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Abstract

In the era of rapid Internet and social media
development, individuals readily share their in-
vestment opinions online. The overwhelming
volume of such opinions makes comprehensive
evaluation impractical, highlighting the need
for an effective recommendation system that
can identify valuable insights. To address this
challenge, we propose an argument-based sen-
timent analysis framework that incorporates
a new perspective on opinion strength. Our
approach introduces the concept of a Fuzzy
Strength Degree (FSD), derived from the dif-
ference between analysts’ target and closing
prices, to quantify the intensity of opinions. By
integrating argument mining techniques, we
further decompose each opinion into claims
and premises, examine their relationships, and
use these structures to evaluate the persuasive
strength of the arguments. This dual strategy
allows us to rank both professional and ama-
teur investor opinions without relying on user
history or social signals. Experiments show
that our method works best for analyst reports,
while on social media, simpler approaches
based on wording and professionalism features
perform better. Moreover, our analysis of pro-
fessional analysts’ and traders’ behaviors re-
veals that top-ranked opinions are more likely
to influence subsequent market actions. These
findings demonstrate that argument structure
and quantified opinion strength provide a novel
and reliable foundation for investment opinion
recommendation.

1 Introduction

In recent years, online platforms catering to diverse
interests have proliferated, ranging from personal
updates on X (formerly Twitter) and Instagram
to professional discourse on MathOverflow1 and
Stack Overflow2. Specialized platforms also exist
for sharing perspectives on specific topics, such as

1https://mathoverflow.net/
2https://stackoverflow.com/

iDebate3 for user debates and various e-commerce
sites for product reviews. Among these, platforms
focusing on future-oriented user predictions, espe-
cially in the investment domain, play a unique role.
Sites like Yahoo Finance4 and Reddit’s WallStreet-
Bets5 are popular for sharing professional and ama-
teur investment opinions. However, as Xiao (2015)
notes, only about 20% of investors see profits from
stock market activities, indicating the challenge of
discerning valuable investment opinions amidst a
deluge of information.

Previous research has primarily focused on pre-
dicting stock price movements using publicly avail-
able opinions (Sawhney et al., 2020; Xu and Cohen,
2018; Bollen and Mao, 2011). However, few have
concentrated on extracting the subset of opinions
that are likely to be profitable. Current methods
rely on analyzing either the characteristics of the
authors or the content of their posts. Author-centric
analysis, despite its usefulness in identifying po-
tential sources of profitable insights, faces several
challenges, such as the lack of historical data for
new users, the anonymity and account variability
on social media, and the inconsistency of user in-
formation across platforms. To address these chal-
lenges, this paper proposes a text-centric approach
to analyze opinions and identify those likely to re-
sult in profitable investments. This involves using
historical data to train models for predicting prof-
itable outcomes and extracting linguistic features
to sort out useful opinions. We introduce a novel
method that leverages the concept of argument min-
ing to analyze opinions. This approach decomposes
opinions into premises and claims, examining their
interrelations to provide a more nuanced under-
standing of the opinion expressed.

Argument mining, as described by Mochales and
Moens (Mochales and Moens, 2011), is the pro-

3https://idebate.org/
4https://finance.yahoo.com/research/
5https://www.reddit.com/r/wallstreetbets/
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cess of extracting and identifying the argumentative
structure of a given text, particularly in subjective
and persuasive narratives. Investment opinions,
which forecast market futures, inherently contain
subjective viewpoints of investors. To persuade
readers, it is essential to support claims with evi-
dence (premises). This paper goes beyond merely
distinguishing between premises and claims in a
narrative; we introduce the concept of measuring
the strength of an argument. A novel aspect of
our methodology is the use of price targets set
by professional analysts as proxies for argument
strength. These targets, representing the analysts’
future price estimations, enable the quantification
of the argument’s strength. Additionally, this study
investigates the influence of objective evidence and
subjective opinion in forming investment recom-
mendations. Through argument mining, we dis-
tinguish between factual statements and personal
views within an opinion, thereby enhancing the
analysis. Our approach, termed argument-based
opinion analysis, presents a novel perspective in
the domain of investment opinion recommendation.

Our research also extends into the realm of pro-
fessional behavior, examining changes in analysts’
views and trading patterns among professional
traders. We find that opinions ranked highly by
our method are more correlated to analysts’ revi-
sions and traders’ decisions. This aspect of profes-
sional behavior, though crucial, has been largely
overlooked in previous studies.

In summary, the contributions of this work are
threefold: (1) Introduction of a novel approach for
assessing strength degree of opinion using price
targets set by professional analysts. (2) Develop-
ment and evaluation of various strategies based on
argument mining notions for investment opinion
recommendation. (3) Comprehensive analysis of
the implications of differently ranked opinions on
profitability, risk, and professional trading behav-
iors.

2 Related Work

Investment decision-making based on online opin-
ions has been a topic of long-standing discussion.
The majority of studies have harnessed the ’wis-
dom of the crowd’ by aggregating available opin-
ions (Sawhney et al., 2020; Xu and Cohen, 2018;
Bollen and Mao, 2011), with few exploring the
utility and relevance of individual opinions. In this
paper, we take the latter’s perspective, proposing

a novel direction for the assessment of individual
opinions.

Historically, research has examined this issue
from two angles: author-based and content-based.
Bar-Haim et al. (2011) focused on identifying ex-
perts based on their past performance. Tu et al.
(2018) prioritized authors’ social popularity to
sift through investors’ opinions. However, these
methods encounter a significant cold-start problem
where new users lack historical data and users can
manipulate their online presence through account
changes or deletion of past posts. Moreover, it
can be challenging to obtain the necessary author-
specific data in various scenarios. For instance,
the social popularity of professional analysts is not
readily available for assessing their opinions. As a
result, we propose a content-centric approach that
can be universally applicable.

Related studies have also examined opinions
based on content. Zong et al. (2020) used
BERT (Devlin et al., 2019) to classify the accuracy
of analyst reports according to company earnings
forecasts and actual earnings. This was treated as
a binary classification task, wherein a given report
was either in the top or bottom K groups, selected
from 16,044 reports. However, we argue that such
a coarse setting is unsuitable for recommending a
practical number of reports for investors. Further-
more, social media platforms typically lack histor-
ical performance records, making it challenging
to compile sizeable training data. In contrast, our
method can rank opinions on a continuous scale
(from 0 to 1) using a limited number of reports with
automatically annotated information.

Chen et al. (2021) put forth an approach to iden-
tify high-predictive-power opinions on social me-
dia platforms, wherein the predictive power of
posts was determined by the similarity of their sen-
tences to those written by professional analysts.
However, this approach faces a significant issue in
that it cannot rank professional investors’ opinions,
as all sentences in analyst reports are authored by
professionals. We offer a novel method to over-
come this limitation.

Following the idea of previous work, Chen
et al. (2024b) propose a professionalism-aware
pre-finetuning scheme placed between pre-training
and task fine-tuning to improve ranking of investor
opinions by profitability. Concretely, they intro-
duce two auxiliary tasks that teach language mod-
els to distinguish professional vs. amateur writ-
ing: a sentence-level discriminator (was a sentence
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written by a professional analyst?) and a word-
level discriminator (is a token professional-leaning).
The key advantage over prior “expert-like sentence
counting” approaches is coverage: their models as-
sign scores to all opinions, including posts without
explicit expert-like sentences. They also compare
pairwise ranking against regression and report that
pairwise training yields better overall ranking qual-
ity (e.g., higher DCG/nDCG, stronger top-decile
MPP) on analyst reports and social media bench-
marks. (Chen et al., 2024b) This makes their frame-
work a natural and competitive baseline for our
setting.

3 Task Formulation and Dataset

This section defines the recommendation task and
describes the datasets used to evaluate our proposed
methods. We first formalize the investment opinion
recommendation problem, followed by the intro-
duction of the datasets collected from professional
and social media sources.

3.1 Investor Opinion Recommendation
This paper aims to identify potentially profitable in-
vestment opinions from a vast array of perspectives.
Rather than merely sifting through the plethora of
opinions, our objective is to pinpoint and recom-
mend those with the highest potential for yielding
profitable outcomes to investors. Considering that
most investor opinions only provide information
on initiating a trading position, such as whether to
go long or short on a stock, but don’t suggest when
to close the position, assessing the actual return
achievable by following the opinion on the market
becomes challenging. As such, we adopt the ap-
proach of previous work (Chen et al., 2021), using
the Maximum Possible Profit (MPP) as the eval-
uation metric for potential return. This approach
circumvents the problem of determining when to
close the position and provides a reasonable estima-
tion of the potential return from an opinion. Below
are the equations used to calculate the MPP of both
bullish and bearish opinions for a stock on day t:

MPPbullish = max
t+1≤i≤t+T

Hi −Ot+1

Ot+1
(1)

MPPbearish = min
t+1≤i≤t+T

Ot+1 − Li

Ot+1
(2)

In the above equations, Ot represents the open-
ing price on day t, with Ht and Lt denoting the

highest and lowest prices on day t respectively.
Following Chen et al. (2021), we set T as 60 trad-
ing days, or roughly three months. Ultimately, our
goal is to devise a method to identify opinions that
could lead to a higher MPP.

3.2 Investor Opinion Sets

Contrary to prior studies that focused solely on ei-
ther formal reports (Zong et al., 2020) or social
media posts (Chen et al., 2021), our work proposes
a method capable of handling both. Consequently,
our experiments involve two sets of opinions: an-
alyst reports and social media posts. This section
details these opinion sets. It should be noted that
these sets are used exclusively for evaluating recom-
mendation approaches and not during any training
steps.

We assembled a collection of 2,280 professional
analysis reports from the Bloomberg Terminal.
Written in Chinese, these reports delve into stocks
listed on the Taiwan stock market, covering a to-
tal of 513 different stocks. The release date for
each report, indicated in the file name, enables us
to easily ascertain t. Once t is known, we align
it with the price data based on date information,
allowing us to calculate the MPP for each report.
This collection is henceforth referred to as the PAR
set.

A set of social media posts was obtained from
Chen et al. (2021). Written in Chinese, these posts
were sourced from PTT, a well-known social media
platform in Taiwan.6 Chen et al. (2021) manually
annotated the MPP of each post, considering the
sentiment (bullish/bearish) expressed in these posts
and the stocks discussed. This collection is referred
to as the SMP set moving forward. Our experiment
aims to recommend opinions from the PAR and
SMP sets that could lead to a higher MPP.

4 Our Approach

Our proposed method utilizes a three-step approach
which incorporates two concepts to evaluate the
given opinion: strength degree estimation and
argument-based analysis. Initially, we estimate the
strength degree of each sentence within the given
opinion. Subsequently, we categorize each sen-
tence as claim, premise, or others. Following this,
we identify the relationships between claims and
premises, thereby discerning which premise sup-
ports a given claim and determining the strength

6https://www.ptt.cc/bbs/Stock/index.html
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degree of the arguments. Finally, we recommend
opinions based on the extracted strength degree
and argument features. Detailed explanations of
our proposed method are provided in this section.

4.1 Strength Degree
To acquire the strength degree (SD), we suggest
using the difference between the price target (PT )
and the most recent close price as a proxy. Equa-
tion 3 formulates our method for obtaining SD.

SD =
PT − Ctr

Ctr
(3)

Here, Ctr is the close price at the time the report
was released on date tr.

For generating a dataset with FSD, we col-
late an additional 628 professional analysis reports
from Bloomberg Terminal. These reports do not
overlap with the ones introduced in Section 3.2.
We extract the PT , Ctr , and the content from these
reports. As a result, we obtain 37,147 sentences
from these reports, with sentences from the same
report being labeled with the same SD.

These sentences are segregated into two groups
based on whether the SD of the sentence is higher
than the average SD (22.51%) of all sentences
or not. We then fine-tune BERT-Chinese (Devlin
et al., 2019) to perform this binary classification
task. Using 80% of the instances for training and
the remaining for testing, we develop a model that
achieves micro- and macro-averaged F-scores of
66.78% and 62.10%, respectively. This fine-tuned
model is then employed to predict each sentence
in the PAR and SMP sets. We use the probability
that the given sentence will have SD higher than
the average as the fuzzy strength degree (FSD),
which ranges from 0 to 1. Hence, all sentences in
PAR and SMP sets are assigned an FSD.

Table 1 displays some instances and the corre-
sponding FSD. We observe that a higher FSD
value tends to more strongly support a bullish
stance. This observation suggests that the proposed
approach can effectively estimate the strength de-
gree.

4.2 Argument-based Opinion Analysis
Argument mining has been a major focus of re-
search over the past decade (Lawrence and Reed,
2020; Cabrio and Villata, 2018). Fundamental
tasks such as argument detection are crucial in ana-
lyzing narratives like debate discourse and persua-
sive essays (Shnarch et al., 2020; Levy et al., 2018;

FSD Sentence
0.93 Expected to grow in both old and new businesses
0.88 Driven by memory and Indian factories
0.85 Profits in 2019 will show explosive growth
0.59 the company implements epidemic prevention measures
0.50 companies are expected to introduce new products
0.15 because of Chinese manufacturers bidding for orders
0.04 Considering the slow recovery speed of operations
0.01 Operation still hasn’t got rid of the downturn

Table 1: Sentences and the corresponding FSD.

Shnarch et al., 2018; Rinott et al., 2015; Chen et al.,
2020b). Furthermore, the linking of arguments,
claims, and premises can form a structure that pro-
vides a better understanding of the author’s strategy
and narrative flow (Li et al., 2020; Beigman Kle-
banov et al., 2016; Wachsmuth et al., 2016; Chen
et al., 2021). Building on these previous works, we
incorporate both argument detection and argument
relation linking tasks in our analysis of investors’
opinions.

We utilize the pretrained BERT-Chinese models
proposed by Chen et al. (2021) for argument detec-
tion and argument relation linking. These models
yield macro-averaged F-scores of 79.86%, 57.69%,
and 56.96% for claim detection, premise detection,
and relation linking, respectively, on the Equity-
AMSA dataset (Lin et al., 2024). We use these
models to categorize the sentences in the PAR and
SMP datasets as either claims or premises. The
pretrained relation linking model is then used to
identify whether a sentence designated as a premise
supports an identified claim.

This approach allows us to dissect an opinion
across multiple dimensions. For instance, consider
the sentences “Profits in 2019 will show explosive
growth” and “because of Chinese manufacturers
bidding for orders” from Table 1. While the for-
mer is a claim and the latter a premise, do they
serve the same function in shaping investors’ opin-
ions? Given that the claim predicts future earnings
or operations and the premise describes occurred
or plausible events, we aim to determine which
part should receive more focus in recommending
investors’ opinions. In addition, we aim to investi-
gate whether sentences not related to the claim (like
greetings) should be included or excluded from the
analysis.

In our experiments, we explore these research
questions using the assigned argument labels and
propose the following strategies to evaluate the
strength degree of each opinion in the PAR and
SMP datasets:
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• AllSent: Average the FSD of all sentences in the opin-
ion.

• AllArg: Average the FSD of the sentences labeled as
either a claim or a premise.

• ClaimOnly: Average the FSD of the sentences labeled
as a claim.

• PremiseOnly: Average the FSD of the sentences la-
beled as a premise.

• KeyPremise: Use the maximum FSD among all
premises linked to the claims.

In summary, we investigate various strategies to ag-
gregate sentence-level FSD to opinion-level FSD
and rank investors’ opinions based on this opinion-
level FSD.

5 Experiment

5.1 Baselines

We compare our approach against several strong
baselines from prior work.

Following Zong et al. (2020), we first imple-
ment a series of BERT-based models that predict
the profitability of analyst reports. BERT-Conf
classifies reports into higher MPP (Top 50%) and
lower MPP (Bottom 50%) groups using BERT,
and uses the probability of belonging to the top
group as the ranking score. BERT-Reg treats MPP
prediction as a regression task, ranking reports
by the predicted continuous MPP value. Mengzi-
FinBERT-Reg replaces BERT in BERT-Reg with
Mengzi-FinBERT (Zhang et al., 2021), a model
pre-trained on financial news and analyst reports.
These baselines serve as standard BERT-derived
content-based ranking methods.

Chen et al. (2021) proposed ExpertLike, which
counts the number of sentences in each social me-
dia post that are classified as professionally writ-
ten and ranks posts accordingly. Because only
23.16% of posts in the SMP dataset contain at least
one expert-like sentence, many posts receive zero
scores. We also test a variant, ExpertLike + FSD,
which averages our fuzzy strength degree (FSD)
values over expert-like sentences to provide a more
fine-grained ranking signal.

Chen et al. (2024b) introduced a professionalism-
aware pre-finetuning (PF) framework between pre-
training and task fine-tuning to enhance profitabil-
ity ranking. The PF stage contains two auxiliary
objectives: (i) sentence-level (SLPF) and (ii) word-
level (WLPF). Following their reported best config-
urations, we use SCQF + WLPF for analyst reports

Strategy
Top Last

10th Decile 9th Decile 2nd Decile 1st Decile
BERT-Conf (Zong et al., 2020) 11.68% 12.42% 15.02% 15.14%
BERT-Reg (Devlin et al., 2019) 12.96% 12.58% 13.23% 12.05%
Mengzi-FinBERT-Reg (Zhang et al., 2021) 10.97% 12.08% 14.96% 15.29%
SCQF + WLPF (Chen et al., 2024b) 14.62% 15.97% 20.57% 10.67%
AllSent 15.25% 14.53% 12.75% 11.93%
AllArg 14.36% 14.75% 12.73% 11.93%
ClaimOnly 14.27% 14.51% 12.78% 11.39%
PremiseOnly 14.51% 14.35% 9.39% 2.46%
KeyPremise 15.59% 14.71% 5.01% 1.46%

Table 2: Averaged MPP of the sorted analyst reports.
For the top-ranked reports, we bold the highest one; and
for the ranked-last reports, we use italic to mark the
worst one.

(PAR) and SCQF + SLPF for social media posts
(SMP). Here SCQF denotes “Sbert-Chinese-QMC-
Finance-v1” pretrained language model. When
rank-based evaluation is required, we adopt their
pairwise ranking setup, which they showed outper-
forms regression for profitability prediction. This
professionalism-aware PF serves as a strong initial-
ization baseline for our argument-based method.

5.2 Recommendation Results in PAR set

For a fair comparison, we incorporate the addi-
tional 628 reports discussed in Section 4.1 in the
training process. Additionally, the method pro-
posed by Chen et al. (2021), which is based on the
principle of counting expert-like sentences in so-
cial media posts, is unsuitable for ranking analyst
reports because all sentences in the PAR set are
expert-written.

We adopt the evaluation method in Chen et al.
(2021) to report the average MPP in the 10th and
9th deciles. We also report the last two deciles
to demonstrate whether the proposed method can
highlight opinions with higher MPP and filter out
those with lower MPP. Table 2 displays the average
MPP of the top-ranked and lowest-ranked reports
based on different strategies. A Friedman test indi-
cates significant differences across strategies (p =
0.009).

Several findings can be drawn from Table 2:
First, the baseline model, BERT-Conf (Zong et al.,
2020), appears ineffective for ranking reports as
the reports with a higher probability in the top
50% group yield a lower MPP. For a more de-
tailed analysis, we calculate the average MPP of
all opinions categorized as the top 50% and bottom
50% groups, comparing the results with the best-
performing strategy, KeyPremise. Second, we ob-
serve a correlation between the proposed FSD and
potential profit (MPP). Regardless of the strategies
adopted, the top-ranked opinions consistently lead

1309



to higher potential profit than the lowest-ranked
opinions. This implies that the proposed FSD
can be effectively used to rank investors’ opinions.
Third, the ordering results of AllSent, AllArg, and
ClaimOnly are strikingly similar in both top-ranked
and lowest-ranked opinions. Both PremiseOnly
and KeyPremise effectively filter out the lowest-
ranked opinions. The only difference between
PremiseOnly and AllSent is that PremiseOnly ex-
clusively uses the FSD of premises to order the
opinions. This result underscores the importance
of the premise in ranking investors’ opinions. We
also observe an improvement in filtering out opin-
ions with lower MPP when only the key premise is
used.

We also compare against the professionalism-
aware pre-finetuning baseline of Chen et al.
(2024b). In Table 2, SCQF + WLPF achieves
the best 9th-decile MPP (15.97%), slightly out-
performing our KeyPremise (14.71%) and AllSent
(14.53%). This indicates that injecting profession-
alism signals before task training can surface strong
mid-top reports even without explicit argument
structure. By contrast, our KeyPremise yields the
best 10th-decile MPP (15.59%) and, more impor-
tantly, is substantially better at filtering low-quality
items: its last two deciles drop to 5.01% and 1.46%,
whereas SCQF + WLPF remains relatively high
(20.57% and 10.67%). In short, our argument-
based ranking is more effective for trimming the
bottom tail.

5.3 Recommendation Results in SMP Set
Unlike previous research (Zong et al., 2020; Chen
et al., 2021), which focused either on analyst re-
ports or social media posts, our study explores
both realms. In this section, we employ Expert-
Like (Chen et al., 2021) as the benchmark. Expert-
Like ranks social media posts by counting the num-
ber of sentences in the posts that are classified as
professionally written. Their method, which sorts
social media posts based on professional-appearing
content, has been demonstrated to be profitable.

Building on their approach, we propose an alter-
native strategy for comparison: ExpertLike + FSD:
Compute the average of the FSD of the sentences
classified as expert-like.

Due to the absence of an additional dataset with
MPP labels, we cannot employ supervised models
in this section. That is, the lack of argument an-
notations for social media posts precludes testing
AllArg, ClaimOnly, PremiseOnly, and KeyPremise

Strategy
Top Last

10th Decile 9th Decile 2nd Decile 1st Decile
ExpertLike + FSD 16.18% 12.98% - -
ExpertLike (Chen et al., 2021) 17.61% 13.09% - -
SCQF + SLPF (Chen et al., 2024b) 23.39% 11.60% 11.91% 7.47%
AllSent 19.41% 15.79% 12.38% 9.93%

Table 3: Averaged MPP of the sorted amateur posts
based on argument strength.

strategies. Although we attempted to use the pre-
trained models from Chen et al. (2021) for profes-
sional report argument analysis, none of the sen-
tences in the SMP set were identified as claims or
premises. Thus, we apply the AllSent strategy in
our experiment, examining whether the proposed
FSD also applies to amateur investors’ opinions.

Table 3 presents the experimental results in the
SMP set. Firstly, we find that the top-ranked posts
sorted by argument strength yield higher profits
than those sorted by ExpertLike-based counting
strategies. Secondly, the ExpertLike + FSD results
indicate that the fusion of previous work and the
proposed method successfully ranks the opinions,
although the potential profits using this combined
strategy are not as high as implementing the two
approaches separately. Thirdly, we observe that
only 23.16% of posts in the SMP set contain at
least one expert-like sentence as per the Expert-
Like approach (Chen et al., 2021). Consequently,
the majority of posts (76.84%) receive zero scores
when using the method proposed in the previous
work, which restricts the applicability of their ap-
proach in ranking opinions. In contrast, the AllSent
results demonstrate that our proposed method can
also be applied to rank social media posts, reinforc-
ing the correlation between the proposed FSD and
the MPP of amateur opinions.

However, the professionalism-aware pre-
finetuning baseline SCQF + SLPF (Chen et al.,
2024b) achieves the highest top-decile MPP
(23.39%) and lowest last-decile scores (11.91%,
7.47%) . These results suggest that, for short and
noisy social media texts, surface-level cues such as
wording and professionalism already capture most
of the informative signal, and explicit argument
structures contribute less. In contrast, our approach
shows clearer advantages on professional analyst
reports (PAR), where well-formed claims and
premises, along with quantified opinion strength
(KeyPremise/AllSent), align more directly with
profitability-oriented ranking. Another plausible
explanation is that, as noted by Chen et al. (2020a),
financial social media posts—especially very
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Strategy
Top Last

10th Decile 9th Decile 2nd Decile 1st Decile
BERT-Conf (Zong et al., 2020) -10.59% -10.44% -10.38% -10.05%
BERT-Reg (Devlin et al., 2019) -10.40% -10.39% -10.58% -11.55%
Mengzi-FinBERT-Reg (Zhang et al., 2021) -9.70% -9.95% -11.52% -11.42%
SCQF + WLPF (Chen et al., 2024b) -13.91% -12.62% -11.93% -13.16%
AllSent -11.30% -11.98% -9.24% -8.80%
AllArg -11.48% -10.81% -10.30% -10.39%
ClaimOnly -10.70% -10.68% -10.75% -10.50%
PremiseOnly -10.53% -10.95% -12.22% -19.95%
KeyPremise -9.47% -9.95% -15.45% -22.53%

Table 4: Averaged ML of the sorted analyst reports.
Because lower is better for risk (ML), we bold the lowest
values for the top-ranked results and italicize the highest
values for the last-ranked results.

short ones—rarely include explicit reasoning or
evidence, making argument-based methods less
applicable to SMP.

6 Discussion

6.1 Risk Analysis
Risk consideration is a vital aspect of financial
decision-making. Proper understanding of associ-
ated risks can guide investors in selecting strategies
that align with their risk tolerance. In this sec-
tion, we examine the risk associated with the top-
ranked and the last-ranked opinions. We employ
the maximum loss (ML) metric, as proposed by
prior work (Chen et al., 2021), to evaluate the risk.
ML captures the potential maximum loss if one
were to trade following a particular opinion. The
ML of bullish and bearish reports are calculated
using the following equations:

MLbullish = min
t+1≤i≤t+T

Li −Ot+1

Ot+1
(4)

MLbearish = max
t+1≤i≤t+T

Ot+1 −Hi

Ot+1
(5)

Table 4 presents the MLs under various strate-
gies. Interestingly, the opinions sorted by the
KeyPremise not only yield higher profits but also
pose lower risks. This pattern is observed in both
the top-ranked and last-ranked scenarios, empha-
sizing the utility of the proposed method in investor
opinion recommendation tasks.

From Table 5, the professionalism-aware base-
line SCQF + SLPF (Chen et al., 2024b) yields the
smallest losses (closest to zero) for the top-ranked
SMP items. This indicates that surface profession-
alism/wording cues not only improve top-decile
MPP but also reduce downside risk for high-ranked
social posts. Overall, on short and noisy social me-
dia texts, SCQF + SLPF offers better risk control
where it matters most (top ranks). Taken together

Strategy
Top Last

10th Decile 9th Decile 2nd Decile 1st Decile
ExpertLike (Chen et al., 2021) -3.72% -6.26% - -
ExpertLike + FSD -4.23% -6.38% - -
SCQF + SLPF (Chen et al., 2024b) -1.68% -7.76% -7.55% -8.74%
AllSent -10.22% -8.33% -5.41% -7.42%

Table 5: Averaged ML of the sorted amateur posts.

with the MPP and ML results on SMP, our findings
suggest that the proposed fine-grained, argument-
centric analysis (claims/premises plus FSD aggre-
gation) is less effective for short and noisy social
media posts. In this setting, surface signals re-
lated to wording and professionalism—as captured
by SCQF + SLPF (Chen et al., 2024b)—tend to
dominate both upside (top-decile MPP) and down-
side control (top-decile ML), whereas explicit argu-
ment structure contributes limited additional ben-
efits. By contrast, on professional analyst reports
(PAR), where arguments are more complete and
quantifiable, our method shows clearer advantages.

6.2 Behavior of Professional Analysts

The actions of professional analysts carry signifi-
cant influence in the financial market, impacting
future price movements and other investors’ deci-
sions. Conrad et al. (2006) examined professional
analysts’ reactions to public information such as
news when making recommendations. They found
that analysts’ recommendations can help predict
future price movements.Hirst et al. (1995) found
that the strength of arguments in analysts’ reports
influence investors’ judgments. Niehaus and Zhang
(2010) explored how research coverage by analysts
affects the market share of the broker. This topic
has also been explored by Chen et al. (2024a), who
examined professional behavior in investment con-
texts through hierarchical multi-agent simulations,
analyzing how large-scale language models repli-
cate analysts’ and traders’ decision patterns. In-
spired by these studies, we aim to examine whether
professional analysts and traders have different re-
actions towards top-ranked and last-ranked opin-
ions.

Unlike previous studies (Zong et al., 2020; Chen
et al., 2021) that focused solely on profitability
and risk, we propose two novel discussion direc-
tions: (1) Do recommended analyst reports influ-
ence other professional analysts’ views in the near
future? (2) Do professional traders take actions
(buy/sell/no action) in alignment with the recom-
mendations (overweight/underweight/neutral) in
the recommended analysts’ reports? The analyses
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in this section aim to elucidate potential future out-
comes after following the recommended opinions
in trading.

To determine whether recommended analyst re-
ports influence other professional analysts’ views
in the near future, we gather recommendation data
from all analysts via the Bloomberg Terminal. We
align the reports in the PAR set with the collected
data based on the date. For each report in the PAR
set, we determine whether any professional analyst
changed their view on the same stock in the period
from t + 1 to t + 6, where t is the report release
date. We use PANA, as defined in Equation 6, to
compare the reactions of professional analysts to
recommended opinions across different strategies.

PANA =
Nf

RRi

NRRi

(6)

Here, RRi represents the recommended reports in
the ith decile, NRRi is the total number of recom-
mended reports in the ith decile, and Nf

RRi
rep-

resents the number of reports in RRi that meet
the criteria (i.e., at least one professional analyst
changes their view on the same stock in the period
from t+ 1 to t+ 6).

Table 6 provides the statistics of PANA for re-
ports in different deciles, ranked by the KeyPremise
strategy. Intriguingly, top-ranked reports are more
likely to influence a change in other professional
analysts’ views compared to last-ranked reports.
This finding implies that reports recommended by
our proposed approach receive more attention from
professional analysts than those at the bottom of
the ranking.

6.3 Professional Traders’ Behaviors

Although everyone can express opinions, not all
opinions will manifest in market actions. When
investors put their money into a specific stock, it
shows a strong affirmation of the said stock. There-
fore, investors’ trading behaviors have long been
a focal point of research. Chordia et al. (2001a)
examined the relationship between market liquidity
and trading activities, discovering increased trad-
ing activity preceding macroeconomic information
announcements. Furthermore, Chordia and Subrah-
manyam (Chordia et al., 2001b) correlated trading
activities with expected returns, asserting the im-
portance of trading activity in the cross-section of
expected returns. In another study, Wüstenfeld and
Geldner (2021) explored Bitcoin trading activity,

Top Last
10th Decile 9th Decile 2nd Decile 1st Decile

PANA 10.53% 10.75% 0.00% 0.00%

Table 6: Analysis of the professional analysts behaviors
after the report released date. The recommendation in
this table is based on KeyPremise strategy.

suggesting investors in different countries exhibit
varied attitudes toward Bitcoin investment.

Unlike these previous studies, which focus
on using market volume-related information to
understand investor trading activities, our re-
search targets the trading behaviors of professional
traders—those employed in financial institutions.
We hypothesize that if professional traders buy (or
sell) a stock mentioned in a recommended bullish
(or bearish) report, they are likely in agreement
with the report’s opinions.

To investigate whether professional traders con-
cur with recommended opinions, we collected pub-
licly available transaction records from the Taiwan
Stock Exchange. These records contain details on
the number of units that professional institutions
buy/sell for a specific stock on a given date. The
records are further categorized into three groups:
Qualified Foreign Institutional Investors (QFII), In-
vestment Trust (Fund), and Dealer. Using these
records, we determined whether these professional
traders traded stocks in the same direction as the
recommended reports. We calculate the concurring
ratio (CR) as defined in Equation 7.

CR =
N c

RRi

NRRi

(7)

Here, N c
RRi

is the number of times professional
traders act in the same direction as the reports in
RRi on the next trading day after the report release.

Table 7 presents the results in the PAR set. We
observe that top-ranked opinions garner more favor
from professional traders than ranked-last opinions,
irrespective of institution type. As QFII’s posi-
tions represent about 40% of the total stock mar-
ket capitalization, their behaviors are considered
more influential. Notably, QFII shows a high agree-
ment towards recommended stocks. This suggests
our proposed method successfully identifies impor-
tant premises that align with professional traders’
decision-making process.

To sum up, we utilize professional behaviors as
an indicator of our proposed method’s hit ratio, dis-
cussed in Section 6.2 and this section. Results
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Top Last
10th Decile 9th Decile 2nd Decile 1st Decile

CR-QFII 50.44% 50.66% 27.81% 0.88%
CR-Fund 34.65% 34.43% 7.51% 15.11%
CR-Dealer 39.04% 41.23% 9.27% 18.67%

Table 7: Analysis of the professional traders’ behaviors
after the report released date. The recommendation in
this table is based on KeyPremise strategy.

indicate that our approach effectively identifies
premises aligned with professional perspectives
and filters out those that do not pique professional
traders’ interest.

6.4 Evaluation on Full Recommendation List

To perform a more granular evaluation in the in-
vestor opinion recommendation scenario, Table 8
presents the results of average MPP and ML of
top-10 and top-20 reports, sorted by each method.
AllSent performs the best under this setting, while
KeyPremise ranks second in terms of MPP. From
the risk perspective (ML), AllSent still outperforms
other methods. These findings confirm that AllSent,
which employs the proposed FSD to rank investor
opinions, is the most suitable method for investor
opinion recommendation tasks among all methods
tested.

Firstly, despite AllSent slightly underperforming
KeyPremise in MPP in the 10th decile (Top-228
Reports) and the 9th decile (Top-456 reports) as
depicted in Table 2, the top-10 and top-20 reports
recommended by AllSent achieve higher MPP and
lower ML than those based on other methods. The
real-world application scenario likely involves rec-
ommending 10 to 20 reports, allowing investors
to review these suggestions and make investment
decisions based on their experience. Secondly, al-
though AllSent lags slightly behind KeyPremise
in filtering out opinions leading to lower MPP as
displayed in Table 2, the overall ranking results
based on nDCG show that AllSent is successful
in ranking opinions by MPP. Since investor opin-
ion recommendation aims to identify the opinions
leading to profitable outcomes, we propose that
the AllSent strategy is ideally suited for this pur-
pose. Thirdly, AllSent has proven to be applicable
in both professional and amateur investors’ opinion
recommendations. However, KeyPremise requires
additional annotation data and is currently unex-
plored in the context of amateur investor opinion
recommendation.

Top-10 MPP Top-20 MPP Top-10 ML Top-20 ML
BERT-Conf (Zong et al., 2020) 8.84% 7.38% -11.53% -14.11%
BERT-Reg (Devlin et al., 2019) 15.91% 12.94% -12.94% -12.60%
Mengzi-FinBERT-Reg (Zhang et al., 2021) 13.16% 9.90% -8.28% -9.98%
SCQF + WLPF (Chen et al., 2024b) 16.50% 16.29% -11.93% -12.79%
AllSent 18.89% 17.69% -4.05% -6.65%
AllArg 9.04% 12.70% -10.73% -10.87%
ClaimOnly 13.28% 13.47% -11.16% -9.61%
PremiseOnly 11.01% 12.76% -6.31% -6.62%
KeyPremise 14.75% 15.44% -12.71% -11.72%

Table 8: MPP and ML of Top-10 and Top-20 posts.

7 Conclusion

We presented an argument-centric framework for
investment opinion recommendation that combines
a fuzzy strength degree (FSD) with claim/premise
detection and linkage. On professional analyst re-
ports (PAR), our methods are consistently effec-
tive: (i) they improve top-decile profitability (e.g.,
KeyPremise) and (ii) more aggressively filter the
lower tail (low-MPP deciles) while maintaining fa-
vorable risk profiles (lower ML). The behavioral
analyses further show that top-ranked reports un-
der our approach are more likely to be followed by
view changes from other analysts and to align with
subsequent trades by professional institutions, in-
dicating practical relevance beyond offline metrics.
On social media posts (SMP), however, the picture
is different. This suggests that surface signals re-
lated to wording and professionalism can dominate
in SMP, whereas explicit argumentative structure
is most beneficial when arguments are well-formed
and quantifiable (as in PAR).

Overall, our findings indicate a domain-sensitive
strategy: use argument-based strength model-
ing to rank and de-risk analyst reports, and rely
more on professionalism-aware signals for so-
cial media posts. An immediate avenue for fu-
ture work is a hybrid system that adaptively com-
bines professionalism-aware pre-finetuning with
argument-strength features, selecting the mixture
by domain or even per-document cues. Beyond
that, we plan to extend to multilingual and cross-
market settings, and study human-in-the-loop rank-
ing that balances upside potential with risk con-
straints in different investor profiles.

Additionally, in light of recent discussions on
report generation by large language models (Gold-
sack et al., 2025; Takayanagi et al., 2025), our
proposed framework and evaluation protocol may
also serve as a foundation for assessing the qual-
ity of generated investment reports. Future work
can explore how argument structure and strength
modeling contribute to the automatic evaluation of
agent-generated analyses.
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Limitation

First, our datasets are predominantly one market.
This geographical and linguistic limitation might
affect the generalizability of our findings to other
regions and languages. Further studies should con-
sider incorporating datasets from diverse markets
and languages to validate the robustness and appli-
cability of our approach globally. Second, our anal-
ysis of professional analysts’ and traders’ behaviors
is based on publicly available transaction records
and recommendation data. However, these records
might not capture the full spectrum of professional
activities and decision-making processes. More
granular data, including intraday trading patterns
and proprietary analyst notes, could offer deeper
insights into professional behaviors in response to
recommended opinions.

Ethical Considerations

The use of systems in financial markets raises ethi-
cal concerns, particularly regarding market manip-
ulation and the amplification of biased opinions.
It is crucial to implement safeguards and ethical
guidelines to ensure that the system promotes fair
and unbiased recommendations, preventing any po-
tential misuse.
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