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Abstract

Social media platforms provide a direct, real-time channel for
companies to engage with their audiences, making the man-
agement of corporate reputation on social media a pivotal fac-
tor for organizational success. Reputation is shaped by factors
such as the relationship with the audience, crisis communica-
tion, public sentiment, and the topics most frequently associ-
ated with the company. Although reputation is often viewed
as an intangible asset, it can be quantified and monitored
through various metrics. Advances in AI and Pretrained Lan-
guage Models (PLMs) have automated tasks such as senti-
ment analysis, sentiment strength assessment, and topic clas-
sification, creating new opportunities to manage reputation
more efficiently. However, current PLM solutions typically
address these tasks individually and require specialized train-
ing for each company, limiting scalability and flexibility. To
address these challenges, we propose a novel system frame-
work to assist public relations firms by leveraging PLMs for
automatic classification. We evaluated this approach through
experiments on four companies, comparing zero-shot and
fine-tuned models in task-specific and multi-task configura-
tions. Additionally, we explored the transfer of knowledge be-
tween client companies using fine-tuned models. Results in-
dicate that multi-task, multi-company fine-tuned PLM mod-
els offer simpler system management with competitive per-
formance compared to highly specialized models.

Introduction
Social media platforms provide a ubiquitous and accessible
communication tool, enabling real-time interaction between
users and organizations (Al Olaimat et al. 2022). Companies
are increasingly leveraging these platforms to engage with
their audiences, fostering more direct and efficient commu-
nication (Wang, Cheng, and Sun 2021). As a result, social
media has become an important component of corporate
communication strategies, offering businesses opportunities
to build brand loyalty, address customer concerns, and pro-
mote products or services. This shift toward digital interac-
tion highlights the growing importance of understanding and
optimizing company-audience dynamics on these platforms.

A company’s reputation is shaped by several factors,
including the quality of its relationships with the audi-
ence (Wang, Cheng, and Sun 2021; Al Olaimat et al. 2022),
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effective crisis communication on social media (Civelek,
Çemberci, and Eralp 2016), public sentiment towards the
company, and the prevalent topics discussed in relation to
it (Doorley and Garcia 2015).

Together, these elements influence stakeholder percep-
tions and can have a significant impact on a company’s mar-
ket position, customer loyalty, and overall business perfor-
mance. While reputation may initially appear to be an intan-
gible asset, it can be quantified and its performance tracked
through various metrics and analytical methods (Doorley
and Garcia 2015). This measurability allows companies to
objectively assess, monitor, and strategically manage their
reputational standing over time. The benefits of maintaining
a consistent, strong reputation are far-reaching: businesses
with solid reputations attract top talent, negotiate more fa-
vorable terms with suppliers, gain competitive advantages
in the marketplace, receive free social media coverage, and
are often able to command premium prices for their ser-
vices (Doorley and Garcia 2015).

In this study, we address the challenge of supporting the
corporate reputation measurement pipeline by simultane-
ously tackling the following tasks: (i) sentiment analysis,
(ii) sentiment strength assessment, and (iii) classification of
topics discussed on social media platforms. These tasks pro-
vide businesses with valuable insights into public percep-
tion. Traditionally, Public Relations (PR) practitioners relied
on manual labeling to accurately assess sentiment and cate-
gorize discussions, often due to concerns about data quality.
However, advancements in Artificial Intelligence (AI) and
Pretrained Language Models (PLMs) have transformed this
process, enabling automated analysis with high accuracy, ef-
ficiency, and data-driven scalability.

Despite such advancements, current practices in auto-
mated sentiment analysis and topic classification for rep-
utation management face several constraints. Many exist-
ing PLM solutions typically address only a single task at
a time (Kim et al. 2023; Gao, Ghosh, and Gimpel 2023; Hu
et al. 2024; Zhang et al. 2024), and those that handle mul-
tiple tasks (Wang et al. 2023; Liu et al. 2023b; Xin et al.
2024; Shen et al. 2024) still require highly specialized train-
ing regimes tailored to specific companies or contexts. This
complexity makes it difficult to reuse models across multiple
companies for various tasks, limiting scalability and flexibil-
ity. As a result, PR practitioners and Machine Learning Op-
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erations (MLOps) professionals must rely on their expertise
to adapt solutions for new clients, often experimenting and
fine-tuning several combinations along the way. Key limita-
tions include the challenges of transferring knowledge be-
tween clients and the lack of comprehensive system designs
that incorporate machine learning models specifically for so-
cial media analysis in the PR industry.

We propose a novel approach that uses PLMs for the
automatic classification of sentiment analysis, sentiment
strength, and topic classification to overcome these limita-
tions with a single request. Instead of relying on prompt
learning, which introduces complexity for multi-task ap-
proaches, complicates system design, and lacks intuitive in-
terpretability (Wang et al. 2023; Hu et al. 2024), we use dis-
crete prompting. This method employs straightforward tex-
tual prompts that are easily understood by both MLOps and
PR professionals, simplifying the system design while main-
taining flexibility.

To evaluate our approach, we conducted a three-step ex-
periment. In the first step, we addressed the tasks individ-
ually through zero-shot learning and fine-tuning of task-
specific models. In the second step, we tested a multi-task
prompt to assess both zero-shot and fine-tuned company-
specific models. Finally, in the third step, we explored how
existing knowledge from current client companies could
be applied by testing a single and global fine-tuned model
across new companies.

To test our proposal in a real-world scenario, we imple-
mented a system framework designed to handle large-scale
data ingestion from multiple social media platforms through
a custom-built Data Warehouse. This pipeline ensured con-
sistent data transformation, facilitated the identification of
bottlenecks, and enabled automated classification for topics
and sentiment-related tasks using fine-tuned PLMs. As a re-
sult, we were able to conduct a more accurate cost analy-
sis that mirrors a large-volume PR environment. The results
indicate that a single, globally fine-tuned model covering
all companies and tasks offers simpler management, lower
costs, and competitive performance across the board.

The remainder of this paper is structured as follows: Sec-
tion 2 presents the main related work. Section 3 introduces
our framework and dataset. Section 4 provides the evalua-
tion and discusses the key findings regarding performance.
Finally, Section 5 outlines future work.

Background and Related Work
Public Relations and Social Media. PR companies man-
age their clients’ reputations and communication strategies,
aiming to build and sustain a positive public image while
tackling challenges such as crisis management, media rela-
tions, brand positioning, and audience engagement. Social
media platforms have revolutionized this process by provid-
ing dynamic environments where reputation is continuously
developed and managed in real-time (Batrinca and Treleaven
2015). PR professionals still rely on traditional media for
tasks like crisis management (Taylor and Kent 2010; Verho-
even et al. 2014; Kent and Taylor 2016) but the rise of social
media analytics (Batrinca and Treleaven 2015; Stieglitz et al.
2018) has enabled companies to enhance communication,

boosting audience engagement through strategic monitoring
and direct interaction with stakeholders (Stieglitz et al. 2018;
Andreotta et al. 2019; Valentini 2015).

The analysis of interactions between users and compa-
nies on social platforms relies on a vast amount of both
structured and unstructured data, including text, images, and
videos. This data offers insights into public opinion and be-
havior towards companies (Verhoeven et al. 2014; Stieglitz
et al. 2018). For example, users may engage with companies
by directly tagging them with their official profile names or
indirectly mentioning the company within the content they
share, whether textual or visual.

Such interactions, referred to in this paper as mentions,
provide a common resource that companies often transform
into valuable information. Merely tracking the volume and
frequency of social media mentions is insufficient for ex-
tracting strategic insights. PR companies rely on content
analysis and annotation to gain more refined information,
such as identifying the topics of discussion, the sentiment
expressed, and the context surrounding each mention. These
in-depth analyses enable PR firms to develop comprehen-
sive key performance indicators, dashboards, and periodic
reports for clients, providing valuable support for decision-
making strategies (Stieglitz et al. 2018). Thus, PR compa-
nies track mentions along with their associated refined in-
formation to understand how audiences interact with their
clients (Batrinca and Treleaven 2015). However, the man-
ual nature of this process limits the scale of insights that can
be generated. To address this, automated text analytics and
sentiment analysis tools have been designed to process large
volumes of online mentions more efficiently (Batrinca and
Treleaven 2015; Stieglitz et al. 2018; Andreotta et al. 2019).
In particular, AI-powered solutions can categorize discus-
sions by topic, sentiment, and identify influential voices on
a much larger scale than manual processes, which allows
PR professionals to respond quickly to shifts in brand per-
ception (Andreotta et al. 2019).

Accordingly, this study focuses on optimizing the label-
ing and analysis of three key PR tasks for social media:
(i) sentiment analysis, (ii) sentiment strength, and (iii) topic
classification. Sentiment analysis involves determining
whether a piece of text expresses a positive, negative, or
neutral opinion (Balaji, Annavarapu, and Bablani 2021).
Sentiment strength refers to the intensity of the expressed
sentiment, which can be categorized into levels such as
weak, mild, or strong—whether positive or negative (Ba-
trinca and Treleaven 2015). Topic classification involves
grouping social media posts into meaningful categories,
such as “health” or “education”. We also observe that when
PR companies offer this service to clients, they typically
establish a predefined list of themes. However, this list may
need to be updated over time as new events emerge or the
scope of monitoring evolves (Stieglitz et al. 2018).

Text Classification using PLMs. Recent advancements in
NLP have introduced pretrained language models such as
the GPT family (Brown et al. 2020), BERT (Devlin et al.
2019), T5 (Raffel et al. 2020), and Gemini (Anil et al. 2024),
which have transformed tasks like sentiment analysis, sen-
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timent strength, and topic classification. These models uti-
lize their extensive training on large volumes of linguis-
tic data and factual information. In this study, we approach
all three tasks – sentiment analysis, sentiment strength, and
topic classification as text classification problems.

To the best of our knowledge, there is limited literature on
tackling text classification problems in the PR domain (An-
dreotta et al. 2019), which is why we turn to the broader
AI literature to explore text classification in other domains.
We have observed a growing body of research that examines
the use of PLMs in zero-shot and few-shot text classification
scenarios across various datasets and contexts (Zhang et al.
2022; Gera et al. 2022; Kim et al. 2023; Hu et al. 2024). In
zero-shot learning, PLMs can be conditioned through a tex-
tual prompt to achieve the desired outcome, relying solely
on their inherent parametric knowledge without the need for
fine-tuning on the downstream task (Brown et al. 2020).

An early approach to text classification involves fram-
ing the task using cloze-style prediction with masked to-
kens and a pattern-verbalizer method (Schick and Schütze
2021; Zhang et al. 2022; Gao, Ghosh, and Gimpel 2023; Hu
et al. 2024). For example, a movie review like “The movie
was amazing!” could be framed as “The movie was amaz-
ing! It was [MASK]” and the PLM would be asked to pre-
dict the masked token using the masked language modeling
classification head. Since the predicted token may not al-
ways align perfectly with the expected outcome (positive or
negative), previous studies have used verbalizers to map the
predicted token to one of the valid classes (positive or neg-
ative) (Zhang et al. 2022; Gao, Ghosh, and Gimpel 2023).
However, this approach has faced criticism due to limita-
tions with the pattern-verbalizer pair, where small changes in
the pattern or verbalizer can cause significant performance
degradation (Gao, Ghosh, and Gimpel 2023).

To overcome these limitations, advanced prompt-based
methods, such as continuous prompts and prompt tuning,
have emerged. These techniques enable models to adapt to
new tasks or linguistic patterns without requiring manual
updates to verbalizer mappings (Lester, Al-Rfou, and Con-
stant 2021; Liu et al. 2021). However, continuous prompts
often suffer from a lack of intuitive interpretability (Hu et al.
2024), may underperform on smaller large language mod-
els (LLMs) (Wang et al. 2023), and require PR profession-
als to fine-tune and manage specific embeddings for each
task. While fine-tuning continuous prompts is more cost-
effective than fine-tuning an entire PLM, full fine-tuning
typically yields better downstream performance and offers
greater theoretical expressiveness (Petrov, Torr, and Bibi
2024). Moreover, avoiding storing and managing multiple
task-specific embeddings can significantly streamline sys-
tem architecture. Failing to consider this can lead to more
software complexity, hindering system maintenance and de-
grading performance, especially in high-throughput environ-
ments such as PR, where operational efficiency is critical.

Accordingly, we focus on discrete prompting and fine-
tuning small commercial PLMs to address these issues while
keeping the solution accessible to both data scientists and PR
professionals. Discrete prompting relies entirely on textual
conditioning of the PLMs to solve downstream tasks, offer-

ing greater transparency and interpretability. In our study,
we explore two primary approaches to discrete prompt-
ing: (i) single-task prompting and (ii) multi-task prompting.
For single-task prompting, we examine the performance of
PLMs when prompted with task-specific instructions. This
approach allows for targeted optimization of individual tasks
but may require separate prompts for each task. It is also
the most extensively studied method in the existing litera-
ture (Kim et al. 2023; Gao, Ghosh, and Gimpel 2023; Hu
et al. 2024; Zhang et al. 2024).

In the context of multi-task prompting, we evaluate the ef-
fectiveness of using task-shared prompts, which offer a more
versatile and efficient approach. This strategy allows a single
prompt to address multiple related tasks for a given input,
potentially enhancing the efficiency of PLMs by reducing
tokens per minute and requests per minute, as demonstrated
in several domains (Wang et al. 2023; Liu et al. 2023b; Xin
et al. 2024; Shen et al. 2024). However, this has yet to be ver-
ified in public relations systems. Next, we present a new de-
sign and strategy for applying multi-task prompting within
the field of public relations and monitoring. This is achieved
through the development of a comprehensive framework that
effectively emulates real-world challenges.

Material and Methods
This section introduces a new strategy for framing the
text classification problem using discrete prompting in both
single-task and multi-task scenarios, with approaches for
zero-shot learning and fine-tuning.

Additionally, we present a comprehensive system
framework designed to handle near real-time, large-scale
ingestion and classification through discrete prompting.
Our proposed framework is illustrated in Figure 1. We
first define the text classification problem through discrete
prompting, then we detail the dataset collection process
and its basic statistics, followed by an exploration of the
prompting and system design.

Problem Definition. Let {Ti}Ni=1 be a set of tasks, each
containing a set Ti = {Xi,Yi} of documents Xi =
{x1, x2, . . . , x|Xi|} and a set of textual labels Yi =
{y1, y2, . . . , y|Yi|}, where each document contains a set of
strings. For each xk ∈ Xi, there is one and only one as-
sociated label yl. Since the set of documents is the same
for every task, we simplify notation by defining a task i as
Ti = {X ,Yi}. The datasets Dtrain, Dval, and Dtest repre-
sent the training, evaluation, and test sets, respectively, ob-
tained from X ; thus, X = Dtrain ∪ Dval ∪ Dtest.

Let {ti}Ni=1 represent all template strings used to address
each task by prompting the large pretrained language model
M(θ) with parameters θ. Thus, the prompt pki = ti(xk)
is employed to solve task i for document k, generated by
applying the template string ti to document xk. The set
Pi = {p1i , p2i , . . . , p

|X |
i } includes all prompts for address-

ing task i. Prompts Ptest
i are created by applying the tem-

plate strings to each document in the dataset Dtest. To ad-
dress task i, we use the model M to map each input docu-
ment to the target labels using a single-task and task-specific
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Figure 1: Overall pipeline of the proposed framework, including the training and online stages.

prompt paradigm as follows: M(Ptest
i , θ) → Yi. In con-

trast, in a multi-task paradigm, we use a task-shared prompt
to unify the representation of various tasks. Here, a single
prompt template Ptest

multi is designed to be applicable across
all tasks, allowing the model M to process input docu-
ments from the entire dataset Dtest within the same prompt
framework, as follows: M(Ptest

multi, θ) → Ymulti, where
Ymulti = Y1 × Y2 × . . . × YN and both Yi and Ymulti

are textually generated.
Prompting model M to solve new tasks without any con-

crete pairs (xk, yl) of examples in the input is referred to as
zero-shot learning. In contrast, prompting with one or more
concrete pairs of examples in the input is known as few-shot
learning. For both zero-shot and few-shot learning, the pa-
rameters θ are fixed. If model performance on a task does
not improve with few-shot learning or prompt engineering,
model M can be fine-tuned to enhance performance.

However, the approach to fine-tuning varies depending on
whether a task-specific or task-shared prompt is used. In the
single-task paradigm (i.e., using task-specific prompts), the
model is fine-tuned using prompts Ptrain

i . We denote the
model M fine-tuned with the set of prompts Ptrain

i as M∗
i .

The fine-tuned model M∗
i learns to generate target labels Yi

based on the corresponding input prompts Ptrain
i for each

task independently. Consequently, we obtain a set of models
{M∗

1,M∗
2, . . . ,M∗

N}, each optimized for a specific task.
In the multi-task paradigm, a task-shared prompt Ptrain

multi
is used across all tasks, allowing the model M to process
input documents from the entire dataset Dtrain within a uni-
fied framework. The model is fine-tuned on prompts Ptrain

multi,
which is a single template string applied to all documents in
Dtrain for addressing all tasks. This fine-tuning optimizes

the parameters θ to capture both shared and task-specific
patterns simultaneously. We denote the fine-tuned model
in the multi-task paradigm as M∗. Unlike the single-task
paradigm, the resulting set of models in the multi-task ap-
proach consists of a single model, M∗.

While multi-task fine-tuning can improve generaliza-
tion and leverage shared knowledge across tasks, it may
occasionally degrade performance on individual tasks.
In contrast, single-task fine-tuning allows for precise
adaptation to each specific task but may require significant
computational and data resources, especially when dealing
with many tasks, as each task requires its own dedicated
model and ongoing maintenance.

Gathering Data from Social Media. We propose a system
design to emulate a real-world PR environment that handles
multiple data streams from various social media platforms
(see Figure 1). However, rather than navigating through a
myriad of raw, proprietary APIs for data collection and
cleansing, PR systems (and ours) rely on third-party solu-
tions that aggregate, clean, and curate mentions and publica-
tions from a specific set of data sources. These solutions are
known as clipping software, as they also collect information
from social media, digital and traditional newspapers, radio,
and TV (following proper digitization). Consequently, this
software is highly specialized, with different solutions ex-
celling in handling data from specific media types – some
are better suited for short texts on social media, others for
image-based networks, etc.

The clipping data collection relies on keywords and regu-
lar expressions. For example, if a public oil company, Com-
panyFoo123, wants to monitor its reputation, a specialized
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Company Industry/Type Description
C1 Mineral Resources A holding company with mineral extraction brands.
C2 Consulting Offers consulting and training for private companies.
C3 Banking An investment bank with private investment funds.
C4 Communication A communication agency/department.
C5 Tourism A tourism agency/department.
C6 Insurance A holding of insurance services nationwide.

Table 1: Characteristics of the six companies in the PRMentions dataset.

clipping tool can be used to gather information from their
Investor Relations releases in specific circles. A second clip-
ping tool can collect mentions of CompanyFoo123 along
with keywords such as “oil,” “gas,” “ecoenvironment,” and
“leakage” in general, non-specialized social networks. A
third clipping tool can monitor mentions of the company in
mainstream press articles regarding its business with govern-
mental institutions. Naturally, these sources are exported to
PR solutions in different styles and formats (e.g., API, .json,
scraping) and must undergo a second conformance pipeline
to enhance data quality and compliance.

In this study, we constructed a dataset, named
PRMentions, using five real-world clipping software
tools: two specialized in regular social media, featuring
data from Facebook, Instagram, Twitter, LinkedIn, TikTok,
and Snapchat; one from a global web link crawler; and
two focused on mentions from newspapers, TV, and video
streaming platforms, including YouTube. The dataset in-
cludes mentions related to six companies from very different
sectors, with data spanning from January 2023 to December
2023. The activities and characteristics of the companies
are detailed in Table 1. The selection of filter keywords for
these companies was collaboratively determined between
a PR expert and the company communication department
during an initial briefing meeting, with no more than 12
topics selected. This approach ensures that the captured
data covers a wide range of relevant business areas, with the
chosen keywords and expressions serving as the primary
filters throughout the data collection phase.

Data filtering and staging are handled by the clipping
software, with mentions also being manually labeled by
PR personnel. These experts classify the data across the
three key tasks: sentiment analysis, sentiment strength,
and text classification. While the labeling schema varies
among client companies and tasks, certain standards are
maintained across all clients. For instance, text classification
is flexible and tailored to each client’s specific needs and
interests, with the number of categories varying accordingly.
However, for sentiment analysis, all companies use a binary
positive/negative classification system. Sentiment strength
is universally measured on a discrete scale from 1 to 10,
where 1 represents very negative and 10 represents very
positive. To label our dataset, we requested two different
humans to label each mention according to every task, with
a third individual serving as a tie-breaker if necessary.

Discrete Prompting. Discrete prompting involves manually
crafting prompts using natural language. Here, we applied

discrete prompting to classify a single post xk ∈ X us-
ing two main approaches: single-task and multi-task. In the
single-task approach, we designed separate prompts for each
classification task: sentiment analysis, sentiment strength,
and text classification. In this case, classifying a single post
requires querying the PLM three times for zero-shot clas-
sification or using three distinct fine-tuned PLMs, which in-
creases both the RPM and system complexity, including cost
and maintenance. To address these limitations, we also ex-
plored a multi-task strategy. This approach consolidates the
prompts by creating a unified prompt Pmulti that handles all
three classification tasks simultaneously.

For the experimental methodology, we first conducted a
prompt engineering phase following the approach outlined
in Liu et al. (2023), where we selected the most effec-
tive textual prompts for both the single-task and multi-task
approaches in a zero-shot context. Initially, we developed
an empirical prompt using the chain of thought technique,
which encourages the model to articulate its reasoning pro-
cess sequentially. Next, we prompted the LLM to gener-
ate three additional prompts for each approach. We then
conducted preliminary experiments on a selected sample of
companies to assess the effectiveness of each prompt, using
the F1-score as the evaluation metric (see Appendix).

We also fine-tuned PLMs for different contexts. In
the single-task paradigm, each model was specifically
adapted to its corresponding classification task—one for
sentiment analysis, one for sentiment strength, and one
for text classification. For fine-tuning in the single-task
paradigm, we prepared a set of input prompts Ptrain

i and
associated classes Yi for each task i. In the multi-task
paradigm, we prepared a unified set of input prompts
Ptrain
multi and associated classes Ymulti. In the single-task

case, fine-tuning ensures that each model is optimized for its
respective task for a company C, resulting in models such
as {M∗

1,M∗
2,M∗

3}. In contrast, the multi-task approach
yields a single model M∗ that is fine-tuned to solve all three
tasks simultaneously.

Framework Design. The proposed framework is designed
to efficiently process multiple data streams from various so-
cial media platforms through different clipping software. It
employs an Extract, Transform, Load (ETL) process (Online
Stage) to maintain data quality, consistency, and timeliness,
storing the mentions in a Data Warehouse. This ETL routine
is implemented using a custom-built, open-source Python
framework, designed to handle a diverse range of data from
clipping software. Thus, ETL processes are executed in
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parallel in an elastic cloud environment, with each process
connected to a classifier that can execute one or more
prompts. The outputs of these classifiers are aggregated into
a centralized Data Warehouse. The prompt-driven classifier
serves as the entry point for experimenting with and testing
single- and multi-task approaches (Training Stage). Our
framework relies on a NewSQL solution not only to reduce
insertion time and enable horizontal scalability but also
to facilitate the querying module, which can be expressed
in simple SQL or ROLAP fashion. The query results are
displayed through interactive dashboards for PR experts.

Simplified Schema and Data Transformation. The ETL
process handles data from a variety of clipping sources,
standardizing it with the following attributes: (i) Publication
date; (ii) Title of the mention; (iii) Original source (e.g.,
which social network); (iv) Author; (v) List of interactions
(including comments, reactions, shares, reach, audience,
and view counts); (vi) Ad value; and (vii) Original URL of
the mention. The ETL stages organize data from different
sources into a dataframe abstraction and execute two main
types of routines: transform functions (e.g., converting
text to uppercase, removing accents, and standardizing
data types such as dates) and user functions for
customized data cleansing and imputation.

Schema Alignment and Loading Stage. The ETL process
maps the original schema of different data sources into a
dataframe abstraction, which is then loaded into the Data
Warehouse. This mapping is defined by a YAML file, with
parameters that include: columns, which specify the data
to be extracted to populate the attributes; functions, to be
applied during insertion; and operations for removing the
consumed data instance, preventing its recategorization into
another attribute. Multiple functions can be configured per
column, with each attribute capable of returning a spe-
cific type, such as a unique value, a list, or a dimensional list.

Deterministic and Unique Identifiers. During the loading
stage of the ETL process, a deterministic hash is generated
from the post’s URL to create a unique identifier. This
approach offers several advantages, as it eliminates the
need to lock database tables during insertion, improving
performance and ensuring consistency. Since the hash is
deterministic, any collisions would indicate posts with the
same URL, enabling entry deduplication at the loading
stage without requiring additional procedures. The hashing
strategy involves taking the URL and generating a determin-
istic UUID (Universally Unique Identifier) using Python’s
hashlib and uuid libraries. Specifically, the URL is first
hashed with the SHA-1 algorithm, and this hash is then used
to generate a UUID using the uuid5 function. This UUID,
along with the company ID, serves as the primary key for
mentions across all related tables.

Data Transfer Object. The ETL process also includes
a Data Transfer Object (DTO) mechanism to efficiently
transfer data through the pipeline. The DTOs encapsulate
the data, ensuring it is passed smoothly between the various

stages of the ETL process. This approach minimizes the
risk of data corruption and ensures that the transformation
functions can be executed across different datasets.

Parallel Processing. We rely on a cloud environment
that deploys separate instances of the ETL process for
each portion of input data, ensuring that the data is pro-
cessed in isolation. Our framework also utilizes LLM
services, which provide similar elasticity to our own, with
known levels of service. Finally, we take advantage of
the scalability of a NewSQL system for data insertion,
enabling high-volume data transfers without pooling, so that
each data stream is processed independently from the others.

Experimental Evaluation
In this section, we present an extensive evaluation using
real-world data. We conducted experiments with both
single-task and multi-task paradigms in zero-shot and fine-
tuning scenario, which were carried out in three incremental
steps: (i) zero-shot evaluation for individual companies
and tasks, (ii) fine-tuning for individual companies and
tasks, and (iii) fine-tuning the multi-task approach across all
companies. This methodology enabled us to highlight the
strengths observed in each competing approach.

PRMentions statistics. Figure 2 presents the PRMentions
statistics. From the pool of collected mentions, we selected
a stratified sample based on the proportion of classes in each
task for each client company. Sampling was applied to each
task and company to ensure balanced data representation
while controlling the costs associated with PLM usage.
After preparing the sample X , we divided it into Dtrain,
Dval, and Dtest sets. These splits were then used for
experimenting with discrete prompts and fine-tuning PLMs.

Experimental Setup. We used the latest GPT-4o Mini
version (gpt-4o-mini-2024-07-18) via OpenAI’s API and
Gemini-1.5-Flash, with inference set to a temperature of
0.3 and fine-tuning performed over a single epoch. A strat-
ified sample was employed, consisting of 1,000 posts for
training, 1,000 posts for testing, and 200 posts for validation.

Intra-company Experiments. This part of the experiment
focuses on fine-tuning and testing data from the same com-
pany. We conducted experiments with four selected compa-
nies from our pool of organizations. This approach enabled
us to evaluate the model’s ability to specialize in a partic-
ular company’s domain, offering insights into how well the
fine-tuned models perform when applied to the test dataset
split from the same company. Specifically, we carried out
zero-shot and fine-tuning experiments for both single-task
and multi-task paradigms within this context.

Table 2 (1–5) presents the results for the intra-company
experiments. For experiments 1 and 2, we rely solely on the
test split for company Cj , as both are zero-shot experiments.
Experiment 2 generates a set of prompts, Ptest

multi, containing
a single prompt for each example in the dataset DCj

test, while
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Company C3 Company C4 Company C5Company C1 Company C2

Negative Negative

Intensity [0, 2.5) Intensity [2.5, 5.0) Intensity [5.0, 7.5) Intensity [7.5, 10.0)

Positive Positive
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Figure 2: Univariate distribution for top-4 topics regarding their sentiment and intensity across the six examined companies.

Exp. Learning Method Task Train Test # Fine-tunings

Intra-company
Exp. 1 Zero-shot Single-task — DCj

test —
Exp. 2 Zero-shot Multi-task — DCj

test —
Exp. 3 Fine-tuning Single-task DCj

train DCj

test 18
Exp. 4 Fine-tuning Multi-task DCj

train DCj

test 6
Exp. 5∗ Fine-tuning Single-task

⋃3
i=1 D

Cj

train

⋃3
i=1 D

Cj

test 6

Inter-company
Exp. 6∗∗ Fine-tuning Single-task

⋃4
j=1 D

Cj

train

⋃4
j=1 D

Cj

test 3
Exp. 7 Fine-tuning Single-task

⋃3
i=1

⋃4
j=1 D

Cj

train

⋃3
i=1

⋃4
j=1 D

Cj

test 1
Exp. 8 Fine-tuning Multi-task

⋃4
j=1 D

Cj

train

⋃4
j=1 D

Cj

test 1

Inter-company
Exp. 9 Transfer learning Single-task — DC5

test,D
C6
test —

Exp. 10 Transfer learning Multi-task — DC5
test,D

C6
test —

Table 2: Experiments overview. DCj

train and DCj

test represents the train and test splits for company Cj . For experiment 5 (∗),
single-task prompts are joined for all tasks for a single company. For experiment 6 (∗∗), it is the union of all prompts for task i
for all companies j = {1, 2, 3, 4}, resulting in three different training/test pairs for each task.

experiment 1 produces three distinct prompts – one for each
task – for every example in the dataset. For experiment 5, we
compile all single-task prompts for all tasks into a unified
pool, PCj

1 ∪ PCj

2 ∪ PCj

3 , and perform this consolidation for
each train, validation, and test split.

Inter-company Experiments. Given that PR companies
often retain existing clients while acquiring new ones, we
conducted several experiments to evaluate the model’s
ability to use knowledge from existing clients and apply it
to new clients. Specifically, we assessed how the knowledge
gained from fine-tuned models on existing clients could
be transferred to new clients. This approach aimed to
determine whether new clients could benefit from the
insights and models developed for existing clients, thus
evaluating the efficiency and effectiveness of knowledge
transfer across different organizations. For experiments
6, 7, and 8 in Table 2, we explored various methods of
integrating knowledge from all companies, except for C5

and C6, which were kept separate for the transfer learning
evaluation. In experiment 6, we trained and tested the
model using single-task prompts from companies C1−4

by aggregating all prompts for each task. This resulted in
three fine-tuned models, each specialized in one task and

incorporating knowledge from all C1−4 companies. Next,
we randomly selected two additional companies, C5 and
C6, from the pool of client organizations, excluding C1 to
C4. These companies were used to evaluate the transfer-
ability of knowledge gained from the fine-tuned models,
assessing how well the model’s performance generalizes to
new contexts without prior specific training. Each model
was tested once for each company. In experiment 7, we
aggregated all single-task prompts for every task across all
companies, resulting in a single model trained with task-
specific prompts. In experiment 8, we fine-tuned a model
using multi-task prompts for all companies, producing a
single model capable of handling multi-task prompts. Each
fine-tuned model was then tested across C1−4.

Analysis of Intra and Inter-company Results. To eval-
uate predictive performance, we use precision, recall, and
F1-score metrics. Since PLMs occasionally produce outputs
outside the predefined set of labels, we also calculate the
percentage of examples that result in out-of-scope or in-
valid predictions. This metric quantifies the extent of label
mismatch regarding the model’s reliability for constrained
classification. In the intra-company zero-shot experiments
(1 and 2 – Tables 3 and 3), the multi-task paradigm outper-
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Task Exp. Company C1 Company C2 Company C3 Company C4 Company C5 Company C6

RE PR F1 RE PR F1 RE PR F1 RE PR F1 RE PR F1 RE PR F1
Se

nt
im

en
t

1 0.79 0.82 0.80 0.56 0.96 0.68 0.82 0.83 0.81 0.61 0.78 0.61 0.88 0.89 0.88 0.81 0.83 0.82
2 0.82 0.83 0.82 0.59 0.96 0.71 0.84 0.85 0.84 0.61 0.78 0.62 0.88 0.89 0.88 0.87 0.87 0.87
3 0.88 0.88 0.87 0.96 0.92 0.94 0.92 0.92 0.92 0.86 0.86 0.86 0.88 0.89 0.88 0.93 0.94 0.93
4 0.88 0.88 0.87 0.97 0.96 0.96 0.91 0.91 0.91 0.86 0.86 0.85 0.96 0.96 0.96 0.94 0.94 0.94
5 0.87 0.87 0.86 0.96 0.92 0.94 0.92 0.92 0.92 0.83 0.84 0.82 0.95 0.96 0.95 0.94 0.94 0.93
6 0.87 0.87 0.87 0.95 0.96 0.95 0.91 0.91 0.91 0.82 0.82 0.82 - - - - - -
7 0.86 0.86 0.86 0.68 0.96 0.78 0.84 0.86 0.84 0.62 0.80 0.63 - - - - - -
8 0.84 0.84 0.83 0.97 0.97 0.97 0.90 0.91 0.90 0.82 0.81 0.81 - - - - - -

In
te

ns
ity

1 0.66 0.69 0.67 0.48 0.84 0.59 0.70 0.74 0.71 0.67 0.80 0.71 0.72 1.00 0.83 0.78 1.00 0.87
2 0.73 0.70 0.67 0.83 0.82 0.83 0.78 0.76 0.74 0.29 0.80 0.24 0.95 1.00 0.98 0.94 1.00 0.97
3 0.80 0.77 0.78 0.89 0.81 0.85 0.85 0.85 0.84 0.82 0.81 0.81 1.00 1.00 1.00 1.00 1.00 1.00
4 0.82 0.80 0.80 0.93 0.92 0.92 0.86 0.85 0.85 0.84 0.83 0.84 1.00 1.00 1.00 1.00 1.00 1.00
5 0.81 0.78 0.78 0.93 0.93 0.92 0.86 0.86 0.86 0.83 0.81 0.81 1.00 1.00 1.00 1.00 1.00 1.00
6 0.81 0.81 0.80 0.90 0.90 0.89 0.85 0.86 0.85 0.82 0.82 0.82 - - - - - -
7 0.65 0.78 0.68 0.25 0.88 0.30 0.71 0.81 0.70 0.83 0.82 0.82 - - - - - -
8 0.78 0.79 0.76 0.90 0.89 0.89 0.81 0.81 0.79 0.78 0.79 0.79 - - - - - -

To
pi

c

1 0.40 0.49 0.33 0.37 0.62 0.43 0.63 0.70 0.64 0.66 0.69 0.66 0.62 0.83 0.70 0.38 0.58 0.33
2 0.38 0.53 0.30 0.34 0.60 0.37 0.63 0.68 0.63 0.64 0.67 0.63 0.43 0.77 0.54 0.39 0.58 0.39
3 0.82 0.81 0.81 0.82 0.82 0.81 0.80 0.79 0.79 0.74 0.76 0.73 0.94 0.92 0.93 0.86 0.85 0.85
4 0.84 0.84 0.84 0.83 0.82 0.82 0.79 0.79 0.79 0.76 0.76 0.75 0.95 0.92 0.93 0.85 0.85 0.85
5 0.84 0.82 0.83 0.83 0.83 0.83 0.77 0.77 0.76 0.77 0.77 0.77 0.92 0.90 0.91 0.83 0.83 0.83
6 0.84 0.83 0.83 0.82 0.82 0.82 0.80 0.80 0.79 0.75 0.76 0.75 - - - - - -
7 0.82 0.86 0.83 0.80 0.81 0.80 0.79 0.81 0.79 0.75 0.75 0.74 - - - - - -
8 0.83 0.83 0.82 0.78 0.80 0.78 0.77 0.78 0.76 0.77 0.77 0.77 - - - - - -

Table 3: Performance regarding Precision (PR), Recall (RE), and F1-Score (F1) for the GPT-based evaluation. Cells are color-
coded based on their comparison against Gemini-based counterparts: lower (red), equal (orange), or higher (green).

formed in 12 out of 18 cases based on F1-score for both GPT
and Gemini. This outcome suggests the multi-task approach
not only significantly reduces token usage but also consoli-
dates tasks into a single request, enhancing throughput effi-
ciency. We observed that single-task prompts performed bet-
ter for topic classification, while multi-task prompts showed
clear dominance in sentiment analysis and strength tasks.

This suggests that, while the multi-task paradigm offers
advantages, task-specific prompts in the zero-shot paradigm
may still be preferable for lower budgets. Additionally,
zero-shot experiments for sentiment and sentiment strength
analysis showed performance scores closer to their fine-
tuned counterparts, in contrast to the larger gap observed
in the topic classification experiments. This suggests that
sentiment-related tasks can effectively utilize the PLM’s
parametric knowledge, even in resource-constrained set-
tings, reducing the need for extensive fine-tuning. These ob-
servations were consistent for both examined PLMs.

In the intra-company fine-tuning experiments (3–5), all
cases showed improved F1-scores compared to the zero-shot
experiments. The most significant gains were observed in
the topic classification task, which aligns with expectations
due to the sensitivity of this task to the specific class names
in the list of topics. Zero-shot performance tends to be lower
in this area because of the wide variation in topic lists across
different client companies, making it difficult for the model
to generalize without fine-tuning. Fine-tuning allowed the
model to adapt to the unique topics relevant to each client,

resulting in substantial improvements. Additionally, experi-
ment 4, which trains a company-specific model to handle all
three tasks simultaneously with a multi-task prompt, outper-
formed in 11 of 18 experiments. These results suggest that
the multi-task approach not only improves performance but
also provides a more cost-effective solution, primarily due
to the reduced need for multiple fine-tuned models. Exper-
iment 4 demonstrates that using a company-specific model
to handle all tasks at once improves performance, simplifies
system management, and reduces operational costs, making
it an efficient choice for PR companies. The potential bene-
fits are further emphasized by an average 38% reduction in
token usage when comparing the multi-task approach to the
single-task approach.

Further significant improvements could be achieved by
developing a single model capable of serving multiple com-
panies and tasks simultaneously. To explore this potential,
we conducted experiments 6–8 (as detailed in Table 2).
These experiments aimed to evaluate the effectiveness of
shared, multi-company, multi-task models in enhancing
scalability, reducing costs, and simplifying management
by eliminating the need for company-specific models.
Despite consolidating tasks and companies, the model
maintained high performance across all contexts. As shown
in Table 2, the best inter-company models outperformed
their intra-company counterparts in 7 out of 12 cases. In the
instances where the multi-company model’s performance
was slightly lower, the decrease was minimal, with a drop
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Task Exp. Company C1 Company C2 Company C3 Company C4 Company C5 Company C6

RE PR F1 RE PR F1 RE PR F1 RE PR F1 RE PR F1 RE PR F1
Se

nt
im

en
t

1 0.78 0.82 0.80 0.51 0.96 0.64 0.77 0.83 0.77 0.50 0.78 0.52 0.87 0.89 0.88 0.85 0.86 0.86
2 0.80 0.82 0.80 0.55 0.96 0.67 0.83 0.86 0.83 0.55 0.79 0.56 0.88 0.90 0.89 0.88 0.88 0.88
3 0.87 0.87 0.87 0.91 0.92 0.91 0.89 0.92 0.90 0.79 0.86 0.82 0.88 0.89 0.88 0.96 0.96 0.96
4 0.87 0.88 0.87 0.92 0.93 0.92 0.86 0.90 0.88 0.78 0.83 0.80 0.96 0.96 0.96 0.97 0.96 0.97
5 0.86 0.86 0.86 0.91 0.92 0.91 0.89 0.92 0.90 0.74 0.84 0.79 0.95 0.96 0.96 0.97 0.96 0.96
6 0.86 0.86 0.86 0.90 0.91 0.90 0.87 0.92 0.89 0.73 0.83 0.78 - - - - - -
7 0.85 0.85 0.85 0.63 0.94 0.75 0.81 0.86 0.83 0.58 0.80 0.67 - - - - - -
8 0.83 0.83 0.83 0.92 0.94 0.93 0.90 0.90 0.90 0.74 0.81 0.77 - - - - - -

In
te

ns
ity

1 0.66 0.69 0.67 0.48 0.84 0.59 0.70 0.74 0.71 0.67 0.80 0.71 0.72 1.00 0.83 0.78 1.00 0.87
2 0.73 0.70 0.67 0.83 0.82 0.83 0.78 0.76 0.74 0.29 0.80 0.24 0.95 1.00 0.98 0.94 1.00 0.97
3 0.80 0.77 0.78 0.89 0.81 0.85 0.85 0.85 0.84 0.82 0.81 0.81 1.00 1.00 1.00 1.00 1.00 1.00
4 0.82 0.80 0.80 0.93 0.92 0.92 0.86 0.85 0.85 0.84 0.83 0.84 1.00 1.00 1.00 1.00 1.00 1.00
5 0.81 0.78 0.78 0.93 0.93 0.92 0.86 0.86 0.86 0.83 0.81 0.81 1.00 1.00 1.00 1.00 1.00 1.00
6 0.81 0.81 0.80 0.90 0.90 0.89 0.85 0.86 0.85 0.82 0.82 0.82 - - - - - -
7 0.65 0.78 0.68 0.25 0.88 0.30 0.71 0.81 0.70 0.83 0.82 0.82 - - - - - -
8 0.78 0.79 0.76 0.90 0.89 0.89 0.81 0.81 0.79 0.78 0.79 0.79 - - - - - -

To
pi

c

1 0.40 0.49 0.33 0.37 0.62 0.43 0.63 0.70 0.64 0.66 0.69 0.66 0.62 0.83 0.70 0.38 0.58 0.33
2 0.38 0.53 0.30 0.34 0.60 0.37 0.63 0.68 0.63 0.64 0.67 0.63 0.43 0.77 0.54 0.39 0.58 0.39
3 0.82 0.81 0.81 0.82 0.82 0.81 0.80 0.79 0.79 0.74 0.76 0.73 0.94 0.92 0.93 0.86 0.85 0.85
4 0.84 0.84 0.84 0.83 0.82 0.82 0.79 0.79 0.79 0.76 0.76 0.75 0.95 0.92 0.93 0.85 0.85 0.85
5 0.84 0.82 0.83 0.83 0.83 0.83 0.77 0.77 0.76 0.77 0.77 0.77 0.92 0.90 0.91 0.83 0.83 0.83
6 0.84 0.83 0.83 0.82 0.82 0.82 0.80 0.80 0.79 0.75 0.76 0.75 - - - - - -
7 0.82 0.86 0.83 0.80 0.81 0.80 0.79 0.82 0.79 0.75 0.75 0.74 - - - - - -
8 0.83 0.83 0.82 0.78 0.80 0.78 0.77 0.78 0.76 0.77 0.77 0.77 - - - - - -

Table 4: Performance regarding Precision (PR), Recall (RE), and F1-Score (F1) for the Gemini-based evaluation. Cells are
color-coded based on their comparison against GPT-based counterparts: lower (red), equal (orange), or higher (green).

Learned Co. C1 C2 C3 C4

Exp. S I T S I T S I T S I T

C5

3 0.82 0.90 0.79 0.44 1.00 0.76 0.90 0.98 0.72 0.75 0.45 0.74
4 0.88 0.95 0.69 0.74 0.75 0.69 0.88 0.95 0.69 0.85 0.43 0.68
5 0.83 0.95 0.79 0.44 0.76 0.67 0.87 0.96 0.73 0.82 0.31 0.58

C6

3 0.92 1.00 0.18 0.68 1.00 0.31 0.92 1.00 0.26 0.76 0.07 0.26
4 0.91 1.00 0.16 0.71 0.98 0.35 0.88 0.98 0.28 0.84 0.10 0.37
5 0.90 1.00 0.16 0.68 0.95 0.33 0.90 1.00 0.25 0.78 0.02 0.32

Exp. 6 7 8 ZS-Ref.
Task S I T S I T S I T S I T

C5 0.80 0.86 0.81 0.88 0.50 0.78 0.76 0.85 0.69 0.88 0.83 0.70
C6 0.91 1.00 0.17 0.91 0.89 0.20 0.85 1.00 0.18 0.82 0.87 0.33

Table 5: Transfer learning experiments. Columns C1 to C4 indicate the training datasets DCj

train used to train the PLM model,
which is subsequently tested on companies C5 or C6. Columns S, I, and T represent tasks for sentiment analysis, intensity, and
topic classification, respectively. ZS-Ref denotes the best intra-company single-task zero-shot F1 metrics (see Table 3).

of only 1% compared to the best intra-company results.
Another significant finding is that experiment 6, which
focused on task-specific models where each fine-tuned
model addresses a single task individually, produced the
best-performing models in 7 out of 12 cases. This suggests
that task specialization may lead to more optimized models.
The multi-task company-specific model from experiment 8
also achieved 5 out of 12 winning models compared to the
best intra-company models. Moreover, when the experiment

8 model outperformed others, the performance increase was
sometimes substantial, as observed with companies C1 and
C4 for the sentiment strength task. Conversely, when its
performance was lower, the drop in F1-score was minimal,
indicating a robust and versatile approach to multi-task,
multi-company modeling.

Transfer Learning. The transfer learning experiments pre-
sented in Table 5 over GPT-4o show that knowledge transfer
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Figure 3: GPT-4o Mini Zero-Shot vs. Multi-task costs.

can be effective in scenarios without additional processing.
When the PLM is fine-tuned on a single-source company Cj

and then tested on C5 or C6, performance can vary, some-
times exceeding or falling short of the zero-shot baseline.

This variability suggests potential instability when rely-
ing solely on a single-source company for fine-tuning. How-
ever, using data from all companies – through either single-
task fine-tuning (experiment 6) or multi-company models –
generally results in performance that matches or surpasses
zero-shot results, especially for more complex tasks such as
topic classification.

Despite these improvements, intra-company fine-tuned
models still outperform, highlighting the need for further
research into utilizing existing knowledge to consistently
enhance performance beyond zero-shot.

Results and Discussion. Overall, the fine-tuning perfor-
mances surpassed the zero-shot counterparts in all compar-
isons presented in Tables 3 and 4. The results also reveal
that the average GPT measures outperformed Gemini in at
least 70% of the entries for both sentiment and intensity
analyses. However, for topic classification, the performances
were nearly identical, with Gemini edging GPT by 51% to
49%. For the cost analysis, we measured the costs associ-
ated with the prompts used in all tests for both GPT-4o Mini
and Gemini-1.5-Flash through their native APIs and cloud
services. Figures 3 and 4 display the accumulated costs,
highlighting the significant savings provided by the multi-
task approach (approximately 5× for GPT and 1.8× for
Gemini). In summary, GPT-4o Mini was more cost-effective
than its counterpart, with an average budget reduction of
80%. Results in Figures 5 further suggest that the cost of
fine-tuning multi-task prompts is roughly three-quarters of
the cost for fine-tuned single-task prompts for both GPT-4o
Mini and Gemini-1.5-Flash. This indicates that fine-tuning
per company is more expensive to manage and takes longer
to amortize compared to zero-shot models. Consequently,
if newer versions of zero-shot models continue to improve,
fine-tuning may become less advisable in the long term.

As a final observation, we experimented with few-shot
learning by including a randomly selected pair (xk, yl) for
each class yl ∈ Yi in the prompt. However, this approach did
not lead to performance improvements compared to zero-
shot. Moreover, the increased input token length proved im-
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Figure 4: Gemini-1.5-Flash Zero-Shot vs. Multi-task costs.
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Figure 5: Tuning of GPT-4o Mini and Gemini-1.5-Flash.

practical for large-scale systems. As a result, we did not pro-
ceed with few-shot learning in the experimentation.

Conclusions
In this paper, we presented a novel approach to reputation
management that utilizes PLMs for automated sentiment
analysis, sentiment strength assessment, and topic classi-
fication across multiple companies by employing discrete
prompting to develop a multi-task strategy. Through exten-
sive experimentation with zero-shot and fine-tuned models,
we observed that multi-task and multi-company configura-
tions outperform task-specific and company-specific models
in terms of scalability, efficiency, and associated costs.

Our findings suggest that multi-task models not only re-
duce operational complexity but also deliver competitive
performance across diverse tasks with a single prompting
request. Additionally, we explored how simulating the pro-
cess of utilizing knowledge from existing clients in a PR
company could aid in onboarding new clients, uncovering
significant opportunities for scalable and cost-effective so-
lutions in the PR industry. Our results indicate that perfor-
mance varies depending on how data is aggregated across
companies, whether using single-task or multi-task models.
We hope this work will support PR professionals and re-
searchers in advancing reputation management strategies.

Future research will focus on enhancing performance by
incorporating Retrieval-Augmented Generation strategies.
Additionally, we plan to explore multi-task interpretability
by integrating explainable architectures to better understand
how models share and specialize features for each task.
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Appendix A – Manually translated prompts
(Portuguese/BR to English)

Sentiment Analysis
Header Label the sentiment of the post in source. The post is
enclosed in triple single quotes (”’). The label should represent the
post’s sentiment polarity, which can be one of the following cate-
gories: [’POSITIVE’, ’NEGATIVE’]. Your task is to read the post
from source and classify its sentiment polarity. The answer must be
a single word, representing only one of the two categories, without
any additional marks, bullets, or accents.

Specialist You are an expert in labeling the sentiment of social
media posts.

Sentiment Strength
Header Label the intensity of sentiment within a social media
post. The post is enclosed in triple single quotes (”’). The sentiment
of the post is known to be {post_sentiment}. Your task is to choose
a label for the INTENSITY of the sentiment from the following
categories: {classes}. To do this, read the social media post and
classify the INTENSITY of its sentiment. Please provide a step-by-
step explanation of your reasoning, and then select the appropriate
intensity level from the available categories. What is the intensity
of the sentiment for the post below?

Specialist You are an expert in labeling the sentiment of social
media posts.

Topic Classification
Header You must act as a social media post analyst, as this is a
multi-class task. The topic of the post belongs to one of the follow-
ing categories: {classes}. Please follow these steps: Step 1 – Care-
fully read the post from {source}. Take as much time as needed to
process the information, as this task is crucial for the entire com-
pany ecosystem. Step 2 – Classify the topic of the post by removing
punctuation (’, ", <, >, etc.) and diacritical marks ( , ‘, ´, etc.). It
is essential that you provide only a single topic name and noth-
ing else. Keep your answer as concise as possible, and ensure it is
within the provided list of categories. What is the topic of the post
below?

Specialist You are an expert in labeling the sentiment of social
media posts.

Multi-task Classification
Header You will act as a classifier for a social media post, per-
forming three distinct and critical tasks. The post will be enclosed
in triple single quotes (”’). Carefully read the post and follow the
instructions for each task. All answers must be as concise as possi-
ble.

1. Sentiment polarity classification:

• Label the sentiment polarity of the post using only one of the
following categories: [’POSITIVE’, ’NEGATIVE’].

• Provide only a single word for this task, without any marks
or bullets.

2. Sentiment intensity classification:
• Given that the polarity has already been determined, label the

intensity of the sentiment’s polarity as an integer value rang-
ing from 1 to 10, where a higher number represents greater
intensity.

• Answer with a single number from 1 to 10, as concisely as
possible for this task.

3. Topic classification:
• You must choose only one of the following categories:

{classes_topic} as the main topic of the post.
• Be sure to remove punctuation (’, ", <, >, etc.) and diacritical

marks ( , ‘, ´, etc.) before your analysis.
• Provide only the name of the chosen topic, concisely.

Your answer must strictly follow this output format: Polar-
ity: [YOUR POLARITY LABEL]. Intensity: [YOUR INTENSITY
LABEL]. Topic: [YOUR TOPIC LABEL].

Specialist You are an expert in labeling the sentiment polarity,
sentiment intensity, and topic of social media posts.
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