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 This paper addresses the challenge of evaluating cross-lingual Large Language 
Models (LLMs) for detecting subtle sentiment manipulation in online financial 
content. While LLMs demonstrate promising capabilities in cross-lingual 
transfer learning, standard evaluation methods fail to adequately assess their 
performance in identifying nuanced manipulation techniques across linguistic 
boundaries. We propose a comprehensive evaluation metrics framework 
specifically designed for cross-lingual financial sentiment analysis that extends 
beyond traditional binary classification metrics. The framework incorporates 
three metric families: linguistic fidelity and cultural context preservation 
metrics, manipulation detection precision metrics, and cross-lingual transfer 
efficiency measurements. Experiments conducted across five languages 
(English, Chinese, Arabic, Spanish, and German) using multiple model 
architectures demonstrate that Knowledge-Enhanced Adversarial Models 
outperform traditional approaches by up to 27.3% on manipulation-specific 
metrics. We developed a multi-layered dataset with 38,252 annotated samples 
spanning diverse financial domains and manipulation techniques. Our 
evaluation reveals significant performance variations correlated with linguistic 
distance and cultural context, with the proposed metrics providing more 
sensitive assessment of cross-lingual capabilities than traditional measures. 
This framework enables standardized evaluation of subtle manipulation 
detection across languages, supporting practical applications in regulatory 
monitoring, investor protection, and cross-border market surveillance. 

1. Introduction and Background 

1.1. The Challenge of Cross-lingual Sentiment 

Manipulation in Financial Content 

Financial markets operate across linguistic boundaries 
with growing interconnectedness. Subtle sentiment 
manipulation in online financial content presents 
significant detection challenges, particularly when 
crossing language barriers. The globalized nature of 
financial systems enables sentiment expression in one 
language to influence market behavior in regions 
operating in different languages[1]. Financial sentiment 
manipulation employs tactics deliberately crafted to 
avoid detection while maintaining impact on investor 
decisions. These manipulation techniques manifest 

differently across languages due to cultural nuances in 
financial terminology and regional variations in market 
discourse stylesError! Reference source not found.. Research by Z
hang et al. demonstrates that structured sentiment 
analysis across languages requires capturing complex 
semantic structures beyond direct translation, including 
implicit financial context indicators[2]. Multinational 
financial actors monitor sentiment across diverse 
language markets, creating demand for cross-lingual 
detection systems capable of identifying manipulation 
strategies regardless of source language[3]. The 
challenge intensifies with increased sophistication of 
manipulation techniques that leverage language-specific 
financial jargon and cultural context to obscure negative 
intentions while appearing neutral or objective[4]. 
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1.2. Limitations of Current Detection Approaches 

Current cross-lingual sentiment analysis methodologies 
face substantial constraints when applied to financial 
manipulation detection. Traditional approaches rely 
heavily on parallel corpora or translation-based methods 
that introduce inherent distortions in financial sentiment 
expression. Aliramezani et al. identify critical 
limitations in resource availability for low-resource 
languages in financial domains, restricting development 
of effective detection systems[5]. Standard sentiment 
lexicons fail to capture domain-specific financial 
manipulation tactics that intentionally use neutral 
terminology with contextually manipulative 
implications. Existing evaluation metrics predominantly 
focus on general sentiment classification accuracy 
rather than detection of subtle manipulation techniques, 
lacking sensitivity to gradations of manipulative intent. 
Current approaches struggle with contextual 
understanding across languages, particularly when 
financial content employs culture-specific metaphors or 
implicit comparative framing. Research by Frias et al. 
reveals that code-mixed financial content presents 
additional challenges by blending linguistic features, 
further complicating cross-lingual detection efforts. 
Most existing models demonstrate significant 
performance degradation when transferring to target 
languages without substantial financial domain-specific 
training data. 

1.3. Role of Large Language Models in Cross-

lingual Sentiment Analysis 

Large Language Models (LLMs) present transformative 
potential for cross-lingual sentiment manipulation 
detection through their multilingual knowledge 
representation capabilities. Pretrained LLMs 
demonstrate unprecedented ability to transfer financial 
domain knowledge across language boundaries without 
requiring extensive parallel dataError! Reference source not f

ound.. Knowledge-enhanced adversarial models 
leveraging LLMs show promise in capturing structured 
sentiment across languages while maintaining 
sensitivity to subtle manipulation techniques. Research 
indicates LLMs develop language-agnostic conceptual 
representations through massive pretraining, enabling 
detection of similar manipulation strategies expressed 
through different linguistic conventions. Cross-lingual 
word embeddings derived from LLMs create aligned 
vector spaces where semantically equivalent financial 
terms cluster regardless of source language. 
Multilingual transformer architectures provide 
contextual understanding critical for identifying 
sentiment manipulation attempts that rely on strategic 
ambiguity or selective disclosureError! Reference source not f

ound.. Recent advancements in cross-lingual transfer 
learning demonstrate LLMs' capacity to identify 
manipulation techniques in low-resource languages 

using knowledge acquired from high-resource financial 
domains. 

2. Theoretical Framework for Cross-lingual 

Sentiment Manipulation Detection 

2.1. Understanding Subtle Sentiment Manipulation 

Techniques in Financial Contexts 

Financial sentiment manipulation employs sophisticated 
strategies designed to influence market participants 
while evading detection systems. Standard sentiment 
analysis frameworks prove insufficient for capturing 
these techniques due to their domain-specific nature and 
cross-linguistic variations[6]. Research by Hussain et al. 
identifies multiple manipulation techniques prevalent in 
financial contexts, including strategic ambiguity where 
deliberately vague language creates misleading 
impressions without making explicitly false claims. 
Implicit comparative framing presents another 
challenge, where financial assets or opportunities are 
positioned advantageously through implied comparison 
rather than direct statements[7]. Cross-lingual 
manifestations of these techniques vary significantly 
based on cultural financial communication norms, 
requiring specialized detection approaches that can 
identify equivalent manipulation strategies across 
languages. Temporal manipulation—the strategic 
positioning of information relative to market 
timelines—exploits linguistic differences in temporal 
reference across languages, creating additional 
detection challengesError! Reference source not found.. Financial s
entiment manipulation differs fundamentally from 
general sentiment expression through its instrumental 
nature, specifically designed to trigger market behaviors 
while maintaining plausible deniability regarding 
manipulative intent. Authority positioning, where 
credentials or institutional affiliations are strategically 
deployed to enhance credibility, manifests differently 
across languages based on cultural trust frameworks in 
financial contexts. 

2.2. Cross-lingual Knowledge Representation in 

LLMs 

Large Language Models encode financial sentiment 
knowledge through distributed representations that 
demonstrate significant cross-lingual transfer potential. 
Word embedding alignment techniques establish cross-
lingual vector spaces where semantically equivalent 
financial terms cluster regardless of source 
languageError! Reference source not found.. Frias et al. d
emonstrate that contextual embeddings in multilingual 
models effectively capture financial sentiment 
expressions across languages with varying syntactic 
structures. Knowledge distillation methods transfer 
financial sentiment detection capabilities from high-
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resource to low-resource languages while preserving 
sensitivity to subtle manipulation cuesError! R
eference source not found.. Research by Jefry et al. 
reveals that neural network-based models outperform 
traditional approaches in cross-lingual financial 
contexts due to their ability to learn deep semantic 
representations independent of surface linguistic 
features. Cross-lingual pre-training objectives 
specifically designed for financial contexts enable 
LLMs to develop language-agnostic conceptual 
representations of manipulative techniquesError! R
eference source not found.. Linguistic distance 
between languages influences knowledge transfer 
effectiveness, with closer language pairs demonstrating 
higher transfer efficiency for subtle semantic 
distinctions relevant to manipulation detection. 
Aliramezani et al. establish that cross-lingual word 
embeddings specifically tuned for financial sentiment 
analysis significantly outperform general-purpose 
multilingual embeddings in manipulation detection 
tasks. 

2.3. Adversarial Models for Enhanced Detection 

Capabilities 

Adversarial learning frameworks provide powerful 
mechanisms for improving cross-lingual manipulation 
detection by explicitly modeling the distinction between 
genuine and manipulated financial content. Knowledge-
enhanced adversarial models leverage syntax GCN 
encoders to transfer explicit semantic information 
across languages, enabling detection of structurally 
similar manipulation techniques despite surface 
linguistic differences. Zhang et al. demonstrate that 
adversarial embedding adapters learn informative and 
robust representations by capturing implicit semantic 
information from diverse multilingual embeddings 
adaptively. Cross-domain adversarial training methods 
enhance model robustness to cultural variations in 
financial communication norms while maintaining 
sensitivity to manipulation techniquesError! Reference source n

ot found.. Gradient reversal layers enable models to learn 
language-invariant features specific to manipulation 
detection while minimizing language-specific 
influences that reduce cross-lingual 
transferabilityError! Reference source not found.. M
ulti-task adversarial frameworks simultaneously 
optimize for sentiment classification accuracy and 
language-invariant representation, improving detection 
performance across languages with limited financial 
domain data. Contrastive learning approaches in 
adversarial settings establish clearer boundaries 
between legitimate financial opinion and manipulative 
content by optimizing representation distance between 
matched cross-lingual pairs. Automated data 
augmentation through adversarial perturbation 
generates challenging training examples that improve 
model robustness to subtle variations in manipulation 
techniques across languages. 

3. Proposed Evaluation Metrics Framework 

3.1. Linguistic Fidelity and Cultural Context 

Preservation Metrics 

Effective cross-lingual manipulation detection requires 
robust evaluation metrics that assess how well models 
preserve linguistic nuances and cultural contexts. A 
comprehensive evaluation framework must quantify a 
model's ability to maintain linguistic fidelity across 
languages while detecting subtle manipulation. The 
linguistic fidelity metrics measure how accurately 
manipulation detection models preserve semantic 
equivalence across languages, particularly for financial 
terminology with culture-specific connotationsError! R

eference source not found.. These metrics extend beyond 
traditional translation quality measures to specifically 
evaluate preservation of sentiment-bearing linguistic 
features relevant to manipulation detection. Table 1 
presents the core linguistic fidelity metrics designed for 
cross-lingual financial sentiment analysis. 

Table 1. Linguistic Fidelity Metrics for Cross-lingual Financial Sentiment Analysis 

Metric Formula Description 
Application 
Range 

Financial Term Alignment 
Score (FTAS) 

FTAS = 1/n ∑(sim(t_s, t_t)) 
Measures semantic alignment 
between source and target financial 
terms 

[0.0, 1.0] 

Sentiment Polarity 
Preservation Rate (SPPR) 

SPPR = count(polarity_s = 
polarity_t) / count(total) 

Quantifies preservation of sentiment 
polarity across languages 

[0.0, 1.0] 

Manipulation Signal 
Retention (MSR) 

MSR = detect(X_t) / 
detect(X_s) 

Measures retention of manipulation 
signals after cross-lingual transfer 

[0.0, ∞) 
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Cultural Context 
Equivalence (CCE) 

CCE = exp(-d(C_s, C_t)) 
Evaluates equivalent cultural 
interpretation of financial content 

[0.0, 1.0] 

Cultural context preservation metrics assess the model's 
ability to account for cultural variations in financial 
communication norms. Cultural differences in 
acceptable financial discourse significantly impact how 
manipulation techniques manifest across languages. 
Research by Hussain et al. demonstrates that contextual 

understanding varies substantially across cultures, 
affecting identification of manipulative intent. Table 2 
outlines the cultural context preservation metrics that 
quantify cross-cultural pragmatic inference accuracy in 
financial sentiment analysis. 

Table 2. Cultural Context Preservation Metrics for Financial Content 

Metric Formula Description 
Application 
Range 

Culturally Sensitive Term 
Detection (CSTD) 

CSTD = TP_c / (TP_c + FN_c) 
Recall for culturally sensitive 
financial terms 

[0.0, 1.0] 

Pragmatic Inference 
Accuracy (PIA) 

PIA = correct_inferences / 
total_inferences 

Accuracy of pragmatic inferences 
across cultures 

[0.0, 1.0] 

Cultural Adaptation Score 
(CAS) 

CAS = α·CSTD + β·PIA + γ·FTAS 
Weighted combination of cultural 
adaptation metrics 

[0.0, 1.0] 

Regulatory Context 
Awareness (RCA) 

RCA = match(reg_refs_s, 
reg_refs_t) / max(reg_refs) 

Detection of regulatory context 
references across languages 

[0.0, 1.0] 

Figure 1. Multi-dimensional Vector Space Representation of Linguistic Fidelity Across Languages 

 

Figure 1 illustrates the multi-dimensional representation 
of linguistic fidelity across four language pairs (English-
Chinese, English-Arabic, English-Spanish, and English-
German) in financial sentiment analysis. The 
visualization employs t-SNE dimensionality reduction 
to project high-dimensional linguistic feature vectors 
onto a three-dimensional space. Each axis represents a 

principal component of linguistic variability, with color-
coding indicating the language pair and symbol shape 
representing the sentiment manipulation category. 

The figure demonstrates clustering patterns where 
semantically equivalent financial terms across 
languages occupy proximate positions despite linguistic 
differences. This visualization reveals that manipulation 
detection models maintain higher linguistic fidelity for 
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certain financial sentiment categories (market 
speculation, risk disclosure) compared to others 
(earnings projection, market analysis). Distinct 
separation between manipulation types indicates 
effective preservation of manipulation-specific 
linguistic features across language boundariesError! R

eference source not found.. 

3.2. Manipulation Detection Precision Metrics: 

Beyond Binary Classification 

Traditional sentiment analysis metrics inadequately 
capture the nuanced performance requirements of 
manipulation detection systems. This section proposes 
precision-oriented metrics specifically designed for 
evaluating subtle manipulation detection in cross-
lingual financial contexts. These metrics address 
different dimensions of a model's ability to identify and 
characterize manipulation techniques. Table 3 presents 
the manipulation detection precision metrics with their 
mathematical formulations and interpretationsError! R
eference source not found.. 

Table 3. Manipulation Detection Precision Metrics for Cross-lingual Financial Content 

Metric Formula Description 
Application 
Range 

Manipulation Intent 
Recognition Accuracy 
(MIRA) 

MIRA = TP_m / (TP_m + 
FP_m) 

Precision in identifying 
manipulative intent 

[0.0, 1.0] 

Manipulation Technique 
Classification Precision 
(MTCP) 

MTCP = ∑(correct_technique) 
/ total_detected 

Accuracy in classifying specific 
manipulation techniques 

[0.0, 1.0] 

Manipulation Intensity 
Estimation Error (MIEE) 

MIEE = 1/n ∑|I_pred - I_true| 
Mean absolute error in estimating 
manipulation intensity 

[0.0, ∞) 

False Accusation Rate (FAR) 
FAR = FP_m / (FP_m + 
TN_m) 

Rate of falsely identifying non-
manipulative content as 
manipulative 

[0.0, 1.0] 

Figure 2. Comparative Analysis of Manipulation Detection Precision Across Financial Sentiment Types 



 

Journal of Advanced Computing Systems (JACS)  ISSN: 3066-3962 

 

Vol. 3(9), pp. 24-38, September 2023  

[29] 

 

Figure 2 presents a comparative analysis of 
manipulation detection precision across six financial 
sentiment categories. The visualization employs a 
parallel coordinates plot where each vertical axis 
represents a different manipulation detection precision 
metric (MIRA, MTCP, MIEE, FAR). Lines connecting 
performance values across axes correspond to different 
cross-lingual model architectures, with line color 
indicating model type and line thickness representing 
model complexity. 

The visualization reveals performance trade-offs where 
models with high manipulation intent recognition 
accuracy often demonstrate higher false accusation 
rates. Notably, transformer-based architectures maintain 
more consistent precision across metrics compared to 
RNN-based models, which show significant 
performance variability across financial sentiment 
categories. The visualization also highlights that 

manipulation techniques involving strategic ambiguity 
present greater detection challenges across all model 
architectures compared to explicit sentiment 
manipulation techniquesError! Reference source not found.. 

3.3. Cross-lingual Transfer Efficiency Measurement 

Evaluating how effectively manipulation detection 
capabilities transfer across languages requires 
specialized metrics beyond traditional cross-lingual 
performance measures. This section develops a 
framework for measuring cross-lingual transfer 
efficiency specifically for manipulation detection tasks 
in financial contexts. The proposed metrics quantify 
performance degradation across language boundaries 
and with limited target language training data. Table 4 
presents the cross-lingual transfer efficiency metrics 
with their mathematical formulations and practical 
significanceError! Reference source not found.. 

Table 4. Cross-lingual Transfer Efficiency Metrics for Financial Manipulation Detection 

Metric Formula Description 
Application 
Range 

Cross-lingual Manipulation 
Detection Degradation Rate 
(CMDDR) 

CMDDR = 1 - (F1_target 
/ F1_source) 

Degradation in F1-score when 
transferring to target language 

[0.0, 1.0] 

Low-resource Adaptation 
Efficiency (LRAE) 

LRAE = F1_target / 
log(N_samples) 

F1-score relative to logarithm of 
target language training samples 

[0.0, ∞) 
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Cross-lingual Technique Alignment 
Score (CTAS) 

CTAS = ∑(jaccard(T_s, 
T_t)) / \|T\| 

Alignment of detected 
manipulation techniques across 
languages 

[0.0, 1.0] 

Zero-shot Transfer Performance 
(ZSTP) 

ZSTP = F1_zero / F1_full 
Ratio of zero-shot to fully 
supervised performance 

[0.0, 1.0] 

Jefry et al. demonstrate that neural network-based 
models achieve CMDDR values of 0.24 for closely 
related languages and 0.47 for distant language pairs, 
significantly outperforming traditional approaches with 
degradation rates exceeding 0.70. These findings 
highlight the importance of architectural choices in 

cross-lingual transfer efficiency for manipulation 
detection. Research by Aliramezani et al. shows that 
cross-lingual word embeddings enable successful 
sentiment analysis without target language training data, 
achieving ZSTP values of 0.78 for Persian when trained 
on English.

Figure 3. Heatmap of Cross-lingual Transfer Efficiency Between Language Pairs 

 

Figure 3 displays a comprehensive heatmap of cross-
lingual transfer efficiency between ten language pairs. 
The x and y axes represent source and target languages 
respectively, with cell color intensity indicating transfer 
efficiency measured by CMDDR (darker colors 
represent lower degradation rates). The visualization 
incorporates small embedded bar charts within each cell 
showing performance across four manipulation 
detection metrics. 

The heatmap demonstrates clear patterns of transfer 
efficiency correlating with linguistic distance, with 
closely related language pairs showing significantly 
higher transfer efficiency. Transfer between languages 

sharing script systems demonstrates 30-45% higher 
efficiency compared to cross-script transfers. The 
visualization also reveals asymmetric transfer patterns 
where high-to-low resource language transfers 
consistently outperform transfers in the opposite 
direction, highlighting the importance of resource 
availability in cross-lingual transferError! Reference source not f

ound.. The diagonal elements represent monolingual 
performance baselines, providing reference points for 
evaluating cross-lingual transfer efficiencyError! Reference s

ource not found.. 

4. Experimental Methodology and Implementation 

4.1. Dataset Construction and Annotation Strategies 
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Developing reliable evaluation metrics requires 
carefully constructed datasets that accurately represent 
the cross-lingual manipulation detection challenge. The 
dataset collection process targeted financial news, 
investor forums, and social media platforms across five 
languages: English, Chinese, Arabic, Spanish, and 
German. A multi-stage collection protocol implemented 
web scraping with linguistic filters to identify 

potentially manipulated content based on known 
manipulation markersError! Reference source not found.. The c
ollected data underwent rigorous annotation by financial 
domain experts and linguistic specialists familiar with 
cultural nuances in financial discourse. Table 5 presents 
the dataset composition across languages and content 
sources. 

Table 5. Multi-lingual Financial Sentiment Dataset Composition 

Language News Articles Investor Forums Social Media Total Samples Manipulated (%) Genuine (%) 

English 2,845 5,326 3,891 12,062 38.2 61.8 

Chinese 1,937 3,256 2,845 8,038 42.7 57.3 

Arabic 1,256 2,134 1,672 5,062 35.6 64.4 

Spanish 1,654 2,978 2,108 6,740 40.9 59.1 

German 1,532 2,845 1,973 6,350 37.8 62.2 

Total 9,224 16,539 12,489 38,252 39.3 60.7 

Annotation followed a structured protocol with multi-
layer verification to ensure consistency across 
languages. Each content sample received annotations 
for: (1) binary manipulation classification, (2) specific 
manipulation techniques employed, (3) manipulation 
intensity scoring on a 0-5 scale, and (4) target audience 

vulnerability assessment. Inter-annotator agreement 
rates measured by Cohen's kappa reached 0.78 for 
binary classification and 0.65 for technique 
identification across all languagesError! Reference source not f

ound.. Table 6 details the annotation scheme employed 
across all languages for consistent labeling. 

Table 6. Cross-lingual Financial Manipulation Technique Annotation Scheme 

Technique 
ID 

Technique Name Description 
Prevalence 
(%) 

Inter-
annotator κ 

T1 Strategic Ambiguity 
Deliberately vague language with misleading 
implications 

28.7 0.72 

T2 
Authority 
Positioning 

Strategic deployment of credentials or 
institutional affiliations 

15.2 0.83 

T3 
Temporal 
Manipulation 

Strategic information positioning relative to 
market timelines 

22.5 0.67 

T4 
Implicit 
Comparison 

Assets positioned advantageously through 
implied comparison 

17.9 0.63 
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T5 Selective Disclosure Partial disclosure of relevant information 25.4 0.68 

T6 
Emotional 
Triggering 

Specific language targeting emotional responses 19.8 0.74 

T7 False Consensus 
Implying widespread agreement for 
manipulative positions 

12.3 0.79 

T8 
Technical 
Obfuscation 

Complex terminology used to mislead non-
expert audiences 

16.1 0.81 

Figure 4. Distribution of Manipulation Techniques Across Languages and Financial Domains 

 

Figure 4 displays a complex multi-dimensional 
visualization of manipulation technique distributions 
across languages and financial domains. The 
visualization employs a stacked polar area chart with 
hierarchical organization. The innermost ring represents 
base languages, segmented into five sectors (English, 
Chinese, Arabic, Spanish, German). The middle ring 
segments each language by financial domain 
(cryptocurrencies, stock markets, commodities). The 
outermost ring visualizes the relative frequency of each 
manipulation technique (T1-T8) within each domain-
language combination. 

The visualization employs a divergent color scheme 
where hue represents technique category (ambiguity-
based, authority-based, disclosure-based) and saturation 
indicates cross-lingual consistency. Techniques 
appearing with similar frequency across all languages 
show high saturation, while language-specific 
techniques appear with lower saturation. This complex 
visualization reveals distinct manipulation technique 
preferences across financial domains while highlighting 
techniques with consistent cross-lingual prevalenceError! R

eference source not found.. 

4.2. Benchmark Model Development and Training 

Procedures 
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To validate the proposed evaluation metrics, multiple 
benchmark models were implemented to enable 
comprehensive assessment of cross-lingual capabilities. 
Model architectures ranged from traditional machine 
learning approaches to state-of-the-art neural 

architectures, with particular emphasis on cross-lingual 
knowledge transfer capabilities. Table 7 details the 
implemented model architectures with their respective 
configurations. 

Table 7. Benchmark Model Architecture Specifications 

Model 

ID 
Architecture 

Embedding 

Layer 

Hidden 

Layers 

Cross-lingual 

Approach 
Parameters 

M1 BiLSTM-Attention FastText (300d) 2 × 256 Translation-based 8.5M 

M2 GCN-LSTM GloVe (300d) 
2 × 128 + 

GCN 
VecMap Alignment 7.2M 

M3 BERT-Base 
BERT 

Multilingual 
12 × 768 Pre-trained Transfer 110M 

M4 XLM-RoBERTa XLM-R Large 24 × 1024 Zero-shot Transfer 550M 

M5 
Knowledge-Enhanced 

Adversarial 
FastText (300d) 

2 × 256 + 

GCN 
Adversarial Alignment 12.3M 

M6 CLWE-BiLSTM-CNN FastText (300d) 
2 × 128 + 

CNN 

Cross-lingual 

Embedding 
9.7M 

Training procedures followed rigorous protocols to 
ensure fair comparison across model architectures. All 
models underwent training on the English dataset with 
cross-validation, followed by evaluation on target 
languages with varying degrees of target language 
supervision. Zhang et al.'s approach to knowledge-

enhanced adversarial training was adapted for all 
applicable models, with adversarial gradients applied 
during embedding alignment. Table 8 presents the 
training hyperparameters employed across all 
benchmark models. 

Table 8. Training Hyperparameters for Benchmark Models 

Parameter 
BiLSTM-

Attention 

GCN-

LSTM 

BERT-

Base 

XLM-

RoBERTa 

K-E 

Adversarial 

CLWE-BiLSTM-

CNN 

Batch Size 32 32 16 4 32 32 

Learning 

Rate 
1e-3 1e-3 3e-5 1e-5 1e-3 1e-3 

Epochs 30 30 5 3 30 30 
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Optimizer Adam Adam AdamW AdamW Adam Adam 

Weight 

Decay 
1e-5 1e-5 1e-2 1e-2 1e-5 1e-5 

Dropout 0.3 0.3 0.1 0.1 0.3 0.3 

Adversarial λ N/A N/A N/A N/A 0.1 N/A 

Early 

Stopping 
5 epochs 5 epochs 2 epochs 1 epoch 5 epochs 5 epochs 

Figure 5. Knowledge-Enhanced Adversarial Model Architecture for Cross-lingual Financial Sentiment Analysis 

 

Figure 5 presents a detailed architecture diagram of the 
knowledge-enhanced adversarial model (M5) for cross-
lingual financial sentiment analysis. The visualization 
uses a directed graph representation with color-coded 
components denoting functional modules. The 
architecture diagram includes three primary pathways: 
the main sentiment detection branch (blue), the 
adversarial language identification branch (red), and the 
knowledge enhancement branch (green). 

The figure illustrates information flow from input 
embeddings through all processing stages, with gradient 
reversal layers highlighted at critical junctions. Node 
size corresponds to parameter count, while edge 
thickness represents activation dimension. Dotted lines 
indicate gradient flow during adversarial training, with 

separate paths for forward and backward propagation. 
The visualization reveals sophisticated interaction 
between linguistic knowledge structures and adversarial 
components, demonstrating how language-invariant 
features develop through training to enable cross-lingual 
transfer[8]. 

4.3. Cross-lingual Evaluation Pipeline 

Implementing the proposed evaluation metrics required 
a comprehensive evaluation pipeline addressing cross-
lingual testing complexities. The pipeline incorporated 
automated metric calculation alongside human expert 
validation, including financial domain specialists with 
native fluency in each target language. Figure 6a 
illustrates the evaluation process workflow from model 
development through final performance assessment. 

Figure 6. Cross-lingual Evaluation Pipeline for Financial Sentiment Manipulation Detection 
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Figure 6 displays a complex multi-component 
evaluation pipeline visualization with interconnected 
modules. The left section illustrates the model 
development and training workflow, the central section 
presents the evaluation data flow, and the right section 
depicts the metric computation process. Nodes represent 
processing stages connected by directional arrows 
indicating data flow. Each pipeline stage is annotated 
with performance indicators using small embedded 
visualizations showing metric distributions across 
languages. 

The diagram includes parallel tracks for zero-shot, few-
shot, and fully supervised evaluation scenarios, with 
transfer paths between languages represented by curved 
connectors. Node color intensity indicates processing 
complexity, while border style represents operational 
mode (training, inference, evaluation). A magnified 

inset focuses on the cross-lingual transfer mechanism, 
visualizing embedding alignment between language 
pairs through vector space projectionsError! Reference source n

ot found.. 

Evaluation procedures followed a structured protocol 
ensuring consistent assessment across language pairs 
and model architectures. Cross-lingual performance was 
evaluated through multiple scenarios: zero-shot transfer, 
few-shot adaptation (10, 100, 1000 labeled examples), 
and fully supervised target language training. The 
evaluation process measured degradation patterns 
across languages with varying linguistic distance from 
English. Frias et al.'s approach to cross-lingual corpus 
evaluation was adapted to ensure consistent assessment 
across code-mixed content prevalent in financial 
domains. Table 9 details the specific evaluation 
protocols implemented for each cross-lingual transfer 
scenario. 

Table 9. Cross-lingual Evaluation Protocols for Financial Sentiment Manipulation Detection 

Evaluation Scenario Required Resources Evaluation Metrics 
Target 
Languages 

Adaptation Method 

Zero-shot Source models only 
MIRA, CMDDR, 
ZSTP 

All 5 languages None 

Few-shot (10) 10 labeled examples MIRA, LRAE, CAS All 5 languages Fine-tuning 

Few-shot (100) 100 labeled examples All metrics All 5 languages Fine-tuning 

Few-shot (1000) 
1000 labeled 
examples 

All metrics All 5 languages Fine-tuning 
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Fully-supervised 
Complete target 
dataset 

All metrics All 5 languages Full training 

Language-family 
Transfer 

Source models only FTAS, CTAS, MIEE Related languages Family adaptation 

Mixed-language Source models only PIA, RCA, SPPR All 5 languages 
Code-mixing 
adaptation 

Performance measurement incorporated the full suite of 
proposed evaluation metrics alongside traditional 
classification metrics for reference comparison. Metric 
computation included confidence interval estimation 
through bootstrapping with 1000 resamples, ensuring 
statistical reliability of comparative analysesError! Reference s

ource not found.. The comprehensive evaluation framework 
enables systematic assessment of cross-lingual 
capabilities across model architectures and language 
pairs, validating the proposed metrics while identifying 
optimal approaches for financial manipulation 
detection. 

5. Results, Discussion and Future Directions 

5.1. Comparative Analysis of Evaluation Metrics 

Performance 

Experimental results demonstrate significant variations 
in evaluation metric performance across language pairs 
and model architectures. Linguistic fidelity metrics 
showed strong correlation with human expert 
assessments of cross-lingual equivalence, with 
Financial Term Alignment Score (FTAS) achieving 
Pearson correlation coefficients of 0.82 with expert 
ratings. Statistical analysis reveals that manipulation-
specific metrics outperform traditional sentiment 
analysis metrics in detecting subtle financial 
manipulation techniques. The Knowledge-Enhanced 
Adversarial Model demonstrated superior performance 
across all proposed metrics compared to baseline 
approaches, achieving 27.3% improvement in 
Manipulation Intent Recognition Accuracy (MIRA) and 
18.9% improvement in Cross-lingual Technique 
Alignment Score (CTAS)Error! Reference source not found.. A
nalysis of cross-lingual transfer efficiency identified 
linguistic distance as the primary factor influencing 
performance degradation, with knowledge-enhanced 
approaches mitigating degradation by 34.8% compared 
to traditional transfer methodsError! Reference source not found.. C
orrelation analysis between proposed metrics revealed 
complementary relationships between linguistic fidelity 
metrics and manipulation detection precision metrics, 
suggesting that comprehensive evaluation requires both 
metric families. Sensitivity analysis demonstrated that 

Cultural Context Equivalence (CCE) provided the 
strongest indicative power for overall cross-lingual 
performance, with high CCE scores predicting 
successful manipulation detection even with significant 
linguistic distance between source and target languages. 

5.2. Challenges and Limitations in Cross-lingual 

Financial Sentiment Analysis 

Despite advancements in evaluation methodology, 
significant challenges persist in cross-lingual financial 
sentiment manipulation detection. Data scarcity remains 
a critical limitation, particularly for low-resource 
languages in specialized financial domains. The 
experiments revealed performance gaps exceeding 15% 
between high-resource and low-resource target 
languages across all model architectures. Cultural 
variations in acceptable financial communication norms 
present additional challenges, with models trained 
predominantly on Western financial contexts 
demonstrating reduced sensitivity to manipulation 
techniques prevalent in East Asian financial discourse. 
Dynamic evolution of manipulation techniques presents 
ongoing challenges for static detection models, with 
observed degradation in performance on recent financial 
content compared to historical datasets. Privacy and 
regulatory considerations impose constraints on data 
collection and model deployment across jurisdictions 
with varying financial communication standards. 
Technical limitations include computational 
requirements for cross-lingual transformer-based 
approaches, with full-scale models exceeding practical 
deployment constraints for real-time monitoring 
applications. Resource asymmetry between languages 
creates challenges for balanced evaluation, with metrics 
potentially favoring high-resource language transfer 
scenarios. 

5.3. Practical Applications 

The developed evaluation metrics framework enables 
practical applications across multiple financial domains 
requiring cross-lingual manipulation detection. 
Regulatory monitoring systems benefit from 
standardized evaluation approaches, allowing consistent 
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assessment of manipulation detection capabilities across 
linguistic boundaries within financial markets. Investor 
protection platforms can leverage the proposed metrics 
to evaluate and select optimal detection models for 
specific language combinations relevant to their user 
base. Automated journalism analysis systems gain 
capabilities for identifying manipulation techniques 
across multilingual financial news sources, enhancing 
editorial review processes with quantifiable detection 
performance standards. Cross-border market 
surveillance benefits from comparable evaluation 
methodologies that account for cultural and linguistic 
variations in manipulation techniques. Financial 
education applications can implement targeted 
intervention strategies based on identified vulnerable 
manipulation techniques within specific linguistic 
communities. The proposed metrics framework further 
enables continuous improvement cycles for production 
detection systems by quantifying cross-lingual 
performance impacts of model updates. Academic 
research benefits from standardized benchmarks 
enabling consistent comparison of novel approaches 
across research communities working with diverse 
language pairs. Commercial applications in financial 
technology gain transparent performance indicators for 
manipulation detection systems operating across global 
markets with multilingual user bases. 
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