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Abstract

Large language models (LLMs) are now widely
used across many fields, including market-
ing research. Sentiment analysis, in particu-
lar, helps firms understand consumer prefer-
ences. While most NLP studies classify senti-
ment from review text alone, marketing theo-
ries, such as prospect theory and expectation—
disconfirmation theory, point out that customer
evaluations are shaped not only by the actual ex-
perience but also by additional reference points.
This study therefore investigates how the con-
tent and format of such supplementary infor-
mation affect sentiment analysis using LL.Ms.
‘We compare natural language (NL) and JSON-
formatted prompts using a lightweight 3B pa-
rameter model suitable for practical marketing
applications. Experiments on two Yelp cat-
egories (Restaurant and Nightlife) show that
the JSON prompt with additional information
outperforms all baselines without fine-tuning:
Macro-F1 rises by 1.6% and 4% while RMSE
falls by 16% and 9.1%, respectively, making
it deployable in resource-constrained edge de-
vices. Furthermore, a follow-up analysis con-
firms that performance gains stem from gen-
uine contextual reasoning rather than label
proxying. This work demonstrates that struc-
tured prompting can enable smaller models to
achieve competitive performance, offering a
practical alternative to large-scale model de-
ployment.

1 Introduction

1.1 Background

In recent years, with the rapid advancements in
large language models (LLMs; Brown et al., 2020),
both industrial and academic areas in wide range
of domains have utilized LLMs for data analytics,
automation, and decision support. In particular,
due to their high applicability in textual data, many
studies have implemented sentiment analysis using
LLMs (cf. Krugmann and Hartmann, 2024).

LLMs indeed demonstrate remarkable capabil-
ities in understanding textual context; however,
the actual ‘context’ is referred to as a relation-
ship between the tokens, which is captured through
Transformer (Vaswani et al., 2017) and attention
mechanisms (Bahdanau et al., 2015) and most ex-
isting approaches limit their analysis to the linguis-
tic context within review texts alone. Regarding
real-world marketing applications, the actual con-
text of consumer evaluation contains the factors
which extend far beyond the written review, such
as past purchasing patterns, prior experiences with
the business, comparative evaluations against com-
petitors, and opinions from social media.

This gap is particularly relevant in customer
relationship management (CRM; Oliver, 1999;
Reinartz et al., 2004), where understanding cus-
tomer sentiment accurately drives business deci-
sions. Marketing research has long established
through prospect theory (Kahneman and Tver-
sky, 2013) and expectation-disconfirmation theory
(EDT; Oliver, 1980) that consumers evaluate expe-
riences relative to these broader reference points.
This insight remains largely unexplored in LLM-
based sentiment analysis.

Furthermore, practical deployment, particularly
for real-time recommendation, has two critical chal-
lenges. First, regarding computational efficiency,
many business cannot deploy large-scale models
(over 70 billion parameters) due to latency and in-
frastructure constraints. Second, despite having
rich contextual data (e.g., user contents, browsing
history), current methods cannot efficiently incor-
porate this information into LLM-based sentiment
analysis.

1.2 Research Gap

Despite LLMs’ ability to process diverse input for-
mats, sentiment analysis studies predominantly fo-
cus on review text alone (e.g., You et al., 2015;
Flanagin and Metzger, 2013; Sparks and Brown-
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ing, 2011). However, real-world platforms possess
rich contextual information. From these gaps, we
sequentially derive four research questions (RQs
1-4):

RQ1 Reference-point utilization: Does supply-
ing user- and business-average ratings actually
help an LLM classify sentiment more accu-
rately?

RQ2 Prompt format: If the same information is
presented in a machine-readable structure or
plain texts, does the prompt format affect the
model performance?

RQ3 Proxy effect: If supplying the reference
points improve accuracy, is it due to their im-
plicit encoding of the ground-truth labels?

RQ4 Reference interactions: How do interactions
between multiple reference points affect pre-
diction accuracy?

We address these RQs by three experimental
studies. In Study 1, we set up two approaches for
the prompts: natural-language (NL) and machine-
readability (JSON), and several combinations of
contextual factors: user average (U), business aver-
age (B), and other attributes (O). We compare the
model performance across these models. In Study
2, we test whether such information reflect the la-
bel; average ratings may act as a proxy of ground
truth. Finally, in Study 3, we further examine how
accuracy changes according to the interactions of
those two reference points. We progressively ex-
plore not only whether reference points improve
performance, but also how they function within the
model’s inference process.

The remainder of this study is constituted as
follows: Section 2 reviews related studies, Section
3 outlines the model construction, and Section 4
presents empirical analyses. We discuss the key
findings and implications in Section 5. Finally, we
list our research limitations in Section 6.

2 Related Study

2.1 Sentiment Analysis

Sentiment analysis has been conducted with vari-
ous methodologies, including lexicon-based mod-
els (Hutto and Gilbert, 2014), machine learning
approaches with embeddings (Mikolov et al., 2013;
Bojanowski et al., 2017), and deep neural networks

such as BERT and RoBERTa (Devlin et al., 2018;
Liu et al., 2019).

Recently, LLM-based approaches have gained
attention for sentiment analysis (Krugmann and
Hartmann, 2024). Models like GPT (Brown et al.,
2020; OpenAl, 2023a) and Llama (Touvron et al.,
2023a,b; Grattafiori et al., 2024) demonstrate su-
perior performance compared to fully-supervised
models and even fine-tuned ROBERTa (Wang et al.,
2024; Krugmann and Hartmann, 2024). Key advan-
tages include broad applicability due to pre-training
and ability to process raw text without extensive
preprocessing, achieving high accuracy without
fine-tuning.

Other approaches to sentiment analysis using
LLMs include aspect-based sentiment analysis
(AbSA; Do et al., 2019; Nazir et al., 2022), which
simultaneously predicts multiple aspects in reviews
such as price and service quality. Ensemble ap-
proaches combine the decisions of multiple LLMs
to create the robust model (Xing, 2025; Huang
et al., 2024; Niimi, 2025; Chen et al., 2025).

However, existing approaches, including AbSA
and ensemble methods, predominantly focus on
review text alone. While this concentration high-
lights interesting challenges from the viewpoint of
NLP, it does not necessarily guarantee practical
utility for marketing or business decision-making,
where contextual information beyond the textual
modality plays a crucial role. Although some multi-
modal sentiment analysis utilizes the other modali-
ties such as images and audio (Das and Singh, 2023;
Gandhi et al., 2023), they rarely address psycho-
logical reference points, such as prior expectations
expressed through numeric values.

2.2 A Role of Reference Point in Service
Evaluation

In the field of marketing, extensive research has
examined how consumers evaluate the product
and service quality. Notable frameworks include
prospect theory and EDT. Prospect theory posits
that consumers evaluate services by comparing
their actual experience to a pre-established refer-
ence point (Kahneman and Tversky, 2013). If their
experience falls short of this reference point, they
tend to feel dissatisfied; conversely, if it exceeds the
reference point, satisfaction is more likely. Further-
more, EDT explains the evaluation process from
two perspectives. Absolute evaluation involves as-
sessing whether the perceived quality meets a fixed
standard, while relative evaluation is based on com-
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Awesome Restaurant:

Overall ratings: % %<7

Data Extraction:

Supplementary information

JSON : {"business average stars": 3.0}

User 1 NL  : The average rating this restaurant has received is 3.0
Rating: Y% & v _ Sentiment
Review: Came for dinner. Review texts entmen
This restaurant was ... Came for dinner. This restaurant was ... 4

Figure 1: Sample extraction from the dataset.

paring prior expectations with the perceived quality
(Oliver, 1980). In both cases, prior expectations
play a significant role in determining overall cus-
tomer satisfaction.

Prior studies on a wide range of products and
services have examined the factors that affect or
shape expectations. Some of the key factors in-
clude consumers’ past experiences (Oliver, 1980;
Kopalle and Lehmann, 2001; Bolton, 1998; Cooil
et al., 2007), reputations provided by other cus-
tomers (Keiningham et al., 2015; Ryu et al., 2008;
Babin et al., 2005), and perceived value (Ryu et al.,
2008; Qin and Prybutok, 2008). In particular, repu-
tations—such as an average rating and the helpful
reviews from other consumers—serve as important
reference points when comparing prior expecta-
tions with actual experiences.

However, as noted above, because sentiment
analysis is predominantly based on actual review
texts, few existing studies have taken these supple-
mentary factors into account. To more accurately
capture customers’ preferences, it is crucial to in-
corporate such information into sentiment analysis.
We therefore propose a framework that effectively
leverages this additional information within LLMs.

3 Proposed Model

3.1 Pre-trained Model

To implement LLM-based sentiment analysis, we
adopt Llama 3.2 with 3 billion (3B) parameters
and is instruction-tuned (Llama-3.2-3B-Instruct!).
Llama family has been widely adopted in senti-
ment analysis (Mai et al., 2024; Roumeliotis et al.,
2024; Gautam et al., 2025). In particular, the 3B
architecture is a relatively lightweight, compared
to mainstream 70—100B models, which is suitable
for resource-constrained environments, such as on-

"https://huggingface.co/meta-llama/Llama-3.2-3B-
Instruct

device processing, with maintaining privacy.

For the immediate deployment, we do not apply
fine-tuning. The hyper-parameters for the model
are set in temperature=1.0. The model will stop
inference after generating one token (equivalent to
underbar in the prompt shown in Fig. 2).

3.2 Basic Prompt

To obtain sentiment values, we use text-completion
function which the model completes the continuous
texts of the given prompt.

As shown in (Zhang et al., 2024), first, one-shot
model is significantly outperforms the zero-shot
model. Additionally, few-shot prompt clearly out-
performs the one-shot; however, In this study, using
multiple examples introduces additional variables
(e.g., the reference points of example reviews, their
alignment patterns, example selection biases), mak-
ing it difficult to interpret core findings regarding
structured contextual information. Therefore, we
use one-shot prompt (Fig. 2) to maintain experi-
mental clarity.

### Instruction

You are a helpful assistant evaluating the review texts about
the restaurant. Please evaluate the review text and assign an
integer score ranging from 1 for the most negative comment
to 5 for the most positive comment. The output should be a
single integer from 1 to 5.

### Example
User review: {example review}
Output: {example label}

#it# Task
User review: {user review}
Output:

Figure 2: Basic Prompt

3.3 Displaying Supplementary Information

To display additional information, the method of
presentation needs to be discussed. Learning struc-
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tural information is highly dependent on in-context
learning, which means that locating the explana-
tions before the tabular data improves the under-
standing of the structure (Sui et al., 2024). There-
fore, we set up and compare two display methods,
text and JSON format. We include the supplemen-
tary information, such as the average user rating
and the average venue rating after the review sec-
tion of the prompt.

Display Method (NL) First, we adopt text
method, which displays the average evaluations
with the explanations. With this method, although
the prompt gets longer, any forms of information,
including texts and numeric values, can be input
into the model as long as the information can be
explained in natural language. Thus, the necessary
amount of computing resources becomes larger.
Therefore, we set up the explanations and the input
as Fig. 3.

When evaluating the review, consider both the textual
sentiment and the supplementary information. Use user's
average score which user has given in their past reviews to
understand the user's typical rating behavior and
restaurant's average score which the restaurant has received
across all users to compare this restaurant's performance
relative to others. Additionally, use restaurant's name, open
hours (the total number of hours the restaurant is open in a
week), and open days (the total number of days the
restaurant is open in a week) to contextualize the review.

## Example

User review: This restaurant was...

Supplementary Information: The average of this user's past
ratings is 2.6. The average rating this restaurant has
received is 3.0

Output: 5

Figure 3: NL Prompt for Supplementary Information

Display Method (JSON) Second, we adopt
JSON method, which displays supplementary in-
formation with JSON format. This method can
provide information in the structured form. One
study (Sui et al., 2024) which investigates the im-
pact of using table data, such as CSV, JSON, and
HTML, on the understanding of the information
indicates that LLMs can comprehend the contents
of the table unless the data structure is not too com-
plex and the ability is improved when explanations
are added before the structured input. Therefore,
we set up the explanations and the structured input
as Fig. 4.

When evaluating the review, consider both the textual
sentiment and the supplementary information in JSON
format. Use ‘user_average' (the average score this user has
given in their past reviews) to understand the user's typical
rating behavior and ‘restaurant average' (the average score
this restaurant has received across all users) to compare this
restaurant's performance relative to others. Additionally,
use ‘restaurant name', ‘open_hours' (the total number of
hours the restaurant is open in a week), and ‘open_days'
(the total number of days the restaurant is open in a week)
to contextualize the review.

## Example

User review: This restaurant was...

Supplementary Information: {"user average stars": 2.6,
"business_average stars": 3.0}

Output: 5

Figure 4: JSON Prompt for Supplementary Information

3.4 Dataset

We adopt Yelp Open Dataset (Yelp, 2022) which
contains the evaluations and reviews for a wide
range of establishments. Compared with the
popular benchmarks, such as IMDb movie re-
views (Maas et al., 2011) and Amazon Reviews
(Jianmo Ni, 2019), Yelp covers diverse user back-
grounds and business conditions, resulting in
higher heterogeneity across both users and busi-
nesses. This heterogeneity makes predictions more
challenging since these latent differences are not
fully captured within review texts alone.

For the comprehensive analysis, we set up the
two different groups for the analysis: Restaurant
and Nightlife, which are extracted using the cat-
egory tags given for the establishments (Table 1).
For each group, to prevent data leakage between
train and test sets, we ensured that both user IDs
and store IDs are mutually exclusive between the
training and test sets of the entire Yelp dataset. Un-
der this constraint, we use at most 500 unique user—
business pairs for our evaluation set. Reviews are
written in English.

For preprocessing the review texts, we at least
remove the line break codes of the texts to maintain
the format of the prompt. Table 2 shows the sum-
mary statistics of the dataset. A number of tokens
is counted with tiktoken (OpenAl, 2023b) which
is adopted in Llama 3. As shown in the statistics,
some samples have significantly long texts.
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Datasets Selected Excluded
Restaurant Restaurant Fast Food, Food Truck, Bar, Nightlife
Nightlife Bar, Nightlife Fast Food, Food Truck

Table 1: Selected and excluded category tags for each dataset. We avoid duplicate samples between datasets and

select business with fixed addresses.

Mean Std Min Max

Restaurant

Stars 3724 1515 1 5

Chars 431.726 368.464 42 2552

Tokens 98.744 85.544 9 606
Nightlife

Stars 3544 1.605 1 5

Chars 511.082 484.695 65 4998

Tokens 117.104 112465 15 1118

Table 2: Summary statistics of each category in the
dataset

4 Analyses and Results

4.1 Study 1: Impact of Reference Points and
Display Methods

First, to address RQ1 (reference-point utilization)
and RQ2 (prompt format), we implement sentiment
analysis in restaurant and bar evaluations. We com-
pare evaluation metrics across different models and
assess the effectiveness of incorporating additional
information in two categories. The supplementary
information consists of following three elements.
U: the user’s average rating, indicating the mean
rating of the past evaluations given by the user on
Yelp, B: the business’ average rating, indicating
the mean rating which the restaurant has received
from all users, and O: other contextual factors, in-
dicating additional information both of textual and
numerical attributes, such as the restaurant name,
operating hours and the number of days the restau-
rant is open per week. Both U and B are expected
to serve as reference points that affect user’s prior
expectations.

The LLM-based approach is evaluated with mul-
tiple variations, considering the type of supplemen-
tary information used and its machine-readability.
Accordingly, the LL.M-based models are catego-
rized as follows: JSON-UBO / NL-UBO: Utiliz-
ing all supplementary information, presented in
JSON format or natural language, respectively;

JSON-UB / NL-UB: Incorporating only the aver-
age ratings; JSON-O / NL-O: Incorporating only
contextual factors; and LLM (None): A base-
line model without any supplementary information.
We also establish four well-established baselines:
BERT (Devlin et al., 2018), DistilBERT (Sanh
et al., 2019), RoBERTa (Liu et al., 2019), and De-
BERTa (He et al.). These pretrained models are
fine-tuned for 5 epochs with additionally extracted
1000 training samples and the test performances
are computed when the validation losses become
the lowest. Since the proposed model employs 3B
model which focused on lightweight and fast infer-
ences, reference models are also base-sized (e.g.,
RoBERTa-Base-Uncased).

Sentiment analysis has not only the classification
aspect but also the regression due to that the senti-
ment label is on the ordinal scale, which means that
the magnitude of prediction error is important in
addition to the concordance. Therefore, we adopt
both Macro-F1 score and root mean square error
(RMSE) for the evaluation metrics. For the base-
line models we extracted an additional training set
and fine-tuned each model.

Table 3 and 4 report the results for the Restau-
rant and Nightlife datasets, respectively. First,
among the two datasets, JSON-UBO achieves the
highest score in both datasets and improves sig-
nificantly over LLM (None), which receives no
supplementary information. Among the reference
models, the strongest baseline differs by domain:
LLM (None) ranks first in Restaurant, whereas
RoBERTa-Base leads in Nightlife. In general,
RoBERTa and DeBERTa outperform BERT, fol-
lowed by DistilBERT.

Comparing the models within each display for-
mat, first, JSON prompts consistently improve per-
formance as more information is added. These
results indicate that, supplying a reference point
in a machine-friendly format helps the model cap-
ture the complex relationships among factors, en-
abling effective inference. Increasing information
from JSON-UB to JSON-UBO leads particularly
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n = 500 UBO UB ¢} n = 500 UBO UB ¢}
LLM (JSON)  0.612f 0.598 0.588 LLM (JSON)  0.6357 0.622 0.592
LLM (NL) 0.5937 0.599 0.524 LLM (NL) 0.602 0.628 0.580

T LLM (None)  0.587 T LLM(None)  0.526

S DeBERTa 0.538 S DeBERTa 0.523

= RoBERTa 0.533 = RoBERTa 0.625
BERT 0.474 BERT 0.574
DistilBERT 0.465 DistilBERT 0.481
LLM (JSON)  0.564 0.616 0.647 LLM (JSON)  0.597 0.613 0.665
LLM (NL) 0.620 0.624 0.686 LLM (NL) 0.672 0.647 0.666

B LLM (None) 0.675 & LLM (None) 0.709

E DeBERTa 0.703 5 DeBERTa 0.688
RoBERTa 0.742 RoBERTa 0.657
BERT 0.758 BERT 0.668
DistilBERT 0.804 DistilBERT 0.746

Table 3: Study 1 Results (Dataset 1: Restaurant). t
indicates the statistically significant difference (p <
.05) by two-sided McNemar test against LLM (None).
Bold number indicates that the model surpasses all the
reference models; shaded cells indicate the overall best
value.

to reduce RMSE in both datasets. As a result, pre-
diction accuracy rises; for Restaurant, Macro-F1
rises by 4.3% (from 0.587 to 0.612) and RMSE
reduces by 16.44% (from 0.675 to 0.564) rela-
tive to both LLM (None). For Nightlife, the im-
provements are even larger relative to LLM (None),
+20.7% (from 0.526 to 0.635) and -15.8% (from
0.709 to 0.597), respectively, and still effective
compared with RoBERTa (+1.6% / -9.1%). This
result aligns with prospect theory and expectation-
disconfirmation theory, providing the clear answer
to RQ1. The user- and business-level average rat-
ings act as reference points for the LLM and im-
prove the prediction accuracy.

By contrast, the results of NL prompts do not
follow this pattern; increasing information from
NL-UB to NL-UBO does not contribute on the
performance, and in Nightlife the accuracy even
decreases below the best baseline. This suggests
that, although LL.Ms can process natural language
using the large context window, the models still
struggle to capture their complex relationship par-
ticularly when large quantities of contextual factors
are embedded as plain text.

These empirical results also provide the response
to RQ2. Supplying additional information in a

Table 4: Study 1 Results (Dataset 2: Nightlife). 1 in-
dicates the statistically significant difference (p < .05)
by two-sided McNemar test against LLM (None). Bold
number indicates that the model surpasses all the ref-
erence models; shaded cells indicate the overall best
value.

machine-readable structure allows the LLMs to
effectively utilize those reference points and con-
textual factors for the prediction.

4.2 Study 2: Relationship with the
Expectation

From the results of Study 1, a remaining concern
is that these reference points may have worked as
proxies for the labels. Therefore, to address RQ3
(proxy effect), Study 2 investigates whether model
performance decreases as the review score diverges
from these reference points according to the extent
of the gaps. We use the JSON-UBO results for the
examination.

Since prior expectations are formed based on the
user’s past behavior and the reputations, we treat
such average score as indicators of prior expecta-
tions. We define expectation—evaluation gap for
both user (U) and business (B) average from user ¢
to store j as follows:

gapgjj-) = rating; ; — user_average; (1)

gapl(-g) = rating; ; — business_average; (2)

The data set is divided into five bins according
to the extent of gaps, yielding groups that range
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from “far below expectations” to “far above expec-
tations.” For each bin, we measure the Micro-F1
and RMSE. If the averages were merely proxies for
the labels, performance would peak in the middle
bin (where the gap is smallest) and decline sharply
as the gap widens.

The results are shown in Table 5 (Restaurant)
and Table 6 (Nightlife). The leftmost group in-
cludes cases where the actual rating falls below
expectations, while the rightmost group consists of
cases where the actual rating exceeds expectations.

Expectation

below < met — beyond
User Average
gap7)  -1788 -0.185 0.224 0.748 1.653
Micro-F1  0.690 0.636 0.667 0.890 0.870
RMSE 0700 0.621 0.619 0374 0.436
Business Average
gap? 2130 0.640 0415 0945 1.565
Micro-F1  0.760 0.450 0.760 0.860 0.910
RMSE  0.624 0819 0.490 0.447 0.300

Table 5: Study 2 Results (Dataset 1: Restaurant).
Bold number indicates that the group surpasses the
expectation-met group. Shaded cells indicate the overall
best value.

First, in the Restaurant category, prediction
performances increase in the upper two quantile
groups for both the user’s and store’s average, com-
pared to the middle group where the actual rat-
ing was close to the reference point. This sug-
gests that the most accurate predictions were made
when the actual experience exceeded prior expec-
tations. In particular, when the experience was
beyond the expectation, the performance improved
by +25.1% for Micro-F1 and -39.6% for RMSE
in user-average compared with the middle group
while +13.2% for Micro-F1 and -8.8% for RMSE
in business-average.

Next, in the Nightlife category, as in Study 1,
merely meeting expectations did not consistently
lead to better predictions. However, unlike the
Restaurant category, prediction accuracy improved
not only when experiences exceeded expectations,
but also when they fell significantly short. Notably,
the highest accuracy was observed in the group
where the actual rating was far below the prior

Expectation

below < met — beyond
User Average
gap!) 2,083 -0312 0.133 0523 1.375
Micro-F1  0.743 0.709 0.700 0.752 0.798
RMSE  0.507 0.660 0.548 0554 0.611
Business Average
gap{? 2465 -0.995 0.350 0975 1.520
Micro-F1  0.830 0.520 0.710 0.850 0.800
RMSE 0412 0911 0.566 0.510 0.447

Table 6: Study 2 Results (Dataset 2: Nightlife).
Bold number indicates that the group surpasses the
expectation-met group. Shaded cells indicate the overall
best value.

expectation (the leftmost group).

Although there are substantial differences in
business nature and customer behavior between
restaurants and nightlife venues, at least, we do
not confirm that the performance metrics increase
in the group with the closest reference points to
actual labels. In both cases, reference points do not
simply function as proxies for the correct labels,
but rather as relative evaluation values in inference,
meaning that they function literally as reference
points, which is a strong answer to RQ3.

4.3 Study 3: Error Analysis

To further understand how the model interacts with
the reference points, we finally combine user and
business average scores to create a 5x5 matrix
where each cell represents the Micro-F1 score.

Restaurant BA

UA 1 2 3 4 5
1 - 1.000 0.812 0.750 -
2 1.000 0.833 0.771 0.643 0.000
3 1.000 0.643 0.688 0.716 0.000
4 - 0.250 0.679 0.816 0.750
5 - 1.000 0909 1.000 1.000

Table 7: Error analysis by user average (UA) and busi-
ness average (BA) for restaurant dataset

Table 7 (Restaurant) and 8 (Nightlife) show the
results. First, in both categories, the model achieves
highest performance (100% in most cases) when
UA is 5. Second, two different reference points
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Nightlife BA
UA 1 2 3 4 5
1 - 1.000  0.920 1.000 -
2 - 0.714 0.680 0.545 -
3 - 0.750 0.623  0.756 -
4 - 0.556 0.682 0.746  1.000
5 - 1.000 1.000 1.000 1.000

Table 8: Error analysis by user average (UA) and busi-
ness average (BA) for nightlife dataset

show a clear interaction for the prediction. The ac-
curacy tends to improve when two reference points
align (along the diagonal), indicating that, when
user’s past evaluation is close to other consumers’
average ratings, the actual rating becomes easier
to predict. Notably, in some combinations, the ac-
curacy results in 0%. This indicates cases where
conflicting references make prediction challeng-
ing. However, as shown in Study 1, this accuracy
even outperforms other models. Therefore, our ap-
proach can identify unreliable or difficult samples
to predict based on reference point conflicts. These
results clearly answer RQ4.

These interaction patterns enable practical de-
ployment strategies. Companies can employ adap-
tive inference where samples with aligned refer-
ence points (UA~BA) are processed on-device
environment, while conflicting cases are routed
to larger cloud-based models. Additionally, low-
confidence predictions can be systematically col-
lected as training data for fine-tuning domain-
specific models, enabling continuous performance
improvement.

5 Conclusion

5.1 Key Findings

In this study, we enhance LLM-based sentiment
analysis by incorporating supplementary informa-
tion as reference points and other contextual factors,
based on prospect theory and EDT.

Study 1 compared two prompting strategies (NL
and JSON) with multiple combinations of contex-
tual information. The JSON-UBO model signif-
icantly outperformed both NL prompts and four
strong baselines. Notably, while JSON prompts
showed consistent gains with increasing informa-
tion, NL prompts failed to leverage the same con-
texts despite the same context window.

Study 2 addressed the potential concern about

reference points serving as label proxies. Accuracy
improved more for reviews whose ratings deviated
from the average than for those close to the average,
indicating that the model was not simply copying
the reference points for JSON-UBO model.

Study 3 revealed that the interactions of two
different reference points affect the model perfor-
mance. Accuracy improved when those ratings
align while conflicting references indicate inher-
ently challenging cases.

These findings comprehensively answer our
research questions. RQ1 (Effect of reference
points): We demonstrated that the proposed model
with U/B/O information significantly improves per-
formance with 4.3-20.7% gains in Macro-F1 and
15.8-16.4% reductions in RMSE over baselines
without fine-tuning. RQ2 (Effect of machine read-
ability): NL prompts fail to leverage complex in-
formation, highlighting the importance of prompt
design even for models with large context windows.
RQ3 (Effect of proxy labels): Follow-up anal-
ysis confirms that model performance improves
when ratings deviate from expectations, indicat-
ing that reference points assist contextual inference
rather than serving as mere label proxies. RQ4
(Effect of reference interactions): We revealed
that aligned reference points improve prediction ac-
curacy, while conflicting reference points indicate
inherently challenging prediction cases.

5.2 Implications

This study has both academic and practical impli-
cations.

Academic. First, by incorporating the theoretical
approach into the LLM-based sentiment analysis,
model performance significantly improved, indicat-
ing that LLM’s rich capability to handle complex
context contributes to the predictions. By using
JSON format, it is possible to input various infor-
mation into LLMs, and combining more abundant
information may further improve prediction accu-
racy. Second, even if the amount of information
is same across the several prompts, the results of
the inferences, including the prediction and per-
formance, vary depending on the display methods,
despite the large context window of modern LLMs.
Second, simple scalar values, such as 1-5 star av-
erages, can be used directly in the JSON prompt;
no discretization or embedding tricks are required.
These suggest that we can flexibly employ various
factors, including textual and numeric information,
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into sentiment analysis. Furthermore, although we
employ sentiment analysis for the model verifica-
tion, the proposed approach using JSON-based con-
textual information is transferable in wide domain
of document classification task, including market-
ing analysis.

Practical. Since the proposed method only relies
on prompt construction, companies can feed exist-
ing database contents to LLMs with JSON prompt
and immediately construct their own extended mod-
els. As shown in the results, our approach achieves
RMSE of 0.564 (restaurant) and 0.597 (nightlife),
meaning the average prediction error is less than
1-star on a 5-point scale. This level of accuracy is
sufficient for practical applications such as the sim-
ple recommendation systems, where distinguishing
between adjacent rating categories (e.g., 4 vs 5
stars) is often less critical than identifying over-
all sentiment polarity. Achieving this performance
with a 3B parameter scale without fine-tuning indi-
cates that the company can immediately deploy the
recommendation agent on edge application environ-
ments combined with the rich customer database.
Furthermore, our error analysis revealed that sam-
ples with aligned reference points can be accurately
predicted while cases with conflicting references
could be routed to larger models or LLM-based
ensemble strategy (Xing, 2025; Huang et al., 2024;
Niimi, 2025). This enables the energy efficient
processing where computational resources are allo-
cated based on prediction difficulty.

6 Limitations

This study has several limitations. First, while our
approach is grounded in prospect theory and EDT,
we did not empirically test whether the psychologi-
cal mechanisms underlying these theories actually
explain the model’s improved performance. There-
fore, we need to further validate those relationships
by the psychological experiments to support our
findings.

Second, our experiments were conducted using
only a single model architecture (Llama-3.2-3B-
Instruct). The effectiveness of structured prompt-
ing may vary across different model families and
scales, limiting the generalizability of our findings.
Particularly, we cannot conclude whether the bene-
fits of JSON formatting extend to larger models or
different architectures.

Third, our evaluation is restricted to English re-
views from two categories within the Yelp Open

Dataset (Yelp, 2022). Additional verifications for
other domains, languages, benchmarks are also re-
quired to support the effectiveness.

In addition, we did not compare our method with
simple post-hoc calibration baselines (e.g., shifting
predictions according to user or business averages).
Such heuristics may adjust main effects but can-
not capture interaction effects between users and
venues, which our structured prompting approach
is designed to address. Future research may provide
a systematic comparison between these alternatives,
incorporating effect-size measures for more robust
evaluation.

Finally, while we argue that our approach is com-
putationally efficient due to the absence of fine-
tuning, we did not provide quantitative measure-
ments of inference time or memory usage across
different prompt formats for the actual inferences.
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