban or rural? Urban. 

What is your gender? Male.

What is the nature of your current job? Full-time job.

Does your family own a private car?

Do you enjoy long road trips with your family? Skip.

No.

…. ….

Family

Economics

Lifestyle

Personal Infor.

Personal Infor.

Overall: 
High
happiness 
level

Overall: 
High 
happiness 
level

Overall: 
Low
happiness 
level

Explanation

Figure 5: The case study of why the LLMs generate their outputs on the social survey data. The colored background indicates
the selection of a question–answer pair, labeled by category, which is then used to generate the explanation.

datasets, revealing two notable patterns. First, employing 64
trees provides a marked improvement by broadening the ex-
ploration of the solution space, whereas increasing the num-
ber of trees beyond this point yields only marginal gains.
Second, the peak success rates for social and student sur-
veys reach 0.84, surpassing the 0.8 peak observed on de-
pression posts, highlighting FoTE’s ability to capture the
selective-avoidance behavior prevalent in survey responses.
Both datasets exhibit performance plateaus beyond these
points, indicating an intrinsic limitation in reasoning capac-
ity. Despite this, FoTE maintains stability across varying
numbers of sub-trees. Increasing the tree count further re-
sults in minimal performance improvement while incurring
higher computational cost.

Overall, these findings demonstrate that FoTE is robust to
moderate hyperparameter variations, reinforcing its practi-
cal applicability in real-world scenarios.

4.4 Case Study
Explanation evaluation remains a significant challenge to
date (Kim et al. 2023). To address this, prior studies have
employed different forms of human feedback—such as as-
sessments of informativeness, clarity (Huang, Kwak, and
An 2023), and similarity to human-generated explanations
(Chen et al. 2025)—typically through simple case studies
and visualization. Building on prior works, we conducted
a case study to assess the effectiveness of the proposed
FoTE prompting approach in improving the explainability
of LLM reasoning outputs. As illustrated in Fig. 5, it recom-

bines question-answer pairs across different demographic
categories to simulate diverse respondent profiles. The anal-
ysis revealed that LLMs generated transparent reasoning
explanations when processing these structured inputs. For
instance, one respondent profile - an urban-dwelling male
without full-time employment - demonstrated how financial
constraints negatively impact happiness levels. The FoTE
framework automatically adapts to this profile by skipping
irrelevant questions (e.g., television viewing habits for re-
spondents who rarely watch TV) while maintaining coherent
reasoning chains. This approach not only improved the logi-
cal consistency of LLM outputs but also provided verifiable
intermediate reasoning steps. The resulting explanations sig-
nificantly enhanced model transparency, suggesting broad
applicability in fields requiring interpretable AI decision-
making, from social science research to policy analysis.

5 Conclusion and Future Work
This work proposes FoTE that enhances reasoning perfor-
mance in domain-specific applications by diversifying rea-
soning path exploration. It employs a cooperative thought
evaluator for more reliable thought selection and produces
transparent reasoning outputs, and is effective for complex,
socially relevant tasks involving selective avoidance. How-
ever, FoTE relies on predefined representative samples with
selective-avoidance patterns to optimize prompting. Future
research will focus on developing more efficient in-context
learning methods for sample contribution computing and se-
lection, further improving its explanation.
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