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back-translation (BT) can normalize informal reviews while preserving meaning, and which
model (Google Translate vs Facebook M2M100_418M) offers better semantic preservation, KEYWORDS
grammatical quality, and lexical alignment. We collected 323 Google Play reviews (667 Back-translation
sentences) from three Malaysian government apps. Texts were cleaned, expanded for Mobile app reviews
colloquial forms, and then BT was applied using Malay as an intermediate language. Machine learning
Evaluation used four metrics which are semantic similarity (Sentence-BERT), grammar error Natural language processing

count (LanguageTool), BLEU (NLTK), and perplexity (GPT-2). Models differences were tested Evaluation metrics
with paired t-tests and Wilcoxon signed- rank tests, while paired scatterplots showed
distributional patterns. Google was significantly better on semantic similarity (t(322)=5.38,
p<.001), grammar errors (t(322)=3.66, p<.001), and BLEU (t(322)=2.99, p=.003); effect sizes
were small to moderate. Perplexity differences were not significant, indicating comparable
sentence-level fluency. Visualizations confirmed Google’s steadier performance with fewer
extreme outliers. BT is a practical normalization step for noisy reviews. For the English—Malay
pipeline studied here, Google provides more reliable semantic preservation and grammatical
quality, while both systems are similar in fluency. However, the generalizability of these results
are constrained by the relatively modest sample size (323 reviews, 667 sentences), and future
work should validate results on large datasets and explore hybrid strategies combining
strengths of both models.

1.0 INTRODUCTION

The widespread adoption of mobile applications has generated a vast repository of user-generated reviews that are
inherently noisy, informal [1], and linguistically diverse [2]. These challenges hinder the performance of task-specific
natural language processing (NLP) pipelines, particularly those involved in requirements engineering such as review
normalization, sentiment extraction, and ambiguity resolution. Users commonly employ colloquial language [3]-[5],
abbreviations, typographical errors [6], emoticons [7], and code-switching, which deviate from formal writing norms and
complicate the identification of actionable requirements. Prior research has extensively investigated various approaches
to review normalization, aiming to transform unstructured and noisy user-generated content into more structured and
semantically meaningful representations. Existing review normalization approaches, including rule-based methods [8],
machine learning algorithms [9], and hybrid techniques [10], [11]. Rule-based methods rely on handcrafted linguistic
rules to clean and standardize textual input, but they often struggle with generalizability and language-specific variations.
Meanwhile, machine learning algorithms such as Support Vector Machines (SVMs) and Decision Trees have been applied
to detect noise, filter out irrelevant content, or normalize grammatical inconsistencies. Hybrid techniques have also
emerged, combining statistical heuristics with shallow learning models or incorporating preprocessing pipelines that
embed domain-specific dictionaries or patterns. While these approaches have shown some success in structured
environments, they often fail to fully capture the semantic subtleties, contextual dependencies, and domain-specific
terminologies inherent in app reviews, which are typically informal, multilingual, and highly variable.

In this context, recent advances in neural machine translation (NMT), particularly through the use of back-translation,
offer promising avenues for overcoming these limitations. Back-translation (BT) involves converting a sentence from a
source language into a target language and then translating it back into the original language, thereby producing synthetic
data that helps improve model robustness and semantic clarity. This technique not only enhances training diversity in
low-resource settings but also supports review normalization by simplifying, disambiguating, and aligning noisy
expressions into more canonical forms. As noted by [12], back-translation can serve as a powerful transfer learning tool
for identifying ambiguous phrases in software requirements and normalizing informal content into structured outputs.
Their study reported measurable improvements in classification accuracy when back-translated texts were used to train
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ambiguity detection models, especially using SVMs and logistic regression. However, the traditional back-translation
process remains computationally intensive, particularly when applied at scale to millions of user reviews in multiple
languages. To address this, [13] introduced m2m-100, a many-to-many multilingual NMT model that eliminates the
English-centric bottleneck of prior systems. Unlike conventional pipelines that pivot through English, m2m-100 enables
direct translation between 100 languages using shared encoder-decoder architectures augmented with sparse, language-
specific parameters. This innovation significantly improves semantic preservation across translation directions, reducing
topic drift and maintaining sentiment consistency. Their BLEU score comparisons show that m2m-100 consistently
outperforms traditional English-centric models across non-English translation pairs, indicating its potential for high-
fidelity text normalization and contextual preservation, even in linguistically diverse settings. Moreover, recent empirical
studies [14] validate the utility of back-translation as a semantic alignment tool, showing that topic structures and
sentiment scores remain largely consistent before and after iterative back-translation. These findings reinforce the claim
that back-translation, particularly when enhanced by modern multilingual NMT models like m2m-100, can be applied
not only for data augmentation but also as a core technique for improving review normalization pipelines.

Despite these advances, a gap remains in systematically evaluating how different back-translation models perform in
the context of noisy mobile app reviews, particularly for low-resource languages. While previous studies work on
automatic evaluation metrics, these are often optimized for high-resource languages, leaving an evaluating other low-
resource language [15]. Metrics such as BLEU, METEOR, and TER tend to emphasize surface-level overlap and may
not sufficiently capture deeper semantic or pragmatic equivalence in user-generated content. According to Mathur et al.,
[16] BLEU and TER have an 80% overlap in errors. In many cases, BT often does not maintain a sufficient level of
equivalence between original and translated research materials [17]. Moreover, these metrics often overlook stylistic
nuances and normalization quality that are critical for downstream applications in requirements engineering. Thus,
existing metrics are insufficient to guide the selection of appropriate translation models or normalization strategies,
particularly in multilingual or low-resource contexts. This study addresses this gap by adopting a multi-dimensional
evaluation (semantic similarity, grammar errors, BLEU, and perplexity) to provide a more holistic assessment of
translation quality in the normalization context. To sharpen the study’s focus, the following research question (RQ) is
explicitly formulated at the outset:

RQ; Which translation model, between Google Translate and the Facebook M2M100 model, demonstrates superior
performance in preserving semantic meaning, correcting grammatical errors, and enhancing textual fluency in the context
of back-translation for review normalization? Building on this RQ, we evaluate whether Google Trans- late systematically
differs from Facebook’s M2M100 model in back-translation quality. To achieve this, paired-sample hypotheses were
formulated for each evaluation metric. For consistency, all paired differences were defined such that positive values
indicate a Google advantage. Specifically, for higher-is-better metrics (semantic similarity, BLEU), differences were
computed as d; = G; — F; , whereas for lower-is- better metrics (grammar errors, perplexity), differences were computed
as d; = F; — G;. The null hypothesis (H,) states that there is no difference between the two systems (iu; = 0), while the
alternative hypothesis (H;) states that a difference exists (1 # 0). Formally:

1. Semantic Similarity (higher is better) Hy:pug =0 vs. Hyipg #0
2. Grammar Errors (lower is better) Hy:pg =0 vs. Hyipg #0
3. BLEU Score (higher is better) Hy:pg =0 vs. Hpj:pg#0
4. Perplexity (lower is better) Hy:pg =0 vs. Hp:pg #0

This study aims to investigate the efficacy of back-translation in cleaning and normalizing informal, noisy mobile app
user reviews, with a focus on evaluating the performance of two prominent translation models (Google Translate and
m2m) across multiple quantitative metrics. This research contributes several novel aspects to the intersection of machine
translation and requirements engineering:

1. This study presents an empirical investigation of back-translation used as a normalization technique for user-
generated mobile app reviews, rather than as an augmentation method.

ii. Low-Resource Language Pair (English and Malay): In our comparative setup, we use Malay as an
intermediate pivot language. Malay is still underrepresented in large-scale translation benchmarks, which
makes it useful for examining multilingual natural language processing tasks. Prior research of multilingual
focus on English-Centric, where training only on data which was translated from or to English [13]. As a
result, Malay remains less explored due to a scarcity of dedicated studies and benchmarks [18]. Therefore,
this study provides new empirical observations, especially in the context of languages with limited resources.

iii. This study applies a four-dimensional evaluation framework consisting of semantic similarity, grammar error
detection, BLEU score, and perplexity.
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In the rest of this paper, the structure is organized as follows. Section 2 reviews the related work that supports this
study. Section 3 describes the materials used and explains the research method. Section 4 presents the results of the
experiment together with discussion and interpretation. Finally, Section 5 concludes the paper and also highlights possible
directions for future work.

2.0 RELATED WORKS

Back-translation has traditionally served as a data augmentation method in NLP, with studies such as [12] and [19]
demonstrating improvements in classification performance through syntactic and semantic diversification. More recent
research, however, reflects a trend toward domain-specific normalization, particularly in noisy user-generated content.
Despite these advances, few studies investigate BT’s role in requirements engineering or evaluate its performance within
low-resource language pairs. Most rely on singular metrics like BLEU [20], overlooking nuanced trade-offs in fluency
and semantic integrity. Conflicting findings make the evaluation of back-translation more difficult. For example, while
[21] links BLEU with task accuracy, their results reveal a paradox where higher BLEU coincides with degraded fluency,
as indicated by perplexity. These tensions reinforce the need for comprehensive, task-informed evaluation frameworks,
which this study addresses through its multi-metric analysis of BT efficacy in review normalization.

2.1 Back-Translation in NLP

Several studies have demonstrated the effectiveness of back-translation in improving the performance of NLP models.
[22] showed that back-translation could significantly enhance the performance of neural machine translation models. This
technique helps to improve the performance of NMT, especially in situations where parallel data is limited or in low-
resource language settings [23]. Similarly, [24] used data augmentation for supervised code translation learning to obtain
new training data. Furthermore, [12, 25-27] used transfer learning and text augmentation can be applied to small data sets
in requirements engineering to resolve ambiguous requirements. Originally popularized for machine translation and data
augmentation, back translation involves translating a text from its source language into a target language and then
translating it back to the original language [28]. This process effectively increasing the dataset size and diversity, which
is particularly beneficial for low-resource languages [29]. The efficacy of back-translation has been demonstrated across
multiple NLP tasks. For example, [30] developed the *Cue Lexicont’ and integrated it into NMT systems to further
enhance translation quality.

Recent studies have explored the application of BT as a means to reduce noise and ambiguities in user-generated
content. For example, [28] showed that back translation could improve translation quality and model generalization by
exposing models to diverse linguistic variations. Similarly, [19] shows that using back-translation to expand the data is
especially helpful when working with a small dataset. This method can also reduce the imbalance in sample distribution
and improve classification performance. In addition, it helps enhance the quality of translation. Beyond requirement
engineering, BT has demonstrated success in text classification [31], especially when manually annotated data is limited.
For instance, a study achieved a classification accuracy of 90.7% by using back-translation combined with model
ensemble techniques, demonstrating its effectiveness in improving classification tasks. However, the quality of translation
engines, language pair selection, and semantic drift during translation can impact the fidelity and utility of augmented
data. Hence, BT should be carefully calibrated to the task and domain.

2.2 Back-Translation in Requirement Engineering

In requirements engineering, user requirements often contain ambiguities, lexical inconsistencies, and contextual
noise, which hinder automated analysis and classification [32]. Several recent efforts have leveraged NLP techniques,
including BT, to address these issues. [12] pioneered the use of BT for requirements classification, hypothesizing that the
paraphrasing effect of BT could help in identifying ambiguous requirements more effectively. In their experimental study,
[12] translated requirements from English into Spanish and back, generating paraphrased artifacts used as augmented
data. Their findings indicated that models trained on BT-augmented data achieved significant improvements in
classification accuracy, notably with SVM and logistic regression, with increases of up to 9.5% and 7.4%, respectively.
This suggests that BT not only increases data diversity but also helps models generalize better to linguistic variations and
reduce noise-induced errors. In a similar way, the study by [33] applied BT together with several machine learning (ML)
and deep learning (DL) models. Their experiments showed that the models achieved an F1-score of 98.91% when using
back-translated data, compared to 98.14% when using the original data.

Furthermore, analyses of BLEU scores [20] in these studies confirmed that BT introduces meaningful paraphrasing
without significantly deviating from the original semantics, thus maintaining the integrity of requirements while reducing
lexical ambiguity [12, 34]. Such techniques have been shown to be particularly effective in handling lexical ambiguities
and coordination ambiguities, which are common in user requirements [32]. The application of BT in requirement
engineering is still emergent but growing. A seminal study by [12] demonstrated the efficacy of BT in enhancing the
classification accuracy of ambiguous versus unambiguous software requirements. Their research employed BT within a
transfer learning framework to augment the original dataset with synthetic, noise-reduced variants of requirement
statements. Meanwhile, [35] demonstrated in their research that using BT text made it possible to achieve an accuracy of
83.4% in distinguishing between machine-generated and human-written text. This method was also effective for detecting
texts used for malicious purposes, such as plagiarism and fake reviews.
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2.3  Application for User Reviews

In the context of user reviews, back-translation has been used to address issues of noise and ambiguity. Previous
studies, such as [12] investigated the use of BT as a text augmentation technique to classify ambiguous vs. unambiguous
requirements in software artifacts. BT led to significant improvements in classification accuracy [12], [21] for models
such as SVM, Logistic Regression, and Multinomial Naive Bayes.

2.4  Neural Machine Translation Systems

The evolution of Neural Machine Translation has brought about significant advancements in handling multilingual
content. Two prominent models (Google Translate and Facebook m2m-100) exemplify differing paradigms in
multilingual NMT design. These differences are particularly consequential in back-translation tasks involving mobile app
user reviews, where translation quality directly affects sentiment extraction, intent recognition, and overall user feedback
analysis. Google Translate and NMT have undergone a notable evolution in recent years, leading to significant changes
in translation industry practices [36]. The system’s performance on various language pairs has been extensively
documented, demonstrating state-of-the-art results on standard benchmarks. NMT models are indeed very promising,
especially considering that the state-of-the art [37].

Facebook’s m2m-100 model represents a significant advancement in multilingual translation [38], supporting direct
translation between 100 languages without English pivoting. The model’s architecture and training methodology differ
substantially from Google’s approach, potentially leading to different performance characteristics in back-translation
tasks. Empirical evaluation from [13] shows that m2m-100 outperforms English-centric models in direct translation
quality across non-English language pairs. For example, BLEU score improvements average over +7 points in many cases
where English pivoting is removed. Table 9 of their work illustrates consistent performance gains for regional languages
such as Hindi—Marathi (+6.4 BLEU) and Xhosa—Zulu (+3.5 BLEU). These improvements are critical when user feedback
involves regional dialects and low-resource languages, which are common in diverse mobile markets.

Moreover, human evaluations in the same study indicate higher semantic accuracy for m2m-100 compared to English-
centric systems, especially in unrelated language pairs. This finding suggests enhanced robustness of m2m-100 in
preserving meaning across linguistically distant languages. Such ability is important in maintaining the authenticity of
user sentiment in app reviews. However, m2m-100 is not without limitations. The model’s performance gains vary
significantly depending on the availability of training data. For extremely low-resource languages or domains with limited
parallel corpora, the model may still produce sub-optimal translations. Additionally, the computational cost associated
with training and deploying such large-scale multilingual models is non-trivial, potentially limiting real-time integration
in mobile app platforms.

3.0 METHODS AND MATERIAL

This section discusses the materials and methods we used to compare the back translation model.
3.1 Materials

In this study, several instruments were used as follows.

A. Computational Resources

The experiments were conducted on a local laptop running Windows 11. The machine was equipped with an Intel
Core i5 processor and 24 GB of RAM, which provided sufficient computing resources for the tasks performed. However,
because of the limited hardware resources and the absence of a GPU, the experiments were processed in relatively small
batches. This setup helped reduce memory consumption and avoid performance issues during the evaluation.

B. Programming languages

In this study, scripts were developed using the Python (version 3.11.0) programming language due to its simplicity
and wide applicability in scientific computing. To facilitate interactive development and result visualization, Jupyter
Notebook 6.5.3 was employed as the primary environment. The combination of Python and Jupyter Notebook provided
an efficient and reproducible workflow for data analysis and computational experimentation.

C. Translation Systems

Google Translation is a commercial neural machine translation service leveraging Google’s proprietary transformer-
based architecture, trained on massive multilingual corpora and continuously updated. In our implementation, we use the
following import statement: from deep_translator import GoogleTranslator into our python code. Meanwhile, Facebook
M2M100 418M is an open-source multilingual model from the m2m-100 family, featuring 418 million parameters and
trained to translate directly between 100 languages without English pivoting.

In this context, while a multitude of neural machine translation systems exist, this study deliberately focuses on a
comparative analysis of Google Translate and Facebook’s M2M100 418M. These models were selected based on their
distinct architectural frameworks and relevance to low-resource language processing. Google Translate, a commercial
benchmark with robust fluency performance, contrasts with M2M100_ 418M, an open-source model supporting direct
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multilingual translation across 100 languages. This contrast offers a representative baseline for assessing BT efficacy in
the normalization of multilingual mobile app reviews.

3.2 Methods

Phase 01° Phase 02 gg?ﬁ_ﬁ?;smm o
Data Preprocessing Caollaquial Carrection Fa: ebaok m2m- 00
Raw Bilngual User Reviews
‘L Phase 06:
Metric Evaluation
: ; Phase 04:
) (Semantic Similarity, Phase 05: :
o -
Google Translatar FE m2mi00 €— Grammar Errars. Model Output Comparison i ga-:l\ Translation via
~ ooqle Translate
BLEU Scare,
Perplexity)

Figure 1. BT comparison methodology

In this subsection, we used user reviews collected from three government mobile applications: MyBayar PDRM, MyJPJ,
and MySejahtera. A total of 323 reviews were obtained in July 2024 through automated Google Play scraping, comprising
a mixture of English, Malay, and mix content. Specifically, the dataset included 88 reviews from MyBayar PDRM, 110
reviews from MyJPJ, and 125 reviews from MySejahtera, yielding 667 sentences after preprocessing. These figures are
further detailed in Table 1, which summarizes the descriptive statistics of review length and sentence distribution, and the
overall methodology pipeline is illustrated in Figure 1. While the dataset size is modest, we acknowledge limited power
as a study limitation and recommend larger-scale validation in future work.

Table 1. Summary statistics of reviews and sentences

Metric Value
Number of reviews 323
Average review length (in words) 16.12
Total number of sentences 667
Average sentence length (in words) 7.81
Number of sentences per review 2.07

A. Phase 01

Data preprocessing: Text preprocessing techniques include transformation, such as removing emojis and icons, and
converting text to lowercase. In addition, spelling correction is applied, including handling of contractions.

B. Phase 02

Colloquial Correction Process: All user feedback will be cleaned using a three-stage approach. First, in the colloquial
expansion stage, informal or abbreviated expressions will be translated into their standard forms. For example, “Nk bukak
memanjang no connection..bukak app lain okay je..banyak kali buat..sama je’=> “hendak buka selalu no connection.
buka mobile apps lain okay banyak kali buat. Sama”, where the word memanjang changed to selalu.

Second, the domain-specific lexicon will be expanded to improve clarity. For instance, “Maybe a MIUI bug when a
non launcher registers itself as one” = “maybe a mobile user interface, bug when a non launcher registers itself as one”,
where miui will be replaced with mobile user interface, which is more descriptive. Finally, in the alphanumeric
normalization stage, words that contain a mixture of letters and numbers will be converted into their full textual forms.
An example “ingtkn on9 semua xperlu ke kaunter” = “ingatkan online semua tidak perlu ke kaunter”, where this is
changing on9 to online. This process helps to improve the quality of the data by making it more standardized and suitable

for further analysis.
C. Phase 03 & 04

1. Forward translation: English — Intermediate Language (Malay selected for linguistic distance)
2. Backward translation: Intermediate Language — English

This translation process involves two main steps. First, the original English text is translated into an intermediate
language. In this case, Malay was chosen because it has a significant linguistic distance from English, which can help
reveal structural or semantic changes during translation. Then, in the backward translation step, the Malay version is
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translated back into English. This allows researchers to identify any meaning shifts, ambiguities, or translation issues that
may arise between the original and the translated texts.

D. Phase 05

In this phase, the semantic equivalence between the original and back-translated sentences was quantitatively
evaluated using a sentence embedding model. The purpose of this step was to determine which translation model - Google
Translate or Facebook's m2m100 - preserved the original meaning more effectively after the back-translation process. To
achieve this, the Sentence-BERT (SBERT) model, specifically the al1-MiniLM-L6~-v2 variant, was employed due to
its capability to capture contextualized semantic representations of sentences.

Each review was encoded into a fixed-dimensional vector space using the SBERT model. Similarly, the corresponding
back-translated sentences generated by Google Translate and Facebook m2m100 were independently encoded into their
respective embeddings. The semantic similarity between the original sentence and each of its back-translated counterparts
was then computed using the cosine similarity metric, defined as:

a‘b
|al |b|

Cosine Similarity(a, b) = D
where a and b denote the embedding vectors of the original and back-translated sentences, respectively. The resulting
similarity scores range from 0 to 1, where higher values indicate stronger semantic preservation.

D. Phase 06
Evaluation Metric: Automated evaluation (as shown in Figure 2) using the four metrics across all user review.

1. Semantic Similarity: Using Sentence-BERT (all-MiniLM-L6-v2), we computed cosine similarity between
embeddings of original and back-translated sentences (score = util.pytorch cos sim(embl,
emb?2) .item()).

2. Grammar Errors: Grammar errors were identified using the language tool python library.

3. BLEU Score: Lexical overlap was computed using NLTK’s sentence bleu, capturing 1-4 gram matches
between original and back-translated sentences:Computed using a pre-trained NLP model to assess the quality
of the generated text (bleu = sentence bleu(ref tokens, cand tokens)).

4. Perplexity: Evaluated based on the language model’s ability to predict the next word in the translated text. The
fluency was estimated via GPT-2 (gpt2 model), calculating the exponential of the negative log-likelihood
(perplexity = np.exp(loss.item())).

2 |def compute perplexity (text):
inputs = gpt2 tokenizer(text, return tensors="pt")
with torch.nc _grad():
outputs = gpt2 model (**inputs, labels=inputs|["input ids"])
loss = outputs.loss
return np.exp(loss.item())

def ccmpute_semant:c_s;mllar;ty(sentl, sent2):

embl = semantic _model.encode(sentl, convert to tensor=True)
11 emb2 = semantic_model.encode (sent2, convert to tensor=True)
12 score = util.pytorch cos sim(embl, emb2).item()
return scere

def compute grammar errors(text):
matches = grammar_ tool.check(text)
return len(matches)

19 |def compute bleu(reference, candidate):

2 ref tokens = [word tokenize(reference.lower())]
21 cand_tckens = wcrd_tckeni:e(candidate.lcwer())
22 return sentence bleu(ref tokens, cand tokens)

Figure 2. Evaluation metrics with GPT-2 and NLP library
In this study, the evaluation and statistical tests were conducted on the same dataset of 667 sentences, derived from
323 user reviews (Table 1). Each original sentence was paired with its back-translated outputs (Google and Facebook
models), producing a one-to-one alignment for semantic similarity, grammar error count, BLEU score, and perplexity.

4.0 RESULTS AND DISCUSSION

This study investigates the effectiveness of back-translation in cleaning and normalizing informal, noisy mobile app
user reviews. By using BT, these unstructured texts can be converted into semantically meaningful and syntactically well-
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formed inputs. Two prominent translation systems, the Google Translation and the Facebook m2m100 418M model,
were compared across four quantitative metrics: semantic similarity, grammar errors, BLEU score, and perplexity. Each
metric captures a specific dimension of text quality and fidelity. The aggregated results are summarized in Table 2 and
were visualized using paired scatterplot (Figure 4). At the same time, the examples of successful cases and unsuccessful
cases are reported in Table 3 and Table 4, respectively. These tables are included to give a clearer view of how the
approach performed in different situations.

Table 2. Multi-dimensional Performance Evaluation of Back-Translation Models

Model Mean Score Semantic Mean Score Mean Score Mean Score
Similarity 1 Grammar Errors | BLEU Score 1 Perplexity |

Google Translate 0.7258 5.8421 0.2419 732.24
Facebook 0.6731 6.7895 0.2112 1582.80

Note: Arrows indicate the desired direction for optimal performance for each metric. Bold values indicate the superior model for a given metric, with Perplexity
requiring nuanced interpretation as discussed in the text.

Google Translate performed better than Facebook’s model across all four-evaluation metrics (see Table 2). In addition,
a Wilcoxon signed-rank test was conducted to compare the overall performance of Google and Facebook m2m-100
models across four evaluation metrics (semantic similarity, grammar error, BLEU score, and perplexity) relevant to back-
translation quality.

Table 3. Multi-dimensional Performance Evaluation of Back-Translation Models (Success Cases)

Phase / Model Input / Output Semantic  Grammar BLEU Perplexityl
SimilarityT Error! Score?

Raw user reviews  cannot even register, useless app released by
useless gov.

Phase 1-2 cannot even register, useless mobile apps released - - - -
(Processed) by useless government.

Cannot register, useless mobile applications 0.9290 0 0.2090 1376.66

Google Translate issued by useless governments.

Facebook not to register, useless mobile applications issued 0.8726 1 0.2627 784.42
by useless government.

Table 4. Multi-dimensional Performance Evaluation of Back-Translation Models (Failure Cases)

Phase / Model Input / Output Semantic ~ Grammar BLEU Perplexity!
SimilarityT Error! Score?
BT Facebook Model
Raw user reviews pls help my booster dose complete 2 months ago but mysejahtera profile still not show the booster dose qr

code & digital certificate. the shop not let me in have write to helpdesk few time but still not help, still not
update my status.

Phase 1-2 please help my booster dose complete dua months ago but mysejahtera profile still not show the booster
(Processed) dose quick-response (qr) code digital certificate. the shop not let me in have write to helpdesk few time
but still not help, still not update my status.

Back-translate Please Please Please Please Please Please 0.0979 1 0.0026 1.27
Please Please Please Please Please Please

BT Google Translate

Raw user review bayaq senang.

Phase 1-2 bayar senang.

(Processed)

Back-translate Lying down. 0.1253 0 0.000 286.39
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These findings are in line with the conclusions reported in [12], where BT was applied as a text augmentation method
and showed clear improvements in classification accuracy, especially when using SVM and logistic regression models.
The use of BT not only improved the readability and consistency of the text at the surface level but also helped in reducing
semantic and syntactic variations. This normalization process is important because it allows the model to focus on the
main meaning of the data rather than being distracted by noise or irregular patterns in the language.

4.1 Efficacy in Semantic Preservation and Grammatical Enhancement

The primary objective of back-translation is to improve linguistic quality without sacrificing the original user’s intent.
Google Translate demonstrated higher semantic preservation, aligning with its broader training corpus and commercial -
grade optimization. To support this claim, we present results from an empirical analysis using statistical tests. In addition,
we provide a scatter plot to illustrate the relationship between the two compared measurements. This combination of
statistical evidence and visual representation helps to strengthen the argument that Google Translate performs more
consistently in preserving the semantic intention of the original text.

4.1.1 Empirical result

The results of the paired t-tests and Wilcoxon signed-rank tests are presented in Table 5. The analysis was performed
on 323 paired sentence-level observations across four evaluation metrics which are semantic similarity, grammar errors,
BLEU and perplexity.

Table 5. Paired t-tests and Wilcoxon signed-rank tests (positive difference = Google better)

Paired t-test (two-sided) Wilcoxon (two-sided)
Metric n
Mean diff 95% CI #(df) p d, /4 p
Semantic similarity 323 0.053 [0.033, 0.072] 5383 (322) 1.42e-07 0.299 1.64et04  4.90e-06
Grammar Error 323 0.947 [0.438, 1.457] 3.659 (322) 2.96e-04  0.204 5189.500  4.43e-07
BLEU 323 0.031 [0.010, 0.051] 2.991(322) 0.003 0.166  1.36e+04 5.35e-04
Perplexity 323 850.561 [-882.908, 2584.031] 0.965 (322)  0.335 0.054 2.25e+04 0.267

Notes. Differences defined so that positive values favor Google: for higher-is-better metrics (Semantic similarity, BLEU), d; = Google (G;) — facebook(F;) ; for
lower-is-better metrics (Grammar errors, Perplexity), d; = F; — G;. Effect size d, = d/sq4.

Semantic Similarity: Google achieved significantly higher semantic similarity scores than Facebook (t(322) =
5.38,p < 0.001,d, = 0.299; Wilcoxon W = 1.64 X 10*,p < 0.001). The mean difference of 0.053 (95% CI [0.033,
0.072]) indicates that Google more reliably preserved the meaning of original sentences during back-translation. Grammar
Errors: The results also favored Google, with fewer grammar errors on average compared to Facebook (t(322) = 3.66,
p < 0.001,d, = 0.204; Wilcoxon W = 5189.5, p < 0.001). The mean difference of 0.95 errors (95% CI [0.44, 1.46])
demonstrates a consistent, though modest, grammatical advantage for Google.

BLEU Score: Google outperformed Facebook on BLEU, with a mean difference of 0.031 (95% CI [0.010, 0.051]).
The effect was statistically significant (t(322) = 2.99, p = 0.003, d, = 0.166; Wilcoxon W = 1.36 X 10*, p < 0.001),
though the magnitude of the improvement was relatively small. Perplexity: In contrast, no significant differences were
observed for perplexity (t(322) = 0.97,p = 0.335; Wilcoxon W = 2.25 x 10%, p = 0.267). The wide confidence
interval ([-882.91, 2584.03]) suggests high variability between sentences, and thus fluency as measured by perplexity
appears comparable between the two systems.

Figure 3 illustrates the statistical distribution used to evaluate whether the observed differences between the two back-
translation models are statistically significant. The t-distribution curve with degrees of freedom (df = 322) shows the
critical values at (£1.97), which represent the rejection region for the null hypothesis at the 0.05 significance level (two-
tailed test). The observed t-values for the three significant metrics—semantic similarity (t = 5.38), grammar errors (t =
3.66), and BLEU score (t = 2.99)—all fall beyond these critical boundaries, visually confirming that Google Translate
performs significantly better than Facebook’s M2M100 model for these measures.

In contrast, the observed value for perplexity (t = 0.97) lies within the acceptance region, supporting the interpretation
that there is no statistically significant difference in fluency between the two models. Hence, Figure 3 serves as the visual
statistical counterpart to Table 5, enhancing interpretability by visually confirming the statistical outcomes reported in
the table.
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Semantic similarity: Observed vs. Critical t-values BLEU: Observed vs. Critical t-values

0.40 4 — t-dist (df=322) i 0.40 4 — t-dist (df=322)
Rejection regions (a=0.05) i Rejection regions (a=0.05)
0.35 { — Observed t = 5.38 0.35 4 = Observed t = 2.99

Density
o
o
S
Density
o
o
S

-6 —4 -2 0 2 4 6 -6 -4 -2 0 2 4 6
tvalue tvalue
Grammar errors: Observed vs. Critical t-values Perplexity: Observed vs. Critical t-values
i —— t-dist (df=322)

0.40 { — t-dist (df=322) 0.40
Rejection regions (a=0.05) 1
0.35 { = Observed t = 3.66

Rejection regions (a=0.05)
0.35 H = Observed t = 0.97

Density
o
]
=3
Density
o
]
S

tvalue t value

Figure 3. t-distribution with critical (+ 1.97) and observed values (df=322)

4.1.2 Data visualization

Figure 4 displays paired scatterplots comparing Google Translate and Facebook’s m2m-100 back-translation outputs
across four quantitative metrics which are semantic similarity, grammar errors, BLEU score, and perplexity. Each point
in the scatterplot represents a single sentence-level pair (n = 667), where the x-axis denotes Google’s value and the y-axis
denotes Facebook’s value. The mean scores reported in Table 2 (Google = 0.7258 and Facebook = 0.6731 for semantic
similarity) were computed as the arithmetic mean of all sentence-level paired observations within each metric. Formally,
for metric M and model j, the mean is defined as

M, =

M, 2)

S|

n
i=1
where M;; is the score of sentences i produced by model j (Google or Facebook). This aggregation was performed

automatically within the analysis script, which calculated both mean and median values for each metric using the
numpy .nanmean () and numpy . nanmedian () functions.

The comparative analysis across the four-evaluation metrics further reinforces the superiority of Google Translate
over Facebook’s M2M100 model in maintaining text quality during back-translation. For semantic similarity, Google
achieved a higher mean score (0.7258) compared to Facebook (0.6731), indicating stronger preservation of the original
meaning. As illustrated in the scatterplot, the distribution of sentence-level scores is generally balanced around the parity
line, yet Google exhibits a consistent advantage, particularly within the mid-to-high similarity range (0.4-0.7). Regarding
grammar errors, where lower values denote better performance, Google again outperformed Facebook, recording a lower
mean error count (5.8421 vs. 6.7895). The corresponding scatterplot demonstrates that Google consistently produced
grammatically cleaner outputs.

In terms of the BLEU score, Google attained a slightly higher mean (0.2419) relative to Facebook (0.2112), suggesting
modest improvements in lexical alignment. Finally, the analysis of perplexity, which measures sentence-level fluency
(lower values indicating greater fluency), revealed that Google’s translations were substantially more fluent, with a mean
perplexity of 732.24 compared to Facebook’s 1582.80. Collectively, these findings demonstrate Google’s more consistent
performance across semantic fidelity, grammatical accuracy, lexical alignment, and textual fluency dimensions.
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Figure 4. Paired scatterplots comparing Google and Facebook back-translation outputs across four metrics: (a)
Semantic Similarity, (b) Grammar Errors, (¢) BLEU, and (d) Perplexity. Points below the diagonal indicate Google
superiority; points above indicate Facebook superiority

5. Result Summary

The combined evidence from statistical testing and data visualization provides a more comprehensive understanding
of the comparative performance of Google Translate and Facebook’s m2m-100 model. While both methods of analysis
point in the same general direction, their emphasis differs and interpreting them together gives a clearer picture of model
efficacy. From the empirical results, paired #-tests and Wilcoxon signed-rank tests showed that Google achieved
significantly better outcomes in semantic similarity, grammar errors, and BLEU scores. These findings suggest that
Google more consistently preserved meaning, produced fewer grammatical errors, and achieved closer lexical overlap
with the source sentences. Although the effect sizes were small to moderate, the consistency across multiple metrics
strengthens the conclusion that Google provides a measurable advantage. For perplexity, however, the statistical tests did
not detect a significant difference, indicating that the fluency of generated outputs remains broadly comparable between
the two systems.

The data visualizations complement these results by showing the distributional characteristics that underlie the
statistical outcomes. Scatterplots revealed that, although Google generally performed better, Facebook remained
competitive in certain instances, particularly in semantic similarity where many points clustered close to the parity line.
For BLEU, the visual impression of near parity reflects the relatively small numerical advantage observed in the tests,
which is expected given the short and noisy nature of user reviews. For perplexity, the mean values suggested a large
advantage for Google, but the scatterplots revealed high variability and several outliers. These atypical cases inflated
Facebook’s average, making the overall difference less reliable as an indicator of fluency. By considering both statistical
testing and visualization, we can summarize Google consistently improves semantic preservation, grammatical
correctness, and lexical alignment, while both models perform similarly in terms of fluency. Importantly, the dual use of
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statistical testing and visualization not only establishes quantitative significance but also highlights areas where
performance overlaps or where conclusions should be drawn cautiously. This balance ensures that the findings are both
statistically robust and contextually transparent, allowing for a more reliable assessment of back-translation quality.

5.0 CONCLUSIONS

Back-translation is a viable approach for normalizing noisy mobile user reviews. Google Translate consistently
outperformed the Facebook m2m-100 model in maintaining semantic fidelity, reducing grammatical errors, and
producing more fluent text. Beyond its conventional use in data augmentation, back-translation also acts as a
normalization mechanism that enhances the textual clarity of informal user reviews. By translating content to a pivot
language and back, BT introduces paraphrased constructs that suppress noise, align colloquial expressions to formal
equivalents, and reduce grammatical inconsistencies.

Therefore, while our findings confirm that BT improves the textual clarity of informal user reviews, it is important to
acknowledge the limitations of the present study. The experiments were conducted exclusively on back-translated user
reviews and did not directly evaluate end-to-end performance within requirements engineering pipelines. As such, the
benefits of BT for tasks such as requirement elicitation, traceability, or ambiguity detection remain hypothetical until
empirically validated in real RE environments and should be regarded as potential rather than proven. For the futures
direction, there is a need for larger datasets to strengthen generalizability, and further work may explore hybrid systems
that ensemble Google and Facebook outputs. For instance, ensemble pipelines combining Google Translate's fluency with
m2m-100's lexical fidelity may produce more balanced outputs.
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