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Abstract
Economic news sentiment offers a timely window into how the public perceives current economic conditions. These perceptions

shape expectations, economic behavior, financial markets, and policy decisions, making news-based sentiment a valuable proxy for

tracking and anticipating broader economic trends. Most existing approaches to economic news sentiment analysis rely on automated

or weakly supervised labeling strategies to ensure scalability. However, the reliance on such training data, together with a strong

dependence on English-centric sentiment lexicons, limits their ability to capture the heterogeneous expression of sentiment across

economic subdomains in the Italian language. To address these limitations, the proposed work introduces a human-annotated corpus

of Italian economic news, provides a systematic comparison between long-context encoder–decoder models and instruction-tuned

language models, and develops an instruction-tuned model adapted via LoRA that achieves strong agreement with expert annotations.
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1. Introduction
Sentiment analysis of economic texts has become an increas-

ingly important tool for understanding macroeconomic dy-

namics and market behavior. Media coverage of economic

events captures real-time changes in narratives, expecta-

tions, and perceptions, offering valuable qualitative infor-

mation that complements traditional quantitative indicators

[1]. By analyzing how economic conditions are discussed

and framed in news articles, text-based approaches can pro-

vide timely insights into evolving economic trends [2].

Traditional economic indicators remain fundamental, but

they are typically released with substantial delays [1, 3].

As a result, they may fail to capture rapid changes and are

often slow to reflect the impact of exogenous shocks and un-

foreseen events. In this context, economic news sentiment

provides a timely and complementary source of information,

enabling the detection of emerging trends as they unfold. In

particular, sentiment analysis can capture immediate shifts

in expectations and reactions to unexpected developments,

offering early signals of turning points that are not yet ob-

servable in conventional macroeconomic indicators.

Despite its relevance, measuring economic sentiment

from text remains challenging. Conventional approaches

to sentiment analysis in economics often rely on lexicon-

based methods or shallow models [4], which struggle to

capture the complexity, ambiguity, and context-dependence

of economic language. These limitations are particularly
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Figure 1: Overview of the annotation and modeling pipeline.
Economic news articles are first collected and used to define an-
notation criteria, which guide the creation of a human-annotated
dataset. This dataset is then used to train different transformer-
based models aimed at replicating the human annotation process.

pronounced in specialized domains and for languages other

than English, where domain-specific lexical resources and

high-quality annotated datasets remain scarce [5].

To scale sentiment analysis to large corpora, many exist-

ing studies adopt automated or weakly supervised labeling

strategies. While efficient, these approaches typically rely

on generic or noisy labels and impose strong assumptions

on sentiment expression, limiting their ability to reflect nu-

anced sentiment variations across economic subtopics. As a

consequence, the quality and reliability of sentiment anno-

tations remain a key bottleneck for downstream economic

analysis.

Recent advances in transformer-based architectures have

substantially improved the modeling of long and complex

texts, while also increasing computational and memory re-

quirements [6, 7]. Large language models benefit from ex-

tended contextual representations and strong performance

across many language understanding tasks, but their prac-

tical adoption is often constrained in domain-specific and

low-resource settings.

An alternative strategy is to adapt smaller transformer

models to specific tasks using parameter-efficient fine-

tuning methods such as Low-Rank Adaptation (LoRA) [8].
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By updating only a limited number of parameters while

keeping the backbone model fixed, these techniques reduce

training costs and memory usage, enabling the specializa-

tion of open-source models for economic text analysis with-

out full retraining.

Beyond scalability, an important challenge is whether

language models can reproduce expert human annotation

of economic news.

For tasks involving long input sequences, architectures

explicitly designed for long documents provide an additional

advantage. Longformer-based encoder–decoder models [9]

enable the processing of entire news articles without trunca-

tion, preserving access to long-range contextual information.

When combined with parameter-efficient fine-tuning, such

models remain usable on standard hardware.

In this work, we study whether annotations in Italian

economic news can be replicated using transformer-based

models. We consider two complementary modeling strate-

gies: (i) long-context encoder–decoder architectures and

(ii) instruction-based language models adapted through

parameter-efficient fine-tuning. The evaluation focuses on

agreement with human annotators, the impact of differ-

ent label aggregation strategies, and generalization across

heterogeneous types of economic news (Figure 1).

Our analysis is conducted on a human-annotated cor-

pus of approximately 800 Italian news articles published

between 2007 and 2024. Articles are annotated for senti-

ment on a five-point ordinal scale and assigned to one of six

economic topics. The results show that instruction-tuned

language models achieve strong agreement with both indi-

vidual and aggregated human annotations. In contrast, the

Longformer Encoder–Decoder (LED) model [9] exhibits a

systematic tendency toward regression to the mean, limiting

its ability to capture variations. These findings indicate that,

in low-data settings, while long-context models are effec-

tive at processing extended documents, smaller instruction-

based models adapted through parameter-efficient tech-

niques offer more robust performance for replicating expert

economic annotation.

2. Related Works
This section outlines the role of textual sentiment in eco-

nomic analysis (2.1), discusses the main methodological

approaches to sentiment extraction (2.2), and motivates the

use of large language models as tools for replicating expert

sentiment and topic annotations in economic news (2.3).

2.1. Economic Sentiment Analysis
Traditional indicators provide objective measures of eco-

nomic activity, but they present two significant limitations:

publication lags and limited forward-looking information.

This temporal gap has motivated researchers to explore the

use of textual data, which offers real-time availability and

forward-looking information. Previous studies have shown

that economic sentiment extracted from textual sources can

serve as an effective proxy for anticipating key macroeco-

nomic indicators, including GDP (Gross Domestic Product)

growth, unemployment, and inflation, thereby providing

valuable information for economic forecasting and policy

analysis [5, 10, 11]. Text-based measures of sentiment cap-

ture expectations, uncertainty, and perceived economic con-

ditions that are often not immediately reflected in traditional

quantitative indicators [12, 13]. Recent econometric studies

further support the predictive value of textual information:

text-enhanced factor models incorporating news content im-

prove GDP forecasting accuracy [14], while text-augmented

VAR (Vector AutoRegression) and dynamic factor models

highlight the role of central bank communication in predict-

ing macroeconomic outcomes [15].

A parallel research effort has been devoted to define sen-

timent. Prior work has typically approached sentiment from

two complementary perspectives: (i) the evaluation of sen-

timent expressed in the semantic content of the text, and

(ii) the analysis of tone and emotional nuances conveyed

through linguistic framing and stylistic choices. While both

perspectives have proven informative in different contexts,

this study adopts the second approach and focuses on sen-

timent as tone and emotional nuance in economic news

articles. This choice reflects the central role of media fram-

ing in shaping economic narratives and public perceptions,

independently of the underlying economic facts reported.

2.2. Lexicon-Based Approaches versus Deep
Learning Methods

Lexicon-based approaches represent one of the most widely

used methods for measuring economic sentiment. These

approaches rely on the construction of domain-specific dic-

tionaries designed to capture recurrent linguistic patterns in

economic and financial texts. Prominent examples include

the news-based sentiment measures proposed by Shapiro

et al. [4], the financial sentiment dictionary developed by

Loughran and McDonald [16], and related dictionary-based

methods applied to news and market analysis [12, 17].

Lexicon-based methods are attractive due to their simplic-

ity, transparency, long-standing use in the literature, and

low computational cost [18]. However, these approaches

present well-documented limitations, including strong de-

pendence on domain and language specific vocabularies,

limited ability to account for context, negation, and seman-

tic composition, and reduced effectiveness when applied to

complex or ambiguous texts [19, 20, 21]. These limitations

are particularly pronounced for specialized domains and for

languages different from English, where domain-specific

lexical resources and annotated datasets remain scarce [5].

In response to these limitations, deep learning meth-

ods based on transformer architectures have been increas-

ingly adopted. The literature continues to debate whether

traditional lexicon-based approaches or more recent neu-

ral models provide superior performance [22, 23]. While

lexicon-based models remain competitive in some settings,

transformer-based architectures are generally better suited

to capture complex linguistic patterns and contextual de-

pendencies when trained on high-quality data.

2.3. Large Language Models as Annotators
Recent advances in Large Language Models (LLMs) have

demonstrated strong capabilities in sentiment analysis,

achieving robust zero-shot and few-shot performance across

diverse domains. Their ability to follow natural language

instructions and leverage broad linguistic and contextual

knowledge has made them promising candidates for tasks

traditionally requiring expert human judgment, such as

text annotation. However, these strengths do not extend

uniformly to more complex sentiment analysis settings: as



shown in [24] and [25], LLMs underperform smaller, task-

specific supervised models on tasks involving ambiguity or

fine-grained sentiment distinctions, underscoring the need

for careful evaluation of LLM-generated annotations.

In parallel, a growing literature has explored the use of

LLMs as annotators or evaluators for tasks traditionally per-

formed by humans. Several studies show that, with clear

guidelines and appropriate prompting, LLMs can approxi-

mate or match crowdworker-level performance in classifica-

tion and span annotation tasks, offering substantial gains in

scalability and cost efficiency [26], [27]. Nonetheless, align-

ment with human judgments remains imperfect, with LLMs

typically achieving only moderate agreement and exhibiting

sensitivity to prompt design, task structure, and annotation

granularity.

Moreover, recent work highlights that LLMs inherit and

may amplify systematic biases, including verbosity, author-

ity, and aesthetic biases, raising concerns about their reli-

ability as judges [28], [29]. While LLMs can correlate well

with average human judgments, they struggle to capture

annotator disagreement and demographic heterogeneity in

subjective tasks where disagreement is informative rather

than noise [30]. Accordingly, several studies caution against

treating LLMs as drop-in replacements for expert annotators

and advocate agreement-based, statistically grounded eval-

uation frameworks rather than accuracy against majority

labels [31], [25].

3. Methodology
This section describes the construction of the annotated

dataset, the human annotation protocol and agreement as-

sessment (3.1), and the training and evaluation procedures

adopted to compare long-document encoder–decoder mod-

els and instruction-tuned large language models in replicat-

ing humans sentiment annotations (3.2).

3.1. Human Annotation of Economic News
The study is based on a corpus of Italian economic news

articles collected from major national newspapers through

the Factiva database. A total of 800 articles were retrieved

using a predefined set of economy-related keywords that

has been defined with a group of economic experts and are

related to several thematic areas (e.g, inflation, economic

forecasting, social impact, politics and government mea-

sures, central banks and geopolitics) by avoiding narrow or

sentiment-driven selection.

The corpus spans two distinct periods, 2007-2014 and

2017-2024, allowing the analysis to capture different eco-

nomic cycles and institutional contexts. To reduce potential

temporal biases, articles were balanced across publication

years.

Each article is treated as an independent observation and

annotated at the document level, without sentence-level or

paragraph-level labeling. This choice reflects the objective

of capturing the overall tone and the dominant economic

theme conveyed by each article.

Sentiment is annotated on a five-point ordinal scale,

where 1 indicates very negative sentiment and 5 indicates

very positive sentiment. Annotators are instructed to focus

on the tone and emotional nuances of each article rather

than its factual economic content.

To promote consistency across annotators, detailed writ-

ten guidelines are provided prior to the annotation task.

These guidelines define sentiment levels and include exam-

ples illustrating different cases. In instances of ambiguity,

annotators are instructed to select the closest sentiment

based on the overall emphasis and framing of the article or

to assign a neutral label when sentiment is mixed.

Inter-annotator agreement is computed on the subset of

articles annotated by all seven raters using Fleiss’ 𝜅 [32],

𝜅 =
𝑃 − 𝑃𝑒

1− 𝑃𝑒
,

.

The statistic 𝜅 measures the degree of agreement among

annotators beyond what would be expected by chance. Here,

𝑃 denotes the average observed agreement across items,

while 𝑃𝑒 represents the expected agreement under random

assignment of categories. The ratio normalizes observed

agreement by its maximum possible value above chance,

yielding 𝜅 = 1 for perfect agreement, 𝜅 = 0 for chance-

level agreement and 𝜅 < 0 for disagreement. For this reason

it estimates provide an indicator of the consistency and

reliability of the annotation process and serve as a reference

point for interpreting subsequent model performance.

3.2. Model Training and Evaluation
We selected three transformer-based architectures for senti-

ment annotation of Italian economic news: one long-context

encoder–decoder model and two large language models.

Their differing architectures, context windows, and training

strategies enable a comparative assessment of suitability.

The first architecture is a Longformer Encoder–Decoder

(LED) model [9], included as a representative long-context

encoder–decoder baseline to assess whether access to full

document context alone is sufficient to replicate expert an-

notation in a limited-data setting. LED model follows a

supervised fine-tuning paradigm and is trained directly on

the annotated dataset. Its architecture enables the process-

ing of entire news articles without truncation, which is

particularly relevant for economic texts where contextual

information may be distributed across long documents.

The final two models considered are Gemma-2-9B-IT
1

[33]

and Phi-3.5 Mini Instruct
2

[34], both instruction-tuned

large language models. While both models adopt a decoder-

only Transformer architecture with grouped-query atten-

tion, they differ in parameter scale and context capacity,

with Gemma-2-9B-IT featuring a larger parameter count and

Phi-3.5 Mini Instruct designed for higher efficiency and

extended context handling. These models were selected

based on their strong performance in Italian language un-

derstanding tasks, as documented by the Evalita-LLM bench-

mark [35]
3

. Evalita-LLM provides a systematic evaluation

framework for Italian NLP, comparing a wide range of open-

source LLMs across ten tasks spanning both textual and

multimodal settings. The benchmark results support the

selection of these models as representative state-of-the-art

systems for Italian text processing.

3.2.1. Longform Encoder-Decoder Training

The chosen backbone is allenai/led-base-16384 be-

cause it supports sparse attention and is widely used for

1
https://huggingface.co/google/Gemma-2-9B-IT

2
https://huggingface.co/microsoft/Phi-3.5-mini-instruct

3
https://huggingface.co/spaces/evalitahf/evalita_llm_leaderboard

https://huggingface.co/google/Gemma-2-9B-IT
https://huggingface.co/microsoft/Phi-3.5-mini-instruct
https://huggingface.co/spaces/evalitahf/evalita_llm_leaderboard


long-document modeling [9]. The maximum input length is

set to 4096 tokens to process entire article. Global attention

is restricted to the first token, which provides a document-

level aggregation mechanism in Longformer-based models

and preserves computational efficiency for long sequences.

We evaluate multiple loss functions because the sentiment

labels are ordinal and different objectives impose different

inductive biases. In particular, we consider: MSE as a regres-

sion baseline, modeling sentiment as a continuous variable

bounded to the annotation scale; Cross-Entropy, which treats

sentiment prediction as a multi-class classification task; Soft

Cross-Entropy which extends cross-entropy to soft targets

to capture annotation uncertainty; Coral, which formulates

sentiment prediction as an ordinal regression problem, ex-

plicitly modeling the ordered structure of labels and Dis-

tribution, which models sentiment as a discrete probability

distribution and penalizes prediction errors according to

their ordinal distance.

3.2.2. Instruction-Tuned LLM Training

The two large language models, Gemma-2-9B-IT and Phi-

3.5 Mini Instruct, are fine-tuned using a supervised

instruction-following setup. Training examples are format-

ted as instruction-completion pairs, where the model is

prompted to annotate a full Italian economic news article

with a sentiment score. The instruction explicitly defines

sentiment as tone rather than factual content and constrains

the output format to a valid JSON object, ensuring struc-

tured and machine-readable predictions. (see Appendix A).

Fine-tuning is performed using Low-Rank Adaptation

(LoRA) [8], which enables efficient specialization of large

models by updating a limited set of low-rank matrices while

keeping the backbone parameters frozen. LoRA adapters

are applied to the attention and feed-forward projection

layers, automatically inferred from the model architecture.

This strategy substantially reduces memory usage and train-

ing cost, allowing fine-tuning on standard hardware while

preserving the representational capacity of the base models.

The subset of articles annotated by all human annotators

is reserved exclusively for evaluation, serving as a common

benchmark for assessing agreement between human annota-

tors themselves and between models and human annotators.

These articles are not used during training or validation.

The remaining articles, each annotated by a single an-

notator, are used for model training. For instruction-tuned

large language models fine-tuned with LoRA, all available

training articles (750 documents) are used for supervised

fine-tuning, without an explicit validation split. Model se-

lection and early stopping are based on loss computed on

the held-out evaluation set.

For the Longformer Encoder-Decoder model, the 750

training articles are further split into training and valida-

tion sets using an 85/15 split. The validation set is used for

early stopping and hyperparameter selection, while the final

evaluation is conducted on the 50 multi-annotated articles.

This split reflects the different training paradigms of the

two approaches and ensures a fair comparison on a shared

evaluation set.

4. Preliminary Evaluation Results
Results are primarily reported using agreement-based met-

rics, which are well suited to capturing alignment with hu-

Figure 2: Sentiment distribution across sources of human an-
notation. Each dot represents an individual observation, with
colors indicating discrete sentiment levels. Categories on the
x-axis correspond to anonymized sources, with observations or-
dered chronologically within each category. The y-axis reports
sentiment scores, allowing comparison of sentiment dispersion
and central tendency across sources over time.

Figure 3: Sentiment distribution across topics of human an-
notation. Categories on the x-axis correspond to topics, with
observations ordered chronologically within each category. The
y-axis reports sentiment scores, allowing comparison of senti-
ment dispersion and central tendency across topics over time.

man judgments, while traditional error and accuracy mea-

sures are reported as complementary indicators of model

performance [31].

4.1. Dataset
Human annotation was conducted by seven annotators. To

assess the reliability of the annotation scheme, a subset of

50 articles was annotated by all annotators, enabling the

computation of inter-annotator agreement. The remaining

articles were annotated by a single annotator and subse-

quently used for model training, balancing the need for

agreement assessment with dataset scalability. For modeling

purposes, sentiment labels are treated using label encoding

that preserves the ordinal ordering of the scale.

The results, visible in the first line of Table 3, highlight the

intrinsic difficulty of the sentiment annotation task. Agree-

ment across all annotators is relatively low for sentiment,

with 𝜅 = 0.24, reflecting the subjective and nuanced na-

ture of tone-based sentiment assessment. When considering

pairwise agreement, the highest concordance is observed

for selected annotator pairs, with 𝜅 = 0.41.

Following Fleiss [32], 𝜅 values are interpreted relative to

chance agreement, with larger values indicating stronger

agreement. For qualitative interpretation, we additionally

refer to commonly used benchmarks proposed by Landis and

Koch [36], according to which values between 0.21 and 0.40



correspond to fair agreement, values between 0.41 and 0.60

to moderate agreement, and values above 0.60 to substantial

agreement or perfect agreement.

Each article in our dataset is also annotated with exactly

one topic label corresponding to the most salient economic

theme discussed. The predefined topic categories, Monetary

Policy and Central Banks, Financial Markets, Inflation and

Prices, Fiscal Policies and Taxes, Labor Market, and Geopol-

itics and Social Impact, were defined in consultation with

economic experts to reflect standard thematic distinctions

in economic analysis.

It is interesting to see in Figure 2 and Figure 3 that expert

sentiment annotations exhibit substantial dispersion across

both economic topics and information sources, despite be-

ing measured on a discrete five-point scale. While most

annotations cluster around negative, neutral, and positive

categories, the presence of variation within each topic and

source highlights the inherently subjective nature of senti-

ment assessment in economic text. Moreover, the similarity

of the sentiment distributions across topics and sources

suggests that heterogeneity in judgments is not driven by

a single thematic dimension or outlet, but rather reflects

systematic differences in interpretation among annotators.

4.2. Performance evaluation
4.2.1. Longformer Encoder–Decoder

Table 1 summarizes the performance of the Longformer

Encoder–Decoder (LED) model under different loss func-

tions and regularization settings. When evaluated using ag-

gregate error metrics alone, several configurations achieve

sentiment prediction errors comparable to those reported

for instruction-tuned large language models. In particular,

mean squared error values cluster around 0.36 for cross-

entropy, soft cross-entropy, and bounded regression losses,

indicating a reasonable average fit to the aggregated human

sentiment scores.

At the same time, the joint inspection of error metrics

and distributional statistics in Table 1 reveals a systematic

limitation across all LED configurations. Regardless of the

loss function employed, predicted sentiment values collapse

toward a single level, with mean predictions tightly concen-

trated and near-zero standard deviation across the evalua-

tion set. This pronounced regression-to-the-mean behavior

suggests that low aggregate error can be achieved even

when the model fails to capture meaningful variation in

sentiment, highlighting the limits of relying solely on MSE-

or MAE-based evaluation in this setting.

This behavior indicates that low aggregate error alone is

not sufficient to assess the quality of sentiment predictions

in this setting. While minimizing squared or absolute error

favors predictions near the central tendency of the label

distribution, such solutions fail to capture document-specific

tonal variation. The observed collapse is consistent with

the relatively low inter-annotator agreement for sentiment

and highlights a limitation of supervised encoder-decoder

architectures when applied to ordinal sentiment annotation

with limited and noisy data.

4.2.2. Instruction-Tuned Large Language Models

Table 2 reports the performance of the instruction-tuned

large language models, Gemma-2-9B-IT and Phi-3.5 Mini

Loss MSE MAE Mean pred. Std.
MSE 0.364 0.509 2.59 0.00
CE 0.365 0.507 2.87 0.01
CE (soft) 0.365 0.508 2.86 0.01
Distribution 0.411 0.517 2.88 0.01
CORAL 0.537 0.627 3.00 0.00

Table 1
Sentiment prediction performance of the LED model under dif-
ferent loss functions, evaluated on the multi-annotated test set.
Lower MSE and MAE indicate better performance. Mean and
standard deviation summarize the distribution of predicted senti-
ment scores, highlighting the collapse toward a single sentiment
level across losses.

Model MSE
Gemma (base) 0.3396
Gemma + LoRA 0.2741
Phi (base) 0.4327
Phi + LoRA 0.3568

Table 2
Performance of instruction-tuned LLMs before and after LoRA
fine-tuning. Sentiment is evaluated using MSE against the mean
human score.

Task Agreement Mean 𝜅 Min–Max
Sentiment Human–Human 0.24 0.06–0.41
Sentiment Gemma Base 0.2079 0.0270–0.3108
Sentiment Gemma + LoRA 0.2838 0.1453–0.3827
Sentiment Phi Base 0.2420 0.1342–0.3549
Sentiment Phi + LoRA 0.2207 0.0344–0.3121

Table 3
Pairwise Cohen’s 𝜅 agreement for sentiment annotation. We
report human–human agreement (mean and range across an-
notator pairs) and model–human agreement for Gemma and
Phi base models and their LoRA-adapted variants. Bold values
indicate the highest agreement achieved among models.

Instruct, comparing the base checkpoints with their LoRA-

adapted versions. Sentiment prediction performance is mea-

sured using mean squared error (MSE) computed with re-

spect to the mean sentiment value assigned by human an-

notators.

LoRA fine-tuning yields consistent improvements for

both models. For Gemma-2-9B-IT, sentiment prediction

error is reduced by approximately 19%, while Phi-3.5 Mini

Instruct achieves an 18% reduction in MSE. These results

demonstrate that parameter-efficient fine-tuning effectively

aligns instruction-tuned large language models with the

annotation guidelines and the linguistic characteristics of

Italian economic news.

To better characterize the error patterns of the models,

we also report confusion matrices (Figure 4). The labels

predicted by the model are compared with labels derived

from those assigned by humans: the sentiment target is the

average human score rounded to the nearest class.

To further assess alignment with human judgments, we

compute pairwise Cohen’s 𝜅 [32] between model predic-

tions and human annotations for both Gemma-2-9B-IT and

Phi-3.5 Mini Instruct (Table 3). For Gemma, LoRA fine-

tuning substantially improves agreement with annotators

for sentiment classification.

In contrast, Phi-3.5 Mini Instruct exhibits limited or

negative effects from LoRA fine-tuning: sentiment agree-

ment improves only marginally.



Base models

Gemma — Sentiment Phi — Sentiment

LoRA fine-tuned models

Gemma — Sentiment Phi — Sentiment

Figure 4: Confusion matrices for sentiment classification on the evaluation set. Left column: base instruction-tuned models;
Right column: LoRA fine-tuned models.

Human–human agreement provides important context

for interpreting these results. Topic annotation shows high

consistency across annotators (𝜅 ≈ 0.49), whereas senti-

ment agreement is substantially lower (𝜅 ≈ 0.24), reflecting

the inherently subjective nature of tone-based sentiment

annotation. Within this context, sentiment performance for

all models remains bounded by annotator disagreement.

5. Discussions
This study investigates whether sentiment annotations

in Italian economic news can be reliably replicated by

transformer-based models, with a particular focus on com-

paring long-context encoder-decoder architectures and

instruction-tuned large language models adapted through

parameter-efficient fine-tuning.

The Longformer Encoder-Decoder model demonstrates

the ability to process entire news articles without trunca-

tion and achieves competitive aggregate error metrics for

sentiment prediction under several loss functions. However,

a detailed analysis reveals a systematic regression-to-the-

mean behavior across all training configurations. This indi-

cates that optimizing for aggregate error alone is insufficient

to capture the nuanced and subjective nature of economic

sentiment, particularly when inter-annotator agreement is

limited and the training data are relatively small.

In contrast, instruction-tuned large language models ex-

hibit greater flexibility in replicating human annotation

behavior. LoRA fine-tuning substantially improves sen-

timent accuracy for Gemma-2-9B-IT. These results sug-

gest that instruction-following pretraining, combined with

parameter-efficient adaptation, provides a strong inductive

bias for modeling evaluative tone in economic texts. At the

same time, the more heterogeneous behavior observed for

Phi-3.5 Mini Instruct highlights that the effectiveness of

LoRA depends on model capacity and alignment with the

task-specific taxonomy.

A central aspect of this work is the use of human–human

agreement as a benchmark for evaluating model perfor-

mance. Sentiment annotation is inherently subjective and

model outputs should therefore be interpreted relative to

this level of human consistency rather than in absolute

terms. The results also highlight the importance of high-

quality human-annotated data and well-defined annotation

guidelines: in their absence, even powerful model architec-

tures may converge to trivial or weakly informative solu-

tions.

Future work includes applying the proposed framework

to larger corpora and to additional languages and economic

contexts in order to provide a more effective test of general-

izability, exploring LoRA fine-tuning across a broader range

of instruction-tuned models with different architectures and

parameter scales, and investigating uncertainty-aware an-

notation schemes, such as soft labels, distributions, or confi-

dence scores, that could better capture the subjective nature

of sentiment annotation. Further research should also eval-

uate commercial large language models and, considering

both zero-shot and few-shot settings, compare proprietary

systems with open-source fine-tuned models to clarify trade-

offs in terms of transparency, cost, and annotation quality.

Finally, integrating these methodologies into forecasting

models of macroeconomic target variables may enhance

their predictive performance, particularly by incorporating

timely sentiment-based signals alongside traditional indica-

tors.
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A. Prompt
Note: The prompt shown here is the English-translated version

of the original Italian prompt used in the experiments.

Listing 1: Instruction prompt used for LLM fine-tuning

SYSTEM PROMPT
-------------
You are an expert annotator of Italian economic

news articles.

Your task is to analyze an article and produce
the following annotation:

Sentiment: assign a score from 1 to 5 based
exclusively on the overall linguistic tone
(not on the factual content).

- 1 = very negative
- 2 = negative
- 3 = neutral
- 4 = positive
- 5 = very positive

Rules:
- Sentiment must reflect only the communicative

tone.
- If the tone is intermediate between two

adjacent categories, use a value with a
0.5 increment.

- Do not provide explanations or any additional
text.

Response format (mandatory):
{"Sentiment": <number between 1 and 5>}

No other text before or after the JSON.

USER PROMPT
-----------
Analyze the following article and produce the

required annotation.

ARTICLE:
[Article text]

Respond with JSON only.
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