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Abstract

English is the international standard of social research, but scholars are
increasingly conscious of their responsibility to meet the need for scholarly
insight into communication processes globally. This tension is as true in
computational methods as in any other area, with revolutionary advances in
the tools for English language texts leaving most other languages far behind.
In this paper, we aim to leverage those very advances to demonstrate that
multi-language analysis is currently accessible to all computational scholars.
We show that English-trained measures computed after translation to
English have adequate-to-excellent accuracy compared to source-language
measures computed on original texts. We show this for three major
analytics—sentiment analysis, topic analysis, and word embeddings—over
16 languages, including Spanish, Chinese, Hindi, and Arabic. We validate
this claim by comparing predictions on original language tweets and their
back-translations: double translations from their source language to English
and back to the source language. Our results suggest that Google Translate,
a simple and widely accessible tool, effectively preserves semantic content
across languages and methods. Modern machine translation can thus help
computational scholars make more inclusive and general claims about
human communication.
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EVALUATING MACHINE TRANSLATION SOLUTIONS

Introduction

Humans communicate in thousands of languages, yet a single language,
English, attracts the bulk of Communication research. This not only has the
effect of depriving other languages of adequate attention but also deprives
English-focused scholars of any sense of where the language stands rela-
tive to others. The general use of English-trained tools for English-focused
analyses in the social science community is particularly notable given the
ubiquity of multi-lingual data and the power of modern computational nat-
ural language processing. For example, social media researchers on Twitter
typically begin with raw data that is highly multilingual before filtering out
all tweets except for English or some other single language. With such prac-
tices, scholars miss a tremendous opportunity to test the generalizability
of social media-observed big data claims. However, bringing standard text
analysis tools to the level of training and refinement that English-trained
tools receive is a forbidding prospect that few multi-lingual scholars have
the training, resources, and language background to pursue. Building upon
a recent special issue in this journal on the subject of computational ap-
proaches to multilingual text analysis (Mariken A.C.G Van Der Velden &
Baden, 2023), we propose a simple alternative approach that makes texts
from over 100 languages accessible to the complete variety of analyses that
are typically available to only English-focused scholars. Specifically, we
demonstrate that modern machine translation has reached the level of re-
finement necessary to preserve sentiment, topics, and semantic distance,
making multi-language datasets legible to state-of-the-art English-trained
tools. More importantly, we provide a method that social scientists can use,
without expert manual translations, to validate multilingual analyses based
upon large-scale machine translations to English. By providing validation
of state-of-the-art machine translation, along with easily adaptable demon-
stration code, we aim to broaden the horizon of computational research and
support Communication scholars in increasing the relevance and generality
of their work.

Google Translate is the most popular, accurate, and accessible multi-
lingual neural machine translation service and it has already proven its
potential for multilingual social science (De Vries et al., 2018; Hampshire
& Salvia, 2010; Lotz & Van Rensburg, 2014). As of the time of this work,
Google Translate uses Transformer (Vaswani et al., 2017) based architectures
(Conneau et al., 2019; Xue et al., 2020) for generating translations for over
133 languages (Caswell, 2022). In this paper, we demonstrate the efficacy
of Google Translate in retaining sentiment valence across translations of
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large hand-coded and machine-coded Twitter datasets composed of tweets
in 16 global non-English languages from four language families, being of
Indo-European, Uralic, Semitic, and Sinitic origin. With our findings that
Google Translate preserves semantics across three common text analysis
tasks, scholars may be emboldened to utilize Google Translate and other
multilingual neural machine translation services to expand the generaliz-
ability of their research. Importantly, they can do so with a sense of the
accuracy and inaccuracy of their method, leveraging a simple universal
approach for validating transitions. As we show, work with non-English
languages can benefit from advanced English-trained natural language pro-
cessing tools, and computational findings usually restricted to the English
language can be expanded to broaden scholars’ knowledge of global social
phenomena.

Academics use Twitter datasets for a wide range of scholarship, including
sentiment analysis (e.g., Gautam & Yadav, 2014), algorithmic training (e.g.,
Braithwaite et al., 2016), and even COVID-19 detection (e.g., Gharavi et al.,
2020). English-language corpora have been used to predict election results
(Nausheen & Begum, 2018), analyze consumer preferences (Ahmed & Danti,
2016), and explore pro- and anti-childhood vaccine communities’ influence
on Twitter (Featherstone et al., 2020).

As valuable as this work is, it can only be more valuable extended across
languages. Frey et al. (2018) use a corpus of six languages to document
the general ripple effects of emotional influence through others and back
around to the self. Mocanu et al. (2013) use data on 78 languages to char-
acterize inter-linguistic diversity and intra-linguistic drift across munici-
palities and regions. Alshaabi et al. (2021) compare the dynamics of social
influence on Twitter over 150 languages. In other disciplines, large-scale
multi-language comparisons have identified universal patterns in the cross-
language naming of colors (Lindsey & Brown, 2009), as well as a universal
preference for shortening of dependency length in human sentence produc-
tion (Futrell et al., 2015).

This work is coming at a time of upheaval in natural language process-
ing and computational methods in general. Large language models have
transformed the questions that can be posed and the quality with which we
answer them while also providing unprecedented accessibility. However,
these changes are motivating work on the frontiers of computational com-
munication science to properly characterize their strengths and weaknesses
and understand how they should be integrated into quantitative method-
ology. Because this work aims to make multi-lingual approaches available
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to the largest possible audience, we focus this inquiry on those methods
that are familiar, accessible, time-tested, first-principle, and compute ef-
ficient. We look eagerly to a consensus on the proper integration of LLMs
into computational communication science methodology, so that they can
reliably serve as broad an audience as the simpler but more established
tools we investigate here. Until then, given the risks and limitations of LLMs,
including them does not serve the audience of this study with immediately
proven, trusted, understood, and widely available methods. The objective
of our work is not to demonstrate or achieve new thresholds of translation
for translation-based tasks but to validate the usability of translation at suf-
ficient accuracy across a wide range of functions. Despite the proliferation
of state-of-the-art tools, authors such as van der Veen make a compelling
case for the enduring place of “cheap-but-good” techniques (Van Der Veen,
2023). While more sophisticated methods are expected to deliver superior
performance depending on use cases, simple baseline methods allow us to
report practical insights and benchmarks relatable to researchers and social
scientists at large.

Our research demonstrates the effectiveness of Google Translate in main-
taining sentiments, topic clusters, and semantic distance for tweets in all
languages we examine. We validate the approach using “back-translation,”
a classic validation method for translation in social science (Brislin, 1970;
Ervin & Bower, 1952) and computer science (Dostert, 1963) in which scholars
compare an original text to a version of that text that has been translated
from its original language to another language (in our case English) and
then back again to the original (Figure 1). This makes it possible to directly
compare the accuracy of English-trained tools on English translations to
original-language-trained tools on original-language texts while controlling
for semantic drift introduced by the translation process itself. A significant
problem with computational approaches to large datasets is the problem of
garbage-in-garbage-out, that long analysis pipelines with technical steps
are error-prone. This can be addressed with a commitment to validation
at every stage of an analysis. With our validation of Google Translate, we
develop our argument for back-translation and the importance of includ-
ing it or some other quantitative validation in multilingual pipelines. With
some exceptions (e.g. Maier et al. (2022)), this method remains obscure to
computational text scholars.

Back-translation continues to be a popular validation method in com-
puter science's machine translation literature because it provides researchers
access to an autoencoder approach to model training and development (Heo
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Figure 1: We compare analytics computed on texts in their original languages to translated
English language analytics and texts translated back to the original language. Differences
between the original and translated texts are typically difficult to attribute to semantic differ-
ences between the languages and “semantic” imposed by poor translation. Comparing original
and back-translated texts enables us to control for the effect of drift and focus on semantics.

& Choi, 2023; Zhang et al., 2022). It is particularly useful in the absence of
large professionally translated “ground truth” corpora, a common scenario
for low-resource languages and domain-specific corpora. Back-translation
has been used creatively for style transfer (Prabhumoye et al., 2018), as a
data augmentation technique, and to automatically generate instances of
a kind of text (in this case offensive comments) from a small corpus of ex-
amples (Dai et al., 2022; Ganganwar & Rajalakshmi, 2022), while iterative
back-translation has been used as a noise reduction technique in machine
translation research (Hoang et al., 2018; NLLB Team et al., 2022).

Despite its early role and enduring popularity in computer scientific
translation research, it continues to be rare in computational social science.
For example, it goes entirely unmentioned in a recent review of multilingual
text analysis methods (Reber, 2019). And in CCR's own Special Issue on
Multilingual Text Analysis (Mariken A.C.G Van Der Velden & Baden, 2023).
For example, an overview by Licht and Lind emphasizes several potential
problems with machine translation approaches to multilingual text analysis,
as well as many potential solutions (Licht & Lind, 2023). The problems
they name include the forbidding programming skills required to leverage
machine translation packages, the cost of commercial solutions, and the
complexity of preprocessing. They also name two more technical problems.
Oneistheissue that “input alignment does not guarantee output alignment”:
that two texts in different languages that may or may not mean the same
thing, when translated into the same language, may not or may appear as
meaning the same thing. Another challenge is the evaluation of context
sensitivity for the case of domain-specific corpora: that specialist documents
translated through general tools may lose their specialist meaning. For
solutions they emphasize manual inspection, leverage of domain knowledge,
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or quantitative comparison based on documents that are known a priori to
be identical or at least comparable. However, this discussion omits back-
translation which, when implemented on a commercial platform such as
Google Translate, offers scalable solutions and strategies for all but one of
these problems (cost), and is preferable to all other proposed solutions.

The approach we offer overcomes the programming challenge because
we publish minimal working code for implementing our method. Because
Google Translate is designed to leverage naturalistic inputs, it requires al-
most no preprocessing. And back-translation offers solutions to output
alignment and context sensitivity by offering direct same-language com-
parisons of a text to itself after potentially disaligning or context-mangling
acts of translation. It improves on other validation methods by being quan-
titative, automatic, scalable, and well-controlled, in the sense that it can be
performed early in a multilingual data analysis pipeline, unlike other quan-
titative validation approaches, which tend to work by comparing outputs
from a further downstream multi-step analysis pipeline. Recent influential
multilingual projects in social science have relied on special “bitext” datasets
in which a single artifact has already been professionally transcribed into
several languages (Proksch et al., 2019) or manual inspection of comparable
outputs for validation of their multilingual translation (Lucas et al., 2015).
However, given the relative paucity of datasets uniquely suited for multilin-
gual analysis, there is an acute need for a simple, general, proven approach
such as back-translation.

We first test the preservation of sentiments using two large public multi-
lingual Twitter datasets, one with hand-coded sentiments (Mozeti¢ et al.,
2016) and another with machine-coded sentiments (Imran et al., 2022). The
second portion of our research applies the same two datasets to show that
Google Translate preserves topic clusters after back-translation, demon-
strating a similar level of semantic conservation for this second common
text analysis task. In the third and final portion of our present study, we
demonstrate the effectiveness of out-of-the-box machine translation on a
third common text analysis approach: neural word embeddings. After back-
translation, 10 of the 16 languages examined performed better than chance
in maintaining a minimal embedding distance. Our findings provide strong
support for the use of modern machine translation to expand academic
attention to the languages spoken by most humans.
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Methods

Datasets

We utilized two large, multilingual Twitter datasets. First, we examine the
Mozeti¢ et al. (2016) dataset, which contains over 1.6 million general Twitter
posts hand-labeled as containing “positive”, “negative”, or “neutral” labels
for 15 European languages: Albanian, Bosnian, Bulgarian, Croatian, English,
German, Hungarian, Polish, Portuguese, Russian, Serbian, Slovak, Slove-
nian, Spanish, and Swedish. To expand the scope of our research beyond
European languages, we added tweets from the Imran et al. (2022) COVID-
19 dataset, a larger (70 million tweet) corpus including tweets in Chinese,
Hindji, and Arabic. While these two datasets are comparable (both include
sentiment labels), they differ in subject and date, as well as in how they
determine sentiment scores. Those in Mozetic et al. (2016) were applied by
human language-domain experts, while tweets from the Imran et al. (2022)
dataset were determined by algorithms (all trained within-language).

Data cleaning and preprocessing

Before translation and subsequent analysis, we preprocessed all Twitter
data to remove Twitter handles, Twitter retweet formatting, URLs, numbers,
and empty tweets and converted all content to lowercase. We dropped Ser-
bian from our analysis halfway through the study after discovering that the
Mozeti€ et al. (2016) dataset contains Cyrillic Serbian, but Google Translate
only supports Latin-character Serbian. We obviously excluded all English-
language tweets from validation by back-translation through English.

To reduce our dataset to a more manageable—and affordable—size (the
Google Translate API is paid), we randomly sampled 20,000 tweets from each
of the 13 applicable European languages from Mozeti¢ et al. (2016) dataset,
and 9,000 tweets from Chinese, Hindi, and Arabic from the Imran et al. (2022)
dataset, for a total of 16 languages.

Translation process

Utilizing the Google Translate API, we translate all tweets from their “original
language” datasets into English, saving the results as our “English trans-
lated” dataset. We then translate all the English translated tweets back to
their original language, saving it as our “backtranslated” dataset (Figure 1).
Our results are based only partly on three-way comparisons between these
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datasets. Where there is no meaningful correspondence between English-
and original-language analyses, we use only two-way comparisons between
the original and back-translated datasets.

To enable each of the following tasks, we used the open-source software
Polyglot's language-specific tokenization feature, based on the Unicode Text
Segmentation algorithm (Al-Rfou et al., 2015).

With this manuscript we share the scripts and instructions, to enable re-
searchers to easily extend their single-language corpus research to multiple
languages. The code is available at https://osf.io/jx476/.

Sentiment analysis

We conduct our sentiment analysis task with Polyglot's polarity lexicons
(Chen & Skiena, 2014). Polyglot allows the generation of sentiment labels
in more than 100 languages, with “-1” indicating negative sentiment, “0”
indicating neutral sentiment, and “1” indicating positive sentiment for each
word in each original-language tweet. Based on the difference between
the number of positive sentiment words and negative sentiment words,
we generate an overall polarity for each tweet. Polyglot's lexicon-based
sentiment analysis relies on a valence dictionary of positive and negative
words, computing the sentiment of a text as the simple sum of the valences of
its words, normalized back down to the [-1, 1] interval. Our pipeline excluded
neutrally labeled tweets: as a result of Polyglot's lexicon-based sentiments,
short texts like Twitter posts are overwhelmingly labeled as neutral, which
makes it difficult to distinguish the performance of sentiment analyses
across translations.

We computed confidence intervals around the accuracy of each lan-
guage's sentiments with bootstrapping, taking 1000 iterates with a sample
size equal to the original datasets. The final sentiment accuracies are the
medians of the bootstrapped accuracies.

Topic clustering

While sentiment analysis is a common natural language tool for behavioral
analysis, it is a categorical approach that only supports a limited conceptu-
alization of opinion and preferences. Meanwhile, topic analysis is another
popular approach with the potential to support even more inclusive abstrac-
tion of insights from text. We expand our investigation of Google Translate's
ability to preserve the content of translated text through topic analysis.

8 VOL. 1, NO. 5, 2025


https://osf.io/jx476/

COMPUTATIONAL COMMUNICATION RESEARCH

The scope of translation for corpus-based analytics can be assessed
through the consistency of text topics across English translations. Pertur-
bations introduced cumulatively over rounds of translation may influence
how the text gets interpreted and categorized by clustering/topic modeling
methods. Assignment under the original topic, or reassignment to a dis-
parate topic is determined by the extent of change induced in context and
themes with respect to the original text.

We model our topic clustering approach after Yin and Wang (2014) who
present the open-source software GSDMM (“Gibbs Sampling algorithm of
the Dirichlet Multinomial Mixture). Our choice of method was motivated
by several considerations. While LDA, another popular topic modeling ap-
proach, produces probability distributions of themes for any text, GSDMM
is based on a robust statistical clustering algorithm that can deduce the
best topic label for concise texts typical of social media environments e.g.,
Twitter (Yin & Wang, 2014).

Common computational tools are typically built to support only the
English language, from stopwords to supported character sets. We follow the
data cleaning steps from Yin and Wang (2014) by removing both emojis and
stopwords. We excluded Albanian and Bosnian due to their incompatibility
with our data-cleaning dependencies.

Our cluster analysis process was as follows. For each language, we used
a total of five iterations of the clustering algorithm. We then classified the
back-translated tweets into the clusters generated on the original language
tweets using the topic model trained on the original text data. To estimate the
success of machine translation at thematic preservation under topic analysis,
we evaluate the semantic closeness between the topics of the original text
and the back-translated text. We use the BERTopic (Grootendorst, 2022)
library to calculate the drift between the topics assigned to a text by GSDMM,
before and after back-translation. It generates TF-IDF-based word vector
representations for the topic clusters based on the texts they comprise.
Robust to stopwords, the vectors generated through this approach weigh
words based on their importance within the topic and distinctiveness with
respect to other topics. It should be noted that while BERTopic is itself
also a popular topic modeling library, it is currently only being used for
representing and comparing topic clusters (obtained through GSDMM)
through its topic model heatmap feature.

The higher cosine dot product between the vectors corresponds to greater
similarity, with values closer to 1 indicating near-identical topics. Note this
is a non-linear measure and should be interpreted as a proportion of simi-
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larity (like the Pearson correlation). Given limited support for Chinese in
BERTopic's default tokenizer, we additionally use the Jieba library to process
Chinese texts before TF-IDE

Like many clustering algorithms, GSDMM requires researchers to im-
pose a desired number of clusters rather than identifying the number of
clusters through the same emergent process as cluster assignments. But the
ability of back-translation to preserve topic clusters depends on the number
of clusters. Therefore, we observe the effectiveness of topic preservation
across a range of clusterings by training models on each original language
dataset for 2, 5, 10, 15, 20, 50, 100, 150, and 200 clusters.

Unlike our evaluation of sentiment analysis, topical comparison is only
applicable across the original language and its back-translation: it is not able
to compare either to English. While the framework of sentiment analysis
assumes the universally accepted perception of “positive” and “negative”
sentiments independent of languages and datasets, topics can be more
dynamic as they reflect themes composed of words in a specific text. Within
a corpus from a particular language, a set of themes can hold across the
original language and back-translated tweets, given their shared lexicons
and latent semantics. But lexicons in English and each original language
are mostly non-overlapping, and there is ultimately no basis to map English
translations to original-language-derived topics.

Word embeddings

Polyglot (Al-Rfou et al., 2015) also supports semantic word embeddings
across its languages. We determine semantic preservation under word em-
beddings by calculating sentence embeddings of the original and back-
translated tweets (as the sum of the embeddings of their words) and cal-
culating their cosine distance. Under this formalism, a distance of zero
indicates perfect preservation of semantics after translation.

To measure how well machine translation preserves semantics under
word embeddings, we compared the embedding distances after back-trans-
lation to two baseline distances. For each tweet in a 5,000-tweet sample
of each language, we computed its average distance and minimum (non-
zero) distance from the other 4,999 tweets. The average values from the
5,000 tweets became the average baseline and the minimum baseline. If
the average distance between the original and back-translated tweets is
lower than either of the baseline distances, it suggests meaning is preserved
despite the semantic drift imposed by the machine translation process. The
minimum baseline is the more rigorous of the two.
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Results

Our primary finding is that Google Translate is faithful enough to preserve
the semantics of multilingual texts under three common text analysis tasks:
sentiment analysis, topic analysis, and word embeddings.

Application 1: Preservation of sentiment

We find that the overall accuracy of sentiment scores decreases less than
2% after back-translation, from a median 65.36% accuracy (with a very tight
99% high-confidence interval (HCI) of [65.35, 65.38]) to 64.03% [64.02, 64.05].
While small, this decline was statistically significant, as measured by the
separation of the 99% HCI bars. We display this result in Figure 2, below.
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Figure 2: Sentiment analysis overall retains accuracy after back-translation by machine
methods. Median sentiment detection accuracy increases 4.78% from original language to
English translated language datasets, and falls 1.33% from original language datasets to back-
translated language datasets. Note that 99% error bars are too narrow to be displayed.

We did have one surprise from this process. We expected that the accu-
racy of English-trained sentiment on the English-translated tweets would
be between or below the accuracy of the original or back-translated tweets,
whose “ground truth” sentiments were computed with models trained specif-
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ically for those languages. Instead, sentiment accuracy increases by 4.78%
following the original languages’ translations into English (original language
median accuracy: 65.36%, HCI [65.35, 65.38]; English translated median ac-
curacy: 70.14%, HCI [70.12, 70.15]). Sentiment labels extracted from English
translations are more accurate than sentiment labels of original language
tweets, despite the process of translation in between (Figure 2). We speculate
on this result in the Discussion section.

Looking specifically at how different languages performed, we found the
expected decrease in accuracy rates between the original language datasets
and the back-translated datasets for Albanian, Arabic, Bulgarian, Chinese,
Slovenian, and Spanish (Figure 3). Unexpectedly, the remaining language
datasets belonging to the languages of Bosnian, Croatian, German, Hindi,
Hungarian, Polish, Portuguese, Russian, Slovak, and Swedish experienced
an increase in sentiment accuracy from the original language to the back-
translated form. Although languages, on average, showed higher accuracy
in English translation, the original language datasets of Russian, Slovenian,
and Swedish show a drop in sentiment accuracy when translated to En-
glish (while the remaining others, Albanian, Arabic, Bosnian, Bulgarian,
Chinese, Croatian, German, Hindi, Hungarian, Polish, Portuguese, Slovak,
and Spanish all improve).

o
©

0.701

Accuracy
© o o o o o
N w S w o ~

°
R

English Translated Original Language Backtranslated

Pipeline

Figure 3: Comparison of sentiment labeling accuracy across languages, before, during,
and after back-translation. Seventeen language sentiment detection accuracy from original
language > English translated > back-translated datasets. Note that 99% error bars are too
narrow to be displayed.
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Application 2: Preservation of lexical topic assignments

We compare topic assignments after back-translation in order to assess
Google Translate's quality at preserving lexical topics (Fig. 4). We plot the
pairwise similarities between original and back-translated topics for the 14
languages. To increase the interpretability of topic modeling across back-
translation, we provide a baseline reference. For a given number of topic
clusters, the baseline depicts the mean similarity between a text's original
topic and the next closest topic, across all languages. This represents a rea-
sonable threshold on thematic shift for the likely event where perturbations
introduced from back-translation only generally result in the reassignment
of every text to the next best topic (with reference to the original).

Our assessments find evidence that Google Translate reasonably pre-
serves thematic representations, outperforming the baseline for all lan-
guages in the study. In both tests, we consistently see the worst performance
for Chinese, the only Sinitic example in our dataset, even with pre-processing
and specialized utilities to ensure comparable modeling and validation
across languages. Some observations about Chinese are that its script is
logographic rather than alphabetic, source messages had more “pollution”
from English words than other languages, and, while messages from all
languages came back shorter after back-translation (by 20-25%), Chinese
messages were much shorter after back-translation (closer to 40%). We
further confirmed that all languages outperform their respective baselines,
i.e, for every language, the inter-topic similarity from back-translation was
still greater than that between the original topic and its closest neighbor.

Topic modeling can be sensitive to the choice of N. Fewer topics lead to
larger umbrella clusters, each composed of several related themes. Minor
perturbations from translations and resulting changes in texts’ word content
(i.e., removal/addition/replacement of words between rounds of translation)
generally keep it within the topic as long as central themes and words are
mostly intact. However, a high number of clusters results in more granular,
mutually distinct topics, as depicted by the baseline's sharp gradient, where
for a given N, the baseline represents mean distances between pairwise
closest topics. Considerable changes from back-translation can sometimes
result in the text no longer associating with the original topic. This is more
pronounced for higher values of N, as even minor text variations can cause
a text to no longer be associated with a closely fitted topic. Table 2 provides
illustrative examples of how a higher N and the extent of variations from
back-translation can impact topical consistency. Consequently, the average
similarity between original and back-translated topics slightly decreases as
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their cosine similarity drops steadily from 0.98 (n = 2) to 0.81 (n = 50), after
which it remains pretty stable, reaching 0.80 at = 200 (Figure 4).
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Figure 4: Similarity between topics of original and back-translated texts increases with
the number of topics/granularity but remains stable subsequently. For a given number
of topic clusters, the baseline depicts the mean similarity between a text's original topic and
its closest other topic, across all languages. Performances decline steadily up to n = 50, after
which they remain fairly stable, and all languages perform well above the baseline

Application 3: Preservation of semantics in embedding space

In the final application of this work, we examine the multilingual preser-
vation of semantic vectors in high-dimensional neural embeddings after
machine translation and back-translation.

On average, original language tweets are significantly closer to their back-
translations than to other original language tweets in the same collection
(Figure 5). Across languages, the average distances of original language
tweets from each other are 0.207-0.496 units, their minimum distances from
each other are 0.028-0.132, and their distances from their back-translations
are 0.041-0.184. Being less than half of the average baseline (except Chinese)
and below or slightly above the minimum baseline, we can conclude that
the semantic change introduced by the translation algorithm is enough
to change the meaning of a back-translated tweet to be mistakable for a
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different closely related tweet, but not the typical more distantly related
tweet.

0.439
0.416 0.407
- 0376

0352 0.347
0328 0318 0315

0.233 0247 0230
0.207 —

Mean Distance
e
W

0.0
Albanian  Arabic Bosnian Bulgarian Chinese Croatian German Hindi Hungarian Polish PortugueseRussian Slovak Slovenian Spanish Swedish
Language

Figure 5: Tweets are closer to their back-translations on average than to other tweets.
Average (black) and minimum (blue) distance between original language and back-translated
sentence embeddings by language. Black lines denote the mean baseline distance and blue
lines denote the minimum baseline distance. All 16 languages have mean distances below
their mean baseline, meaning that they outperform chance. All languages but Albanian, Arabic,
Chinese, German, Hindi, and Portuguese have mean distances below their minimum baseline,
meaning that there is no message in the sample closer to a source message than its own
back-translation. In these six languages, back-translated tweets are further from their source
tweet in meaning than tweets that are very semantically similar to the source. But even tweets
in these languages are still consistently closer to their source than the average tweet.

Of the 16 languages involved in the analysis, 6 languages (Albanian, Ara-
bic, Chinese, German, Hindi, and Portuguese) failed the minimum baseline
test, with back-translated tweets having greater semantic distance from their
originals than the average closest outside tweet. The Albanian, German,
and Portuguese corpora failed by small margins (mean distance of 0.064
compared to minimum baseline distance 0.061 in Albanian; distance 0.110
compared to baseline 0.093 in German; 0.088 against 0.087 in Portuguese).
But in Arabic, Chinese, and Hindi, embeddings of translations were even fur-
ther from their original (distance 0.145 against 0.100 in Arabic; 0.184 against
0.057 in Chinese; 0.041 against 0.028 in Hindi). It should be noted that Arabic,
Chinese, and Hindi were drawn from the Imran et al. (2022) dataset focused
on COVID-19-related tweets, included in our effort to expand this project's
analysis beyond languages of European origin. As baseline measures were
calculated on the distance between random tweets relative to their distance
with all other tweets, and these tweets were semantically more closely re-
lated, these languages’ baseline measures may have been especially narrow
relative to those of the other languages as a result of their shared topic. Al-
though they failed the rigorous minimum distance test, Arabic, Chinese,
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and Hindi passed the mean distance test: they were closer in meaning to
their original than the average tweet (mean baseline distances 0.416, 0.352,
and 0.207, respectively).

Discussion

As the global academic world becomes increasingly interconnected, Com-
munication scholars must meet the challenge of making claims about com-
munication processes more globally relevant. Fortunately, with recent ad-
vances in natural language processing, quantitative Communication re-
search has an opportunity to be multilingual by default. Advances that bring
equal attention to more of the world's languages will not only provide greater
generality of results, but greater attention to the work of Communication
scholars from all parts of the world. Standard approaches to large multilin-
gual corpora will also allow the rapid transfer of groundbreaking knowledge
to and from the international Communication community.

Of course, these advances have downsides. When multi-language anal-
yses are conducted by scholars who can’t speak all of those languages, it
becomes harder for them to “gut check” or “sanity check” their results, cultur-
ally contextualize those results, and interpret whatever valid cross-linguistic
differences that do appear. By encouraging researchers to conduct multilin-
gual studies by default, we are almost necessarily advocating for a circum-
stance in which scholars are making conclusions about languages that they
do not know. Although this approach has some acceptance in other fields,
such as large-scale comparative linguistics, it would be understandable to
see it as controversial. As novel as this problem may be, the way forward
may not be novel at all. Quantitative and qualitative methods have a funda-
mental complementarity, with the former bringing generality as the latter
brings depth and sensitivity to context. By supporting the summary quanti-
tative claims of non-speakers with citations to other work by native speakers
and other domain experts, scholars may be able to justify not knowing the
languages they are engaging with. This complementary approach will be
particularly valuable for understanding outliers. In the case of our research,
results sometimes varied widely between languages. Having ruled out ex-
planations that go to the phylogeny, character set, and geography of these
languages, domain experts become the best candidates for understanding
how and why specific languages deviate from their peers. This illustrates the
importance of framing our contribution as a complement to expert-based
multi-language Communication research, rather than a substitute.

One surprising result from this work was that the accuracy of senti-
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ment detection after translation into English, and in some cases after back-
translation, was higher than in the original texts. This echoes the identical
finding by Araujo et al. (2016), who also evaluate the effectiveness of machine
translation to English for sentiment analysis, for nine languages (Araujo
et al., 2016). This finding is easier to understand with an appreciation of
how sentiment analysis works in libraries like Polyglot. Polyglot uses the
“dictionary” method, in which hundreds to thousands of high-frequency
words are given sentiment scores, and the score of a statement is calculated
from the sum of scores of the subset of words in the detector's sentiment
dictionary. If the dictionary is large, or the text is long, then its assigned
sentiment score will be based on many signals. Consequently, this method
is less suitable for rarer languages and shorter texts (like tweets), which are
less likely to contain scored words. It is also more suitable for texts with
more common words since uncommon words are less likely to appear in a
language's sentiment dictionary:.

Why would translation to English, or back-translation from English, im-
prove task performance? Polyglot's English sentiment lexicon is longer than
those of other languages in this analysis, which may hold for dictionary-
based sentiment detection lexicons in general. And subsequent back-trans-
lation may improve detection performance if it results in uncommon un-
scored words from the source text being back-translated into more common
words that are scored. This result underscores the need to validate Google
Translate for each natural language task that it is being used to support.

In this work, we validated the performance of Google Translate by lever-
aging several source-language tools: sentiment lexicons, word embeddings,
and tokenizers. However, as others make use of machine translation, they
will not have the comfort of source-language tools, and may feel that they are
“flying blind.” Although we succeed in showing that translation introduces
negligible drift, it may still be uncomfortable to apply it to a new dataset,
particularly with text analysis methods beyond the three that we validate
here (such as custom classifiers). To address this concern, researchers can
use not only our conclusions but also the back-translation method itself to
perform partial validations for their case. Most likely, it should be possible
to find “home language” tools for at least a handful of languages in a larger
corpus. If an author can show satisfactory and stable performance across
this subset by comparing original and back-translated texts, they can assure
their audience that the method is probably working for other languages as
well.

Such back-translation can be used to instill confidence in results despite
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the potential influences noted above: the conversion of rare words to com-
mon words in the sentiment task, language contamination, and the lack
of source-language tools. For example, a scholar could perform iterative
back-translations to calculate how many cycles must be introduced for the
statistical significance of their result to degrade below a threshold. If it takes
a large number of back-translations to degrade a result, readers can have
confidence that artifacts introduced by the method are not sufficient to
explain those results. Conversely, if machine translation is artificially ampli-
fying a result, scholars can measure this effect with iterated back-translation
to suggest an appropriate amount of caution.

Another design choice of this work ensures the generality of the method
we introduce. All three applications of this work were performed with tweets.
Tweets are short, making them challenging for text analysis methods like
sentiment and topic analysis. That our method is effective on challenging
text is encouraging for scholars who would extend this method to more
typical (longer) texts.

A limitation of our approach is its accessibility. We have argued that
Google Translate is very accessible, and this is true in that it requires a small
amount of code (that we provide) to translate large quantities of text to
English and back. However, our approach is not as financially accessible.
The Google Translation API costs $20 USD per million characters. In practice,
this translates to roughly $100 USD per 130,000 tweets. Fortunately, free
translation tools of comparable quality are increasingly common and can
also be validated in practice using back-translation.

Conclusion

There is an unmet need to extend Communication scholars’ applications
of text analysis to more languages, particularly in the data-rich context of
social media studies. Translation tools such as Google Translate can be im-
mensely helpful in meeting this need. We have quantified Google Translate's
effectiveness in maintaining sentence meaning in translations to and from
English. In doing so, we have demonstrated the flexibility and simplicity
of back-translation as an all-purpose tool for validating multilingual text
analysis. Across 16 non-English languages, sentiment analysis scores were
shown to improve when translated to English, and only diminish marginally
when translated back to their original languages. Similarly, both topic and
semantic distances are preserved during back-translation. Our findings
demonstrate that machine translation is able to preserve semantic content
and make non-English datasets legible to English-trained computational
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tools. We hope this analysis gives researchers the confidence to use machine
translation to simply and economically increase the number of languages
involved in their research, and thereby the generality of their findings.
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Original Back translated Original Topic by Back-translated Original Topic by Back-translated
representative Topic by representa- representative Topic by representa-
words (N=20) tive words (N=20) words(N=200) tive words(N=200)

TE 7Y gTfehadrt %Y §Y uTfhart Ih, Tehd, BH, Fe Ih, Tehd, §H, FHe 3, $7R, me, aaisa R, FEd, viralvideo,

Hgae! sRE @H Braz! 9 & ez 78t HheTST

= & 78t Aepret Urg, et UTq ERE @M,

Bl AT HIRAT IR Bl T HRET IS

yeahhh ! estd como
para una mirada am
no??

yeahhh!! (Es para
echarme un vistazo,
verdad?

Buenos, dias, que, de

Que, no, me, te

Nunca, disponible,
siempre, problema

Gracias, que, dia, lo

Table 2: Sensitivity to Number of Clusters. For lower N, topic clusters are more general. Minor text variations due to translations do not affect topic modeling.

For higher N, topic clusters are more specific, and depending on how considerable variations are, back-translations may cause topic reassignment. For
conciseness, topics are represented in the table using only the top 4 words from the TF-IDF vectors of the respective topic. The first example shows how higher
N can sometimes see topic reassignment, while the second example shows an instance of major changes from back translation, as a result of which topics are
not preserved across values of N.
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Language Family Region Speakers  Script Word Order  Glottolog
English Indo-European  Global 1.46B Latin SVO stan1293
Albanian Indo-European  Eurasia 7.5M Latin SvO alba1267
Bosnian Indo-European  Eurasia 2.6M SVo bosn1245
Bulgarian Indo-European  Eurasia 10M SvVO bulg1262
Croatian Indo-European  Eurasia 6.4M Yo} croa1245
German Indo-European  Eurasia 180M V2 stan1295
Hungarian Uralian Eurasia 17M SvO hung1274
Polish Indo-European  Eurasia 41M SvO poli1260
Portuguese | Indo-European  Eurasia 260M e port1283
Russian Indo-European  Eurasia 260M Yo} russ1263
Serbian Indo-European  Eurasia 12M SVO serb1264
Slovak Indo-European  Eurasia ™ Latin SvO slov1269
Slovenian Indo-European  Eurasia 2.5M Latin SVo slov1268
Spanish Indo-European  Eurasia 600M Latin o) stan1288
Swedish Indo-European  Eurasia 13M Latin SvO swed1254
Arabic Afro-Asiatic Afroasia  510M Arabic SVo arab1395
Chinese Sino-Tibetan Asia 1.12B ._._.\mQ_H._m.Sm_\ SVO mand1415
Simplified
Hindi Indo-European  Asia 610M Devanagari SOV hind1269

Table 1: Languages in this study, with descriptives
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