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Abstract

We study gender-associated stylistic variation
in Brazilian Portuguese Google Play reviews.
Using IBGE name frequencies, we infer bi-
nary gender from first names in 76.7M reviews
(96 apps, 20112025), obtaining 22.25M high-
confidence labels. Women-associated reviews
show markedly higher paralinguistic expressiv-
ity (about 60% higher emoji density and more
lengthening/punctuation), while lexical diver-
sity (MTLD) is nearly identical across groups.
Ratings are mostly positive, with men contribut-
ing relatively more 1-star reviews and women
more 5-star reviews. These findings contribute
to a deeper understanding of digital sociolin-
guistic behavior within the Brazilian context.
We discuss limitations of name-based gender
inference and future demographic extensions.

1 Introduction

The Google Play Store serves as a central plat-
form where millions of users express their opinions
and experiences through reviews of apps. These
comments are a valuable source of feedback for de-
velopers, providing signals about bugs, feature re-
quests, and the perceived user experience (Pagano
and Maalej, 2013). However, the way feedback is
communicated is not uniform and may vary accord-
ing to sociodemographic factors.

Previous work in the international litera-
ture (Noei et al., 2018) suggests that gender is
associated with participation and writing behav-
ior in app stores, revealing differences in sentiment,
posting frequency and topics of interest. However,
most studies focus on English-language corpora
and there remains a scarcity of large-scale analyzes
targeted at Brazilian Portuguese. Given the lexical
richness and particularities of computer-mediated
communication in Brazilian digital culture (Vieira
et al., 2022), investigating how men and women
use written language to evaluate apps is important

RQI1:

RQ2:

RQ3:

for a more refined understanding of local user be-
havior (Guedes et al., 2016; Noei and Lyons, 2022).

This paper presents a large-scale study of gender
differences in Brazilian Portuguese Google Play
reviews. We collected and organized a dataset with
76,695,564 reviews from 96 popular apps spanning
2011-2025. Because Google Play does not provide
explicit gender metadata, we implemented a statisti-
cal inference procedure based on users’ first names,
using frequency data from the 2010 Brazilian Cen-
sus (IBGE) as reference. This strategy yields a
representative sample of 22,254,455 reviews with
high-confidence gender labels (male or female) for
subsequent linguistic analyzes.

Our investigation focuses on three complemen-
tary dimensions: (i) stylometric analysis, emphasiz-
ing expressivity markers and text length; (ii) lexical
diversity, measured through the Measure of Textual
Lexical Diversity (MTLD); and (iii) star-rating dis-
tributions. Consequently, we address the following
research questions:

How do writing styles differ between reviews
associated with men and women, particularly
regarding paralinguistic expressivity markers
in Brazilian Portuguese?

To what extent do genders differ in lexical
diversity as measured by MTLD?

Are there systematic differences in the distri-
bution of star ratings (1-5) between reviews
associated with men and women, especially at
the extremes?

The results indicate that while the typical length
of the review is similar between genders, female-
labeled reviews are markedly more expressive, with
a 60% higher emoji density and a higher incidence
of vowel elongation and repeated punctuation. We
also find that reviews with female marks are slightly
more positive overall, concentrating on a higher

238

Proceedings of the 17th International Conference on Computational Processing of Portuguese (PROPOR 2026)
Vol. 2, pages 238-246
April 13-16, 2026 ©2026 Association for Computational Linguistics



proportion of 5-star ratings, whereas reviews with
male marks contain a higher proportion of 1-star
ratings.

We make four main contributions. First, we as-
semble and describe a large-scale Brazilian Por-
tuguese Google Play review dataset with transpar-
ent provenance and language filtering. Second,
we provide a stylometric comparison across more
than 22 million gender-labeled reviews, quantify-
ing differences in paralinguistic expression cues.
Third, we apply MTLD at scale and show that lexi-
cal diversity is virtually equivalent across genders
despite robust differences in expressivity. Fourth,
we characterize gendered differences in star-rating
distributions, emphasizing consistent gaps at the
extremes (1 and 5 stars).

2 Related Work

2.1 Name-based gender inference

Inferring gender from first names is a common strat-
egy in large-scale observational studies, especially
when gender is not available as structured meta-
data. Reference services and datasets typically as-
sociate names with frequency distributions by sex,
enabling probabilistic assignments or threshold-
based labeling. Santamaria and Mihaljevi (San-
tamaria and Mihaljevié, 2018) compare multiple
name—gender inference services and discuss per-
formance, coverage, and biases arising from cul-
tural and linguistic variation as well as thresholding
choices. Complementarily, Mihaljevic et al. (Mihal-
jevié et al., 2019) highlight conceptual and external-
validity limitations of such inference and recom-
mend methodological transparency, uncertainty re-
porting, and caution to avoid undue causal interpre-
tations.

In the Brazilian context, IBGE’s Nomes no
Brasil project provides a name database derived
from the 2010 Demographic Census, includ-
ing occurrence frequencies by gender and geo-
graphic/temporal breakdowns. In its official de-
scription, IBGE reports 130,348 distinct names ob-
served, counted separately for male and female,
and clarifies that only the first name was consid-
ered (IBGE, 2016). The resource also documents
practical details relevant to inference: orthographic
variants are treated as distinct entries (e.g., “Ana”
vs. “Anna”), diacritics are not represented, and the
sex associated with records reflects what was de-
clared at census time (IBGE, 2016). Recent work
in Portuguese NLP has also explored stylometric

traits in tasks such as plagiarism detection and au-
thorship attribution, reinforcing the value of style
metrics (Uka and Berger, 2024).

Unlike studies centered on academic authorship
or scientific participation, this work applies name-
based inference at scale to Brazilian Portuguese
Google Play reviews, propagating the label inferred
from the user’s name to each review. Our design
favors conservative labeling, explicitly preserving
ambiguous and unknown cases; comparative ana-
lyzes focus on the most reliable subsets, aiming to
characterize stylistic differences without implying
causal interpretations.

2.2 Gender in app reviews

Software engineering and repository-mining re-
search have used app-store reviews as signals of
opinion, usability, and perceived quality, some-
times incorporating demographic slices when pos-
sible (Dabrowski et al., 2022). In particular, Noei
and Lyons (Noei and Lyons, 2022) analyze gender
in Google Play reviews using name-based inference
and report differences in participation and rating
patterns. Such studies motivate complementary
investigations in other languages and settings, as
name coverage, nickname practices, and writing
conventions can vary substantially across commu-
nities.

In contrast to analyzes focused on mainte-
nance and engineering aspects, we concentrate on
linguistic—stylometric and expressivity metrics in
Brazilian Portuguese. We preserve uncertainty (am-
biguous/unknown) and restrict comparisons to high-
confidence gender labels to reduce classification
bias and support reproducible interpretations.

3 Methodology

3.1 Data collection

Our dataset was collected from reviews posted on
Google Play on a diverse set of apps. We selected
96 applications (apps) by popularity and restricted
the corpus to Brazilian Portuguese. Language filter-
ing relied on the Google Play metadata field 1ang,
keeping only records tagged as pt-BR.

3.2 Gender inference

To enable gender-aware analyzes, we infer the
probable gender of each review author from the
userName field in the metadata. The procedure
has three steps: (i) extraction and normalization
of the name, (ii) extraction of the first-name, and

239



(iii) labeling into four categories: male, female,
ambiguous, and unknown.

First, all userName values are normalized (e.g.,
trimming redundant spaces and standardizing case)
to reduce superficial variation. We then extract
the first alphabetic token of userName as a proxy
for the first name. This first name is queried
against a public IBGE-derived database! (2010
Demographic Census), which provides occurrence
frequencies by sex, denoted freq_f (female) and
freg_m (male). We rely on the 2010 Census dataset
as it remains the most recent comprehensive public
resource for name frequency distributions in Brazil.
Although a new census was conducted in 2022,
equivalent microdata of name-frequency had not
been released at the time of this study.

Based on these frequencies, we define the proba-
bility of femaleness as follows:

freq_f
freq_f + freq_m’

Pfem =

Similarly, the probability of men is
Pmale = 1 — Pfem- When the first name is
missing from the IBGE database, or when
freq_f + freq_m = 0, pgn cannot be reliably
estimated.

Labeling is conservative and threshold-based.
If ptemm > 0.95, the name is labeled as female;
if prem < 0.05, it is labeled as male. For
0.05 < pgem < 0.95, the name is considered am-
biguous, as it occurs substantially in both sexes. We
assign unknown when gender cannot be inferred re-
liably, particularly for names absent from the IBGE
database (nicknames, idiosyncratic spellings, non-
name strings, or foreign names) or when a valid
userName is not available.

After inference on userName, the label is prop-
agated to each review, enabling gender-stratified
subsets for linguistic analyzes. Name-based infer-
ence is a statistical approximation and does not
represent self-declared gender identity; therefore,
we keep the ambiguous and unknown categories
for transparency and sensitivity analyzes.

3.3 Linguistic analyses

To characterize stylistic differences between gen-
ders, we performed three complementary analyzes.
In the stylometric analysis, we compute text-format
and expressivity metrics, including review length
(number of tokens per review: mean, median, and

"https://brasil.io/dataset/genero-nomes

90th percentile), and paralinguistic expressivity
(emoji density per 100 tokens, proportion of re-
views containing at least one emoji, vowel elonga-
tion defined as repetition of the same letter three or
more times, and repeated punctuation such as “!!!”
or “???7”), and emphasis markers such as uppercase
ratio (excluding sentence-initial capitalization). We
also compute the incidence of politeness markers,
laughter markers, and a small inventory of informal
tokens.

Our stylometric metrics are based on established
work in style analysis and author profile (Kop-
pel et al., 2002; Rangel et al., 2017), as well as
studies focused on Brazilian Portuguese (Dias and
Paraboni, 2020). Table 1 defines and illustrates
the metrics. Politeness markers, laughter markers,
and informal tokens were defined using an ad hoc
lexicon that will be released with the dataset.

Second, lexical diversity is measured with the
Measure of Textual Lexical Diversity (MTLD), us-
ing the threshold 7 = 0.72 for each gender, fol-
lowing the standard value in the literature (Mc-
Carthy and Jarvis, 2010). We compute MTLD by
concatenating all reviews within each group (male
and female), which reduces corpus-size effects in
comparisons and yields a deterministic and repro-
ducible procedure.

Third, we analyze emojis beyond overall den-
sity by examining group-specific usage patterns.
We computed the relative frequency of each emoji
(percentage over the total emojis within a group),
repertory overlap between groups using Jaccard
similarity over the sets of the 50 most frequent
emojis, J(A, B) = }ﬁgg}, and a functional cate-
gorization based on the taxonomy of Barbieri et
al. (Barbieri et al., 2016) (e.g., Affect/Emotion, Ap-
proval/Evaluation, Reaction/Emphasis).

For emojis with marked differences between
groups, the strength of the association is measured
using the odds ratio (OR), defined as the ratio be-
tween the odds of emoji occurrence in the female
group and in the male group. Let a be the number
of occurrences of the emoji in the female group, b
the number of occurrences of other emojis in the
female group, c the number of occurrences of the
emoji in the male group, and d the number of oc-
currences of other emojis in the male group. Then:

a/b ad
OR=—F = —.
c/d  be
We compute 95% confidence intervals for OR
using Woolf’s approximation (Woolf, 1955) in log
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Table 1: Definition and computation of stylometric metrics.

Metric Computation example

Description

Mean tokens

Reviews: “Gostei muito!” (3 tokens)

Total number of tokens divided by

and “Ndo curti o filme.” (4 tokens). | the number of reviews.
Mean=(3+4)/2=3.5.
Median tokens Token counts: 2, 3, 3, 10, 15.| Middle value after sorting by token

Median = 3.

count.

90th percentile tokens

(P90) kens, then P90 = 20.

If 90% of reviews have up to 20 to-

Token-count threshold below which
90% of reviews fall.

Emojis per 100 tokens Review:
(2 emojis, 3 tokens).
2/3 x 100 = 67.

“Amei este app & &7

Total emojis divided by total tokens,

Thus, | multiplied by 100.

Reviews with emoji (%)
views = 30%.

3 reviews with emojis out of 10 re-

Percentage of reviews that contain at
least one emoji.

! per 100 tokens

Number of “!”” per 100 tokens.

? per 100 tokens

Number of “?” per 100 tokens.

Uppercase ratio

5 uppercase letters / 10 letters = 0.5.

Uppercase letters divided by total let-
ters.

Repeated punctuation (%)

Reviews containing “!!!” or “?77”.

Percentage of reviews with repeated
punctuation.

Elongation (%)
teeee”.

Tokens such as “000i”

Percentage of reviews containing
elongated letters.

and “gen-

Politeness markers (%)

“por favor” and “obrigada’.

Percentage of reviews containing
courtesy expressions.

Laughter markers (%) “kkk”, “haha”, “rsrs”.

Percentage of reviews containing
laughter expressions.

Informal tokens (mean) “tbm”, “vc”, “pq”, “blz”.

Average number of informal tokens
per review.

space:

[ 1) _
a b ¢ d

Finally, we compare star-rating distributions
(1-5) between genders using within-group propor-
tions, mean rating per group, and percentage-point
differences, focusing on extremes (1 and 5 stars).
All analyzes in this section are restricted to high-
confidence gender labels (male and female), ex-
cluding ambiguous, unknown, and records without
userName, as described in Section 3.2.

Clgs9, = exp (ln(OR) +1.96 x

4 Results
4.1 Dataset

Our dataset comprises 76,695,564 reviews span-
ning 2011-2025. For gender-aware analyzes, we
apply the inference procedure described in Sec-
tion 3.2, which assigns a gender label to each
userName and propagates it to the corresponding
reviews. This procedure enables us to character-
ize (i) the population of user names (number of
distinct userName values and first-name diversity)

and (ii) the distribution of reviews by gender. We
follow best practices in corpus-construction regard-
ing provenance tracking and typological organiza-
tion (Sturzeneker et al., 2022).

Table 2 summarizes the counts. In this work,
“UserNames” refers to the number of distinct user
names labeled by the procedure, “Unique first
names” is the number of distinct first names in
each category, and “Reviews” is the total number
of reviews associated with each category after label
propagation from userName. There are also re-
views with missing userName, for which inference
does not apply; we report those separately.

All analyzes in this paper consider only the
22,254,455 reviews for which we can assign high-
confidence male or female labels (12,917,778 male
and 9,336,677 female), excluding the ambigu-
ous and unknown groups and records without
userName. Although this subset represents only
part of the overall crawl, more than 22 million
confidently labeled reviews provide a highly repre-
sentative sample for large-scale linguistic analyzes.
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Table 2: Dataset summary and distribution by inferred gender.

Category UserNames UserNames (%) Unique first names  Reviews  Reviews (%)
male 5,015,453 40.30 30,545 12,917,778 16.84
female 3,769,798 30.29 35,718 9,336,677 12.17
ambiguous 1,766,475 14.19 6,001 3,141,146 4.10
unknown 1,894,009 15.22 712,888 36,325,898 47.36

no userName - - - 14,974,064 19.52
Total 12,445,735 100.00 785,152 76,695,564 100.00

4.2 Stylometric analysis

To address RQ1, we report a stylometric analysis
of reviews associated with the male and female
groups. Table 3 summarizes the overall differences
across metrics. Regarding length, female reviews
are slightly longer on average (9.54 vs. 8.89 to-
kens), while the median is identical (4 tokens) and
the 90th percentile is very close (24 vs. 23). This
pattern suggests that the length gap is not driven
by the typical review (short in both groups), but by
a modest and consistent increase in the upper tail,
i.e., among longer reviews.

The clearest contrast emerges in the expressiv-
ity markers. Female-labeled reviews have a higher
emoji density (11.57 vs. 7.17 per 100 tokens) and a
higher proportion of reviews with at least one emoji
(14.52 vs. 8.96%), with relative gaps above 60%.
This aligns with a more expressive style, also vis-
ible in the higher incidence of elongation (5.28%
vs. 3.04%) and repeated punctuation (2.97% vs.
2.34%), which are commonly associated with em-
phasis and pragmatic intensification in computer-
mediated communication. Male-labeled reviews
show a slightly higher uppercase ratio, indicating
a marginal preference for all-caps emphasis. The
rate of question marks per 100 tokens is very simi-
lar across groups, suggesting that question usage is
not a discriminative factor in this dataset.

Although we observe small differences in po-
liteness and laughter markers, these effects are
low in magnitude and should be interpreted cau-
tiously. Overall, our results indicate that the most
robust gender-associated differences concentrate
on paralinguistic and intensification cues (emojis,
elongation, repeated punctuation), while length-
related measures vary only modestly. These find-
ings support the hypothesis that, in Google Play re-
views, stylistic variation by gender manifests more
strongly in expressivity than in content quantity,
motivating finer-grained linguistic analyzes (e.g.,
lexical and syntactic patterns) in future work.

4.3 Emoji usage by gender

Complementing the stylometric analysis in Sec-
tion 4.2 (RQ1), we examine the patterns of usage
of emoji. Figure 1 shows word clouds for the 50
most frequent emojis in each group.

® ; 7 Y o 2
“:v ® Ye L 4 “ P
| (R @ = )
= . i (2 . . 3 gﬂ .
© H %
2@l S eges
® R @ e ® e . .
N P '.O DR 4 A4 g '.0 v
) & V;a ‘j v s @ = :: y
(a) Female (b) Male

Figure 1: Most frequent emoji clouds for female- and
male-labeled reviews. Emoji size is proportional to its
frequency within the corresponding group.

We observe substantial overlap in both groups’
emoji repertoires, dominated by positive-valence
symbols. Nevertheless, quantitative analyzes reveal
systematic differences in relative frequencies and
composition among the most used emojis. Table 4
lists the top five emojis in each group, with their
percentages over the group’s total emoji count.

The overlap between the top-50 emojis (by abso-
lute frequency) was measured using Jaccard simi-
larity, yielding J = 0.82 (approximately 45 emojis
in common). This indicates substantial repertory
overlap. However, usage proportions differ sig-
nificantly. For example, @ is 1.71 times more
frequent in the female group (OR = 1.71; 95%
CI: [1.70-1.72]), while is 1.84 times more
frequent in the male group (OR = 1.84; 95% CI.:
[1.83-1.85]).

For a finer analysis, we classify emojis using
a functional taxonomy adapted from Barbieri et
al. (Barbieri et al., 2016). Among the 20 most
frequent emojis in each group, 68% in the female
group belong to the Affect/Emotion category (e.g.,
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Table 3: Stylometric metrics for reviews labeled as male and female.

Metric Male Female A (F-M) A%
N (reviews) 12.917.717 9.336.646 - -
Mean tokens 8.89 9.54 0.65 7.35
Median tokens 4 4 0 0.00
P90 tokens 23 24 1 4.35
Emojis per 100 tokens 7.17 11.57 440 61.35
Reviews with emoji (%) 8.96 14.52 5.55 61.95
! per 100 tokens 3.52 3.97 045 12.74
? per 100 tokens 0.204 0.195 -0.009  -4.37
Uppercase ratio 0.0220 0.0190  -0.0030 -13.72
Repeated punctuation (%) 2.34 297 0.63  26.90
Elongation (%) 3.04 5.28 223 73.28
Politeness markers (%) 2.07 2.20 0.13 6.45
Laughter markers (%) 0.63 0.67 0.04 6.53
Informal tokens (mean) 0.0977 0.1105 0.0128 13.10

Table 4: Top 5 emojis by gender (percentage over total
emojis within the group).

Male Female
Pos. Emoji % (M) Pos. Emoji % (F)
1 v 7.89 1 ¥ 1276
2 7.85 2 °©» 8.60
3 °©» 5.53 3 4.51
4 4.95 4 4.43
5 @ 2.87 5 & 260

¥ & c‘-;: , %), compared to 40% in the male
group. The male group, in turn, uses proportionally
more Approval/Evaluation emojis (¢, €7, )
and Reaction/Emphasis emojis (&), ==, ). Ta-
ble 5 reports the emojis with the largest percentage-
point differences between groups.

Table 5: Emojis with the largest percentage-point differ-
ences between genders.

Emoji Category % Male % Female A (p.p.)
(™) Affect/Emotion 7.89 12.76 +4.87
o Affect/Emotion 5.53 8.60 +3.07

Approval 7.85 4.43 -3.42

& Affect/Emotion 1.53 2.60 +1.07
#  Affect/Emotion 1.58 2.56 +0.98
(2] Reaction 2.65 1.50 -1.15
® Reaction/Negative 2.67 1.88 -0.79

These findings complement the expressivity pat-
terns in Section 4.2. Differential emoji usage sug-
gests distinct discourse strategies: while female-
labeled reviews rely more on affective engagement
and emotional intensification, male-labeled reviews
tend to emphasize approval, evaluation, or dissatis-

faction. This pattern aligns with the classic work on
gender in computer-mediated communication (Sav-
icki and Kelley, 2000) and reinforces the impor-
tance of paralinguistic resources (emojis, elonga-
tion, repeated punctuation) as part of stylistic vari-
ation.

Importantly, these are large-scale tendencies,
rather than linguistic determinisms. The high reper-
tory overlap (Jaccard = 0.82) indicates that both
groups share a broad set of symbols, varying their
frequency and preference according to the prag-
matic context.

4.4 Lexical diversity (MTLD)

To address RQ2, we evaluated the lexical diversity
using MTLD. MTLD estimates the average seg-
ment length (in tokens) needed for the type—token
ratio (TTR) of successive segments to fall below a
threshold 7; higher values indicate greater lexical
diversity. We compute MTLD with 7 = (.72 for
each gender following standard practice (McCarthy
and Jarvis, 2010), concatenating all tokens in each
group (male and female, according to Section 3.2).
This reduces corpus-size effects in comparisons,
while keeping the procedure deterministic and re-
producible.

Overall, MTLD values are very close across
groups: MTLDj; = 72.98 and MTLDp = 72.13
(A = —0.85, i.e., —1.17% for females relative to
males), despite the large number of tokens ana-
lyzed (115.9M for males and 89.8M for females).
Practically, this suggests that the average lexical
diversity is broadly similar across genders, with
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only a marginal advantage for the male group un-
der this metric. Figure 2 shows the yearly stratifica-
tion (2020-2025), the period that concentrates most
gender-inferred reviews, revealing similar temporal
trajectories and a sharp decline in 2022 for both
groups, followed by partial recovery.

75 —e— male

— female

74
73 \\

MTLD (t = 0.72)

2020 2021 2022 2023 2024 2025
Year

Figure 2: MTLD by year (2020-2025) for male and
female groups (7 = 0.72).

The 2022 dip is consistent with a shift in corpus
composition (e.g., concentration of reviews in spe-
cific apps, topics, or events) and/or increased lexi-
cal conventionalization (more recurring vocabulary
and formulaic evaluation patterns), which reduces
diversity even without changes in typical length.
As an observational slice, interpretation must be
cautious. The dip may reflect factors external to
gender (changes in the set of applications, user pro-
files, or the dynamics of the platform). Together
with stylometric findings, the MTLD results indi-
cate that clearer differences in expressivity markers
(e.g., emojis and elongation) do not necessarily
imply large discrepancies in lexical diversity.

4.5 Star-rating distributions

To address RQ3, we evaluated gender differences in
star-rating distributions. Figure 3 compares the rat-
ing distribution (1-5 stars) between reviews labeled
with male and female. For each group, we keep
only reviews with a valid score in {1,2,3,4,5}
and a high-confidence gender label (Section 3.2).
We then counted the number of reviews at each
star level and normalized by the total number of re-
views in that group, generating percentages within
the group that sum up to 100%. In total, we an-
alyze 12,917,778 reviews in the male group and
9,336,677 in the female group.

Both groups are strongly concentrated on posi-
tive ratings, with a predominance of 5 stars (72.07%
for males and 74.21% for females). Still, the differ-
ences are consistent at the extremes: the male group
has a higher fraction of 1-star ratings (13.84%

mm Male
Female

74.21%

B [ @
o o o
72.07%

N
o

o
h13.84%
=

Percentage of reviews (%)

10.91%
7.79%

4.29%

I7.43%
EN

2.79%
4.07%

IZ.GO%

2 3
Rating (stars)

Figure 3: Star rating distribution by gender.

vs. 10.91%, +2.93 p.p.), while the female group
has a higher fraction of 5-star ratings (74.21% vs.
72.07%, +2.14 p.p.). These gaps also reflect in the
mean score, which is slightly higher for females
(4.316 vs. 4.213). In the intermediate range (2—4
stars), discrepancies are small, suggesting that the
main distinction between groups occurs primarily
between strongly negative (1 star) and strongly pos-
itive (5 stars) evaluations.

5 Limitations and Ethical Considerations

Interpretation should remain cautious because this
is an observational study and gender is inferred
from first names. Confounders such as app mix,
usage profiles, and temporal effects may contribute
to the observed pattern, and results should not be
read as causal.

Despite the promising results, this work has lim-
itations that warrant careful discussion, particularly
regarding the ethical issues surrounding gender in-
ference. We emphasize that gender inference in this
study is a statistical approximation based on ob-
served patterns of name-frequency. It does not cap-
ture the complexity, fluidity, or self-identification
of gender (Keyes, 2018). Gender is a social and
personal construct that goes beyond binary classifi-
cations or algorithmically inferred attributes. Ignor-
ing this distinction can oversimplify identities and
reinforce gender stereotypes. Therefore, any use of
our analysis should be done cautiously, explicitly
acknowledging these limitations.

6 Conclusions and Future Work

Our results indicate that the most consistent dif-
ferences between the reviews labeled with male
and female are focused on the expressivity markers.
Female-labeled reviews show higher emoji den-
sity and incidence and more intensification signals,
such as elongation and repeated punctuation. In
contrast, global measures of content and vocabulary
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are more similar. Typical review length is compara-
ble across groups and lexical diversity measured by
MTLD is virtually stable, suggesting that stylistic
variation does not necessarily imply large discrep-
ancies in lexical richness. Star ratings are mostly
positive in both groups, but differ at the extremes.
The male group concentrates more 1-star ratings,
whereas the female group has a higher fraction of
5-star ratings and a slightly higher mean rating.

Future work follows three directions. First, im-
prove and audit name-based gender inference by
quantifying uncertainty, assessing coverage biases
(e.g., names outside the reference list and nick-
names), performing sample-based validations to
estimate error rates, and conducting sensitivity an-
alyzes that incorporate part of the ambiguous and
unknown subsets. Second, refine the observational
analysis by controlling for confounders, for exam-
ple, via stratification by app/category, matching
by activity period, and temporal slicing that sep-
arates composition effects (apps and usage pro-
files) from linguistic differences. Third, broaden
the linguistic analyzes with finer-grained measure-
ments of lexical choice and structure (e.g., seman-
tic/affective categories, syntactic patterns, nega-
tion, and intensifiers) as well as emoji functional
categories and co-occurrence with ratings, deep-
ening the characterization of Brazilian Portuguese
stylistic variation while maintaining methodologi-
cal transparency about limitations.
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