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Abstract
This project explores the semantic differences001
in reader response to Young Adult (YA) novels002
with female versus male protagonists. More003
specifically, we apply the SemAxis framework004
to Goodreads reviews, comparing readers’ as-005
sociations between stereotypically gendered de-006
scriptors and personal referents. Overall, we007
find no strong gender bias, though some obser-008
vations countered and confirmed certain stereo-009
types.010

1 Introduction011

On the topic of gender bias, the words we use speak012

volumes. In an analysis of performance reviews, for013

instance, men were most commonly praised for be-014

ing “analytical” and “competent” compared to their015

female counterparts, who were commended for016

being “compassionate” and “enthusiastic” (Smith017

et al., 2018).018

While all four of these adjectives are undeni-019

ably approbatory, each set creates a narrative that020

pigeonholes individuals into certain ways of be-021

ing. As a result, we see real-world effects in our022

society, such as interviewers preferring resumes023

with male names over identical ones with female024

names (Steinpreis et al., 1999). To counter these025

biases, one proposition is to increase representation026

in the media we consume, such as literature (Bal027

and Veltkamp, 2013). Indeed, if children learn gen-028

der roles from a young age—internally adjusting029

their behaviours to align with externally perceived030

norms—then promoting examples of multidimen-031

sional characters of all genders broadens our cul-032

tural horizons (Bem, 1983).033

In this project, we analyze how readers respond034

characters in Young Adult (YA) literature, a genre035

targeted at those in their formative years. By com-036

paring the word associations in reviews of nov-037

els with female and male protagonists, we explore038

whether these books contribute to countering or039

reinforcing gender norms.040

For all our code, see our Github repo. 041

2 Related work 042

Many before us have performed similar work cen- 043

tering literature and gender bias. Though most of 044

these analyzed children’s books (Brugeilles et al., 045

2002), plays (Copnehaver, 2002), and pre-modern 046

fiction (Nagaraj and Kejriwal, 2022b), the last 047

decade saw YA literature’s emergence as an ob- 048

ject of study with the genre’s boom in popularity. 049

Citing its ability to re-form worldviews, some 050

researchers have employed content analysis to 051

find that YA protagonists demonstrate traits op- 052

posite their gender’s stereotypes (Kimsey, 2019), 053

while others identified stereotype-strengthening 054

messages of female objectification (Brown, 2013). 055

More recently, Natural Language Processing (NLP) 056

techniques and AI bore distant reading approaches, 057

resulting in insights such as male characters being 058

four times more prevalent than their female counter- 059

parts and more associated with terms like “strong” 060

and “power” (Nagaraj and Kejriwal, 2022a). 061

Though our project shares similar aims with the 062

ones above, ours differs in that we focus not on 063

published bodies of literature, but on readers’ reac- 064

tions to them. Our method, furthermore, considers 065

word associations across a wide variety of text, and 066

not just raw word counts in specific works. We thus 067

take a step back from representational differences 068

in fiction to instead consider how these character 069

archetypes are perceived more generally, which in 070

turn influences stereotypes in our culture today. 071

3 Method 072

To compare the language used to describe female- 073

led versus male-led novels, we employ the Se- 074

mAxis framework (An et al., 2018) on reviews 075

originally shared on Goodreads, a popular social 076

cataloguing website. 077
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3.1 SemAxis078

SemAxis is a lightweight framework designed for079

characterizing domain-specific semantics beyond080

sentiment. Using an embedding model and custom-081

defined semantic axes, this approach allows us082

to compare the language and implicit sentiments083

across a wide array of book reviews. The frame-084

work consists of three main parts: 1) constructing085

word embeddings, 2) defining semantic axes, and086

3) mapping words onto these axes.087

3.1.1 Constructing word embeddings088

Word embeddings provide a mode for distilling089

large amounts of data into analyzable represen-090

tations (word vectors). In our implementation,091

we use the standard Word2vec Skip-Gram model,092

which predicts surrounding words given the current093

word and is known to perform well on semantic094

tasks (Mikolov et al., 2013, Lucy et al., 2020). For095

our purposes, we create 3 different word embed-096

dings: one trained on reviews of female-led novels,097

one trained on reviews of male-led novels, and one098

trained on all the reviews in our dataset. These099

separate embeddings account for the fact that many100

reviews do not explicitly reference the protagonist,101

but instead use pronouns that might refer to other102

characters or even the author.103

3.1.2 Defining semantic axes104

The next step in SemAxis is defining semantic
axes, which are the vectors between select pole
words. These pole words typically comprise sets of
antonym pairs (Lucy et al., 2022) like “strong” and
“ weak,” but can also be similar words with different
connotations like “brave” and “reckless.” Either
way, the purpose here is to select pairs of words
that carry different meanings and to then calculate
the vectors between their embedding representa-
tions. As outlined by (An et al., 2018), the words
vectors describing positive and negative pole words
can be understood as S+ =

{
v+1 , v

+
2 , . . . , v

+
n

}
and S− =

{
v−1 , v

−
2 , . . . , v

−
m

}
, and the vectors

describing the pole words can be understood as
V + = 1

n

∑n
1 v

+
i and V − = 1

m

∑m
1 v−j . The se-

mantic axis from S+ to S− is thus

Vaxis = V+ −V−

For our project, we define semantic axes by first es-105

tablishing a list of 16 core descriptors wherein half106

are stereotypically female and the other half are107

stereotypically male (table 1). Our selection was108

informed by the Bem Sex-Role Inventory (BSRI), a 109

list of socially masculine and feminine terms com- 110

piled by renowned psychologist Sandra Bem (Bem, 111

1974), as employed by similar studies in section 2. 112

Female descriptors playful, supportive, organized, reserved,
caring, optimistic, flexible, selfless

Male descriptors decisive, aspiring, fearless, logical,
tough, confident, charming, intelligent

Table 1: The 16 core descriptors used in our project

For each of the core 16 descriptors, we create 113

one set of pole words with its antonym, and another 114

set of pole words with a synonym that has negative 115

connotations. An example of the former is “playful” 116

and “serious”; an example of the latter is “playful” 117

and “immature.” Through these antonymous and 118

connotative axes, we are interested in which types 119

of words reviewers use, and whether this changes 120

based on the protagonist’s gender. 121

In total, we create 32 sets of pole words (one 122

antonymous and one connotative for each of the 16 123

core descriptors), which yields 96 semantic axes, 124

since we train three separate word embeddings. 125

3.1.3 Projecting words onto semantic axes 126

Next, we project certain words onto the semantic 127

axes to distinguish their relation to said axes: 128

score(w)Vaxis = cos (vw,Vaxis ) =
vw ·Vaxis

∥vw∥ ∥Vaxis ∥
129

If a word has a positive score, then it is more asso- 130

ciated with the positive pole word in the axis (and 131

vice versa). In our work, we project words from a 132

set of female, male, and gender-neutral protagonist 133

references (table 2). The third set is used on the 134

gender-specific embeddings, helping us target lan- 135

guage applied to the protagonist. To obtain more 136

robust projection scores, we record the average 137

value across each set of references. 138

Female references she, her, hers, woman, girl, heroine
Male references he, him, his, man, boy, hero
Gender-neutral references protagonist, mc, main, character

Table 2: The sets of words we project onto semantic
axes

3.2 Dataset 139

To obtain reader reviews, we use the Young Adult 140

subsection of the Goodreads Book Graph Dataset 141

(Wan and McAuley, 2018). Scraped in 2017 for 142

content recommendation research, this dataset com- 143

prises 2,389,900 instances in which a user reviewed 144

2



a Young Adult novel on the popular site Goodreads,145

where each record includes features like book ID,146

user ID, text-based review, and a rating out of147

5. Though no arbiter of choice by any means,148

Goodreads provides a helpful picture of audience149

opinion insofar as readers are willing to engage150

with books beyond simply reading them.151

To refine our data for better processing time,152

we first isolated for the novels with a minimum153

of 10,000 reviews, as demarcated in the dataset’s154

provided meta-data. We then identified the gender155

of each novel’s main protagonist(s) as follows:156

1. To ChatGPT, input the list of novels and ask157

“For each novel, what is the gender of the main158

protagonist(s)? Please label them as ‘F’, ‘M’,159

or ‘V’ if various”160

2. For each novel, cross-check ChatGPT’s label161

using the relevant Goodreads summary or per-162

sonal knowledge (i.e., if the authors read the163

book)164

By combining computer-generated and human-165

sourced labels, we separate our data into reviews166

on female-led novels, male-led novels, and novels167

led by both or neither with a high degree of confi-168

dence. This process bore a total of 325,095 reviews169

covering 63 novels.170

Reviews Novels
Female-led 206,528 36
Male-led 82,887 19
Various 35,680 8

Total 325,095 63

Table 3: Initial human-annotated dataset

Reviews
Female-led 523,011
Male-led 145,343

Total 668,354

Table 4: Classifier-labelled supplemented dataset

After preliminary tests with the data in table 3,171

we noticed that there were not enough reviews on172

male-led novels to create accurate embeddings. We173

therefore extended this initial dataset by adding174

high-confidence samples labelled by Sklearn’s175

Multi-layer Perceptron classifier on the rest of the176

data from Wan and McAuley. This model per-177

formed with 98.17% accuracy on 120k instances of178

training data and 40k instances of testing data (with179

no book IDs overlapping between the two). By ex- 180

tracting all reviews classified with confidence ≥ 181

0.99, we obtain the supplemented dataset in table 4. 182

3.3 Preprocessing 183

To prepare the raw reviews for the word embed- 184

dings, we converted all text to lowercase and re- 185

moved numbers and punctuation, with the excep- 186

tion of hyphens to keep compound words and ad- 187

jectives (e.g., “ice-cream” and “red-spotted”). We 188

opted not to remove stop words to preserve pro- 189

nouns such as “she” and “his,” which we project 190

onto the semantic axes. Finally, we tokenized each 191

review into its component words using NLTK. 192

4 Results 193

4.1 Qualitative evaluation of embeddings 194

Since no domain-specific analogy test exists for our 195

dataset, we verified our embeddings by manually 196

checking nearest neighbouring words, as done in 197

similar domain-specific evaluation cases (Lassner 198

et al., 2023, Tilbury, 2018). 199

In the word embeddings for our entire dataset, 200

for instance, the closest word to “weak” is “bella- 201

like,” reflecting common associations of Twilight’s 202

Bella Swan with frailty. In the embeddings for 203

reviews on female-led novels, one of the closest 204

words to “tough” is “ladyballs,” an older slang 205

term for female demonstrations of socially male 206

courage. Our models, in short, successfully learned 207

the domain-specific language of the Goodreads 208

community. Having extended our dataset to im- 209

prove the male-led novel review embeddings (ta- 210

ble 4) and verfied that the closest words to our 211

16 core descriptors (table 1) and referent words 212

(table 2) made sense, we proceed with high con- 213

fidence in our embeddings’ ability to reasonably 214

capture semantics. 215

4.2 Axis results 216

In this section, we project the referent words from 217

table 2 onto our semantic axes to evaluate their 218

associations in the reviews. Note that in all graphs, 219

the negative pole words (the ones to the left of 220

the hyphen) in the top 8 axes are the stereotypical 221

female descriptors from table 1 whereas the next 222

half are the stereotypical male ones. 223

We begin by exploring, separately, the embed- 224

dings for the reviews on female-led novels, and 225

those representing reviews on male-led novels. 226

Onto their respective semantic axes, we project 227
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gender-neutral protagonist references, such as “pro-228

tagonist” and “mc” (a popular shorthand for “main229

character”). By taking the average projection value230

of these references for each semantic axis, we ex-231

plore the different descriptors used by readers when232

reviewing female-led versus male-led novels.233

Figure 1: Gender-neutral protagonist references
projected onto connotation axes

Figure 2: Gender-neutral protagonist references
projected onto antonym axes

Interestingly, fig. 1 and fig. 2 display a weak234

decreasing trend, with the projection values drifting235

from positive to negative as one moves down the236

semantic axes list. This is especially apparent for237

the male embedding projections: for the top 8 axes,238

the average value (of the average projection values)239

is 0.7 in both graphs, compared to -0.10 and -0.15240

on the latter 8 axes for fig. 1 and fig. 2, respectively.241

Recall that the top 8 axes in all graphs have 242

stereotypical female descriptors as their negative 243

pole words, and the next 8 have stereotypical male 244

descriptors as their negative pole words. Aside 245

from certain outliers, then, this decreasing trend 246

suggests that overall, reviews of male-led novels as- 247

sociate character referents with stereotypical male 248

descriptors and the antonyms and negative connota- 249

tive synonyms of stereotypical female descriptors. 250

To test whether readers indeed perceive characters 251

as stereotypical male but not stereotypical female, 252

we next project male, female, and gender-neutral 253

protagonist references onto the semantic axes of 254

our entire dataset’s embeddings. 255

Figure 3: All references projected onto connotation
axes using full dataset embeddings

Figure 4: All references projected onto antonym axes
using full dataset embeddings
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In fig. 3 and fig. 4, there are no decreasing trends.256

However, one sees that most projection values are257

weakly negative. On the connotation axes, the av-258

erage of all female referent projections is -0.04259

compared to -0.01 for male projections; on the260

antonym axes, the average of all female projections261

is -0.03 compared to -0.05 for all male projections.262

In other words, all referents tend to be more associ-263

ated with the sixteen stereotypical female and male264

descriptors than not, though very weakly so.265

5 Discussion266

5.1 Findings267

Overall, we find no strong gender biases in the268

word associations of reviews on female-led and269

male-led novels. In fig. 1 and fig. 2, there is only a270

weak decreasing trend wherein gender-neutral pro-271

tagonist referents are more associated with stereo-272

typical male descriptors and non-stereotypical fe-273

male descriptors. Even so, this was most apparent274

in the male embeddings, which were created using275

less review data than the female embeddings.276

In fig. 3 and fig. 4, by contrast, the only visi-277

ble trend is slightly negative projection values in278

general, with most clustered around 0.0. That said,279

certain outliers seem to counter gender biases on280

a micro scale. Among the connotative axes, for281

example, male references are much more associ-282

ated with “arrogant” than female references, which283

are more associated with “confident.” Similarly,284

among the antonymous axes, female references285

are much more associated with “independent” than286

male references, which demonstrate a neutral aver-287

age projection value.288

This might speak to the idea that YA authors are289

increasingly crafting female protagonists who are290

intelligent, driven, and confident (Peterson, 1996),291

or that readers are increasingly perceiving female292

characters as such. Nevertheless, these outliers are293

tempered by groups of axes which contribute to294

stereotypical notions, such as the protagonist ref-295

erent projections on the male embeddings in fig. 2296

being closer to “decisive,” “fearless,” and “tough.”297

Given these varying observations, we cannot defini-298

tively assert strong gender bias in our experiments.299

5.2 Limitations300

There are several limitations which may have im-301

peded our results.302

First and foremost, we were restricted by limited303

processing power, resulting in a dataset that could304

definitely be extended further. The male-led novel 305

review embeddings, for example, were created with 306

much less reviews than the female-led novel review 307

embeddings. By using Yarowksky’s algorithm, for 308

instance, one could perform bootstrapping to create 309

a larger dataset. 310

Furthermore, one could obtain more robust, 311

statistically significant results from embedding- 312

models trained on permutations of the data, as in 313

Antoniak and Mimno, 2018 and Liu et al., 2021. 314

We could also have been more thorough in iso- 315

lating for language pertaining to the novels’ pro- 316

tagonists. Because our dataset includes reviews 317

that do not explicitly mention the protagonist, the 318

gendered referents projected on the full-dataset em- 319

beddings (e.g., “she” and “his”) may capture refer- 320

ences to other individuals. Though we rationalize 321

this with the idea that readers’ perceptions (and, 322

subsequently, their reviews) are likely coloured or 323

influenced by the gender of the protagonist through 324

which they consume the narrative, we could have 325

taken a more thorough route, such as by using NLP 326

techniques to filter for descriptors directly applied 327

to the protagonist in both name and referring pro- 328

noun. 329

6 Conclusion 330

In this study, we continue prior work investigat- 331

ing gender biases in relation to YA literature, but 332

through readers’ responses rather than in the works 333

themselves. Following the novel SemAxis frame- 334

work, we define several semantic axes by pairing 335

stereotypical female and male descriptors with their 336

antonyms and negatively connoted synonyms. By 337

projecting female, male, and gender-neutral pro- 338

tagonist referents onto these axes, we explore read- 339

ers’ associations between gendered references and 340

stereotypes. 341

Overall, we found no strong gender biases in our 342

analysis. Though certain semantic axes seemed to 343

even counter gender stereotypes at a micro level, 344

these outliers, along with the weak trends we per- 345

ceived, were insufficient to definitively assert over- 346

all bias either way. 347

In the future, this process can be improved by 348

incorporating contextualized word embeddings, in- 349

creasing training set size while pruning low-quality 350

reviews, and implementing bootstrapping. 351
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7 Statement of contributions352

Our work was generally divided as follows:353

• Lucas: made functions to analyze embeddings354

using SemAxis, extended dataset using high355

confidence classifier, created embeddings on356

dataset using Word2vec, wrote scripts to train357

and load data on HPC.358

• Faith: wrote scripts to load and pre-process359

data; created semantic axes based on aca-360

demic research; plotted projection graphs; in-361

vestigated related work; edited spelling, gram-362

mar, and flow throughout entire paper363

• Alex: analyzed dataset breakdown, plotted364

dataset graphs, validated semantic axes using365

closest words in embedding, formatted paper366

to match ACL 2023 Proceedings template367
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