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Abstract
Along with the rapidly increasing influence and importance of advertisements and 
publicity in social networking services (SNS), considerable efforts are being made 
to provide user-customized services through an understanding of SNS content. Stud-
ies on online purchasing patterns based on user attributes have also been conducted; 
however, these studies used either only experimental methods (e.g., surveys or eth-
nographic accounts) or simple user attributes (e.g., age, biological sex, and location) 
for computational user modeling. This paper, through interviews with professional 
marketers, identifies their needs to understand multifactorial SNS user (potential 
customers) attributes—gender (i.e., masculine, feminine, androgynous) and bio-
logical sex (i.e., male and female) characteristics—for marketing purposes. Based 
on 33,752 Instagram posts, we develop a deep learning-based, classification model 
merged with three modalities—image (i.e., VGG16 feature and gesture), text (i.e., 
linguistic, tag, sentence, and category), and activity (i.e., reply and day). Our model 
achieves a better performance in classifying three gender types in the male, female, 
and male + female cases than the traditional machine learning models. Our study 
results reveal the applicability of identifying gender characteristics from posts in the 
marketing field.
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1 Introduction

Researchers have illustrated that consumer propensity can be defined by a person’s 
unique characteristics (e.g., personality, temperament). More specifically, loyalty to 
a brand differs by personality (Odekerken-Schröder et al. 2003), while a consumer’s 
consumption style and motivation differ by their hedonic or pragmatic consump-
tion  (Guido 2006; Mooradian and Olver 1996). For online shopping, personality 
and temperament have been found to be important features of consumer orientation, 
and the online shopping intention depends on a person’s personality (Bosnjak et al. 
2007). Consumer innovations and technology acceptance are influenced by consum-
ers’ shopping attitudes and purchasing intentions (Wang et al. 2006).

Owing to the frequent and extensive use of social networking services (SNS), 
information about consumers is being generated and gathered in the online space. 
Hence, it is important to study the characteristics of consumers through the SNS 
channel. Many studies have shown the strong influence of user characteristics on 
SNS use  (Bosnjak et al. 2007; Rosen and Kluemper 2008; Selfhout et al. 2010; 
Gou et al. 2014; Gelli et al. 2017), indicating the importance of SNS in studying 
consumers.

The starting point of our investigation is to better understand the changing 
times and to find salient factors for the analysis of consumer propensity in the 
marketing context. To do this, we interviewed five business professionals from 
various domains (e.g., fashion, food, general merchandising) engaged in mar-
keting duties to understand the changes in the present era and to grasp the con-
sumer propensity. This led to the identification of two major changes that recently 
occurred in the marketing industry: (1) new media platforms for marketing and 
(2) identification of consumer types.

The first change is that Instagram, one of the most commonly used SNS, 
has taken a strong position as a marketing platform (Muñoz and Towner 2017). 
Statistically, Instagram experienced an average of 42 trillion clicks per day in 
2017  (MagazineB 2018). In 2018, Instagram had 813 million users, about 35% 
of which were adult Internet users. Considering this enormous influence, many 
companies are using Instagram to communicate with their customers and increase 
their sales and profits (Hassan 2014; Johansson and Eklöf Wallsbeck 2014; Wally 
and Koshy 2014; Ginsberg 2015; LePage 2015; Chen 2018). In 2018, there were 
about 25 million business accounts and about 2 million active advertisers. Of the 
total user accounts, 80% of the business accounts were followed by at least 200 
million users visiting at least one business account per month (MagazineB 2018); 
online advertising revenue reached $2.81 billion in 2017 (LePage 2015).

The second change is the importance of identifying online consumer types. 
The influence of social media on online shopping has been fueled by a new gen-
eration of consumers who want greater convenience, value, and options. These 
customers also depend highly on the comments or review scores of products 
added by other customers who are likely to have similar interests or propensity 
to buy (Kumar et al. 2016). This has led many companies to use SNS in a more 
strategic manner (e.g., identifying the characteristics of SNS users).



835

1 3

Better targeting of consumers: Modeling multifactorial gender…

Despite the potential of SNS, our interviewees mentioned the difficulties in using 
SNS for marketing purposes. They find that Instagram actually provides a solution 
for marketers to target users in advertisements, yet most target users are chosen 
based on somewhat limited types of information (e.g., age, biological sex, location) 
provided during the service subscription. The information wanted by many market-
ers has qualitative attributes (e.g., personality, temperament) that cannot be directly 
measured from the usage logs. The interviewees also mentioned the desire to iden-
tify customers’ biological sex (i.e., male, female) and gender (i.e., masculinity, femi-
ninity, androgyny), because multifactorial gender better reflects online customers’ 
needs than biological sex. Such needs have also been highlighted and examined in 
the psychology and marketing domains (Ulrich 2013). In addition, these user attrib-
utes are somewhat related to user groups appearing in many modern societies (e.g., 
herbivore men, macho, girl crush) and influenced by various social and economic 
factors, even though there are no theoretically or empirically validated measure-
ments of the characteristics of these groups yet. However, it is important to note that 
all interviewees expressed a significant interest in identifying these groups for their 
marketing purposes.

Through interviews with the marketing professionals, we confirmed the impor-
tance of predicting gender identity for marketing purposes. During the product 
planning stage, many qualitative factors are used in the persona task representing 
the target consumer group, of which gender identity is considered one of the most 
important.

For SNS marketing, the possibility of promoting the product to the target con-
sumer group, which is defined at the product planning level, is expected to increase 
if the customer’s gender identity is known. By intensively promoting the product to 
the target group, the brand will be more likely to secure loyal customers. Obtaining 
loyal customers has a positive impact on long-term profits and brand duration. Thus, 
gender identity is one of the essential types of information for professional market-
ers, and prediction of gender identity can be of great assistance to businesses. A sta-
tistically significant relationship between gender identity and advertising response 
has been demonstrated  (Feiereisen et al. 2009; Martin and Gnoth 2009; Yoon and 
Kim 2014; Weinberger et al. 2017). Based on the interviews and previous studies, a 
statistically significant relationship between SNS postings and gender identity was 
identified. In this study, we describe the relationship between three modalities of 
SNS posts (i.e., image, text, and activity) and gender identity. We create a gender 
identity prediction model which yields a good performance (F-1 score 76%), using 
machine and deep learning algorithms. The study results suggest a new approach to 
consumer targeting and the possibility of increasing work efficiency in marketing.

• Research goal Predict a user’s gender characteristic (i.e., masculinity, femininity, 
androgyny) from their SNS posts.

To accomplish the research goal, we recruit Instagram users and ask them to com-
plete a survey, which is designed to identify gender characteristics. We then classify 
their disposition and form user groups. The Instagram posts from each user group 
are collected to determine the relationship between the user group from the survey 
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and the features of the 33,752 posts. The data are used to develop a classification 
model with three modalities (i.e., image, text, and activity) by applying a deep neu-
ral network (DNN) that can predict each user group. Our model achieves a best per-
formance of 76% performance (F1 score), presenting a potential application of the 
user classification based on a shared post in a marketing domain.

The rest of the paper is organized as follows: First, we give an overview of the 
studies on consumers’ propensity and characteristics, on users with masculine and 
feminine traits, and on predicting user attributes. We specifically position our paper 
by highlighting our research contributions in the field of user modeling. We then 
present a procedure for our two-phase interviews study with marketers. Next, we 
describe data collection from Instagram and feature engineering for prediction mod-
eling. We then present the architecture of our DNN and the model performance 
through comparisons with other widely used machine learning algorithms. Finally, 
we discuss a prototype developed as a proof of our model application, along with 
ideas about future work regarding our research outcomes.

2  Related work

2.1  Relations of consumers propensity, personality, and SNS activity

Many studies have illustrated that consumers’ propensity is associated with their 
personality and unique characteristics  (Mooradian and Olver 1996; Mowen 2000; 
Guido 2006; Wang et al. 2006; Bosnjak et al. 2007). For example, in the study of 
Mooradian and Olver (1996), consumers with higher extraversion levels were more 
likely to be affected by social and peer factors in the shopping motive model, while 
consumers with higher agreeableness and conscientiousness were more affected by 
bargaining factors. Guido (2006) determined whether a person’s consumption type 
is similar to hedonic or pragmatic purchasing through the big five personality model. 
Three types of personality factors (i.e., openness, agreeableness, and extroversion) 
were related to a hedonic consumption tendency, while two other personality factors 
(i.e., neuroticism and emotional stability) were related to the utilitarian consumption 
propensity. As such, the study of the relationship between consumers’ propensity 
and personality has been actively studied over the past years. However, narrowing 
ones personality is hard, because of time-consuming procedures such as the big five 
inventory. Marketers prefer a more simple and instant method that does not take 
much time to predict the consumers propensity. Therefore, a method that does not 
use personality is needed to identify the consumers propensity.

A group of studies has mostly analyzed that SNS usage patterns have a close 
relationship with user personalities. Selfhout et  al. (2010) found that users show-
ing higher extroversion levels tend to maintain a large number of contacts with 
many friends. Rosen and Kluemper (2008) illustrated that users with a high degree 
of extroversion were quicker at adapting to the SNS system. Golbeck et al. (2011), 
and Adalı and Golbeck (2014) studied the relationship between Twitter usage pat-
terns and personality to establish a personality prediction model. Gou et al. (2014) 
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analyzed the relationship between Twitter usage information and personality to 
develop a prediction model.

Referring to these prior studies, we considered that the SNS activity pattern 
complements personality because these are strongly associated with each other. 
However, the studies on propensity analysis using a consumers SNS activities are 
not enough to confirm this. Therefore, we aim to introduce an propensity analysis 
method using the consumers SNS usage pattern, showing that they are useful in pin-
pointing the consumers propensity, and make it easier to analyze the consumer in 
the real marketing field.

2.2  Studying masculine and feminine traits

Biological sex defines men and women by their physical characteristics and behav-
iors that a given society associates with and ascribes differently to women and 
men (Burr 2002). Bem’s theory (Bem 1974) which emphasizes the necessity of con-
sidering masculine and feminine personality traits to better capture one’s gender and 
other gender-related attributes and phenomena has been widely adopted by a num-
ber of studies.

The recent emergence of cross-gender brand extensions (i.e., masculine or femi-
nine brands) that extend to the opposite gender is one of the current marketplace 
trends. Historically, many brands have focused on biological gender. Some brands 
(e.g., Gillette or P’etrole Hahn) only targeted men, while others (e.g., Rexona or 
Est’ee Lauder) only targeted women  (Ulrich 2013). The feminine or masculine 
identity of a brand is determined by the biological gender of the brand’s primary 
user  (Keller 1993). Today, however, many companies are expanding their existing 
brand targeting from heterogeneous product categories to the opposite biological 
sex (e.g., Gillette Venus for Women razors or Rexona for Men deodorants) (Ulrich 
2013). In this trend of cross-gender brand extensions, there is a growing need for 
consumer targeting that considers gender identity and biological sex.

Many researchers have presented that gender identity is an important feature of 
increasing advertisement response rates. Studies have revealed that the preference 
for sex role positioning in advertising increased consumers’ responses to advertise-
ment services (Jaffe and Berger 1988; Jaffe 1991). Hogg and Garrow (2003) empha-
sized that gender identity, which is the center of self-schema, affects how consum-
ers access and understand advertisements. In addition, Fischer and Arnold (1990) 
proved the correlation between feminine gender identity and the involvement of 
Christmas gift shopping. Feminine gender identity has an indirect positive impact on 
artistic intervention through participation (Gainer 1993).

Given the consistent positive correlation between consumer intervention and 
purchasing frequency in marketing (Ram and Jung 1989), a particular gender iden-
tity can be an important factor in marketing. In Kempf et  al. (1997), masculine 
and androgyny gender identity illustrated a positive correlation with general infor-
mation processing reliability, while feminine gender identity did not. Fischer and 
Arnold (1994) showed that gender identity has a greater influence on consumption 
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propensity. Both gender identity and gender role attitudes explained differences in 
shopping better than biological sex.

As we also identified the importance of and marketers’ needs for gender identity 
for marketing purposes through the interviews, we tried to apply this opportunity to 
SNS that many potential consumers are involved in, and study a possibility of lever-
aging such an opportunity for marketing through a design of computational models 
and design investigation.

2.3  Modeling user attributes

Predicting and characterizing user attributes such as biological sex have been an 
active research topic. Many prior studies have presented machine learning-based 
models based on different features to achieve this.

2.3.1  Characterizing attributes from text

Language is one of the features popularly used to construct the model. In particu-
lar, it has been used widely as a way to predict the demographics of the writer (or 
speaker)  (Matthews and Merriam 1993; Argamon-Engelson et  al. 1998; Koppel 
et al. 2002; Boulis and Ostendorf 2005; Burger and Henderson 2006; Schler et al. 
2006; Herring and Paolillo 2006; Garera and Yarowsky 2009; Rao et  al. 2010; 
Mukherjee and Liu 2010; Al Zamal et al. 2012; Schwartz et al. 2013; Bamman et al. 
2014; Flekova et  al. 2016). Mukherjee and Liu (2010) introduced a new class of 
features, variable length part-of-speech (POS) sequence patterns, for gender clas-
sification. Based on 3100 blogs, 51.2% of which were written by males, the highest 
accuracy achieved by the proposed models was 88.6%. Bamman et al. (2014) stud-
ied the relationships between gender, linguistic style, and social networks using a 
novel corpus of 14,000 Twitter users and nine million tweets. A range of linguistic 
styles and topical interests clustered into male and female groups were identified. 
Al Zamal et al. (2012) used the homophily-related linguistic features of the n-most-
popular friends of a user on Twitter. Their classifier achieved an accuracy of 80.0% 
for binary gender classification.

In addition, many researchers have focused on age as another demographic infor-
mation. Rosenthal and McKeown (2011) were able to predict if a blog author was 
part of the pre- or post-social media generation with an accuracy of 81.5%. Fle-
kova et  al. (2016) employed surface, syntactic, punctuation, readability, semantic, 
and lexical features from online blog posts to build models that classified age with 
an accuracy of 53%. Burger and Henderson (2006) attempted an age prediction by 
using the blog posts length, text feature, location, and time.

Additionally, some other types of user characteristics such as writing style, polit-
ical orientation, and native language were also analyzed  (Matthews and Merriam 
1993; Argamon-Engelson et al. 1998; Garera and Yarowsky 2009; Rao et al. 2010). 
Matthews and Merriam (1993) showed a neural computation for distinguishing 
whether a literature is written by Shakespeare or his contemporary John Fletcher, 
proving that the author could be detected by his/her writing style. Similarly, 



839

1 3

Better targeting of consumers: Modeling multifactorial gender…

Argamon-Engelson et  al. (1998) introduced a methodology to classify documents 
with the name of the newspapers according to their style. Rao et  al. (2010) used 
SVM to model Twitter users not only with age and gender, but also with regional 
origin and political orientation with 77% and 82% accuracy, respectively.

2.3.2  Characterizing attributes from image

Image is another feature that can be used in predicting and characterizing user attrib-
utes (Shin and Kim 2010; Jia et al. 2012; Yang et al. 2013; Wu et al. 2015; Reece 
and Danforth 2017; Han et al. 2018). Colors have been used as the most common 
way of identifying photograph features. Valdez and Mehrabian (1994) studied the 
relationship between emotions and the features of colors, including the brightness of 
achromatic colors and hue. Zhao et al. (2014) extracted image features using princi-
ples-of-art-based emotion features (PAEF), consisting of several categories: balance, 
emphasis, harmony, variety, gradation, and movement. Of these, balance and move-
ment were found to vectorize the object’s composition and movement degree in the 
picture. Lu et al. (2012) identified the shapes of the objects and associated them with 
emotions. Some of the results include that ‘angry’ that is related to the circular-
ity of images, and both ‘awe’ and ‘excitement’ are related to the orientation of line 
segments.

Shin and Kim (2010) proposed probabilistic affective model (PAM) to estimate 
the probabilities that an image is related to certain affective features, and achieved 
85% of accuracy in the prediction of 15 affective classes (e.g., pretty, colorful, quiet, 
modern) using image segmentation, color composition extraction, and affective 
vocabularies tagged to the pictures. Reece and Danforth (2017) applied machine 
learning techniques to identify depression from images. The authors showed a sta-
tistical result that photographs posted by depressed individuals tended to be bluer, 
darker, and greyer, and the usage of filter was somewhat monotonous. Han et  al. 
(2018) presented a classification model for identifying males and females based on 
three aspects (i.e., activity, image objects, and tags), which achieved 82% accuracy.

Although many prior studies have used images to classify human characteristics, 
many of them are inclined to predicting emotions using color or brightness in gen-
eral contexts. Images and users’ associated with them are important in marketing, 
yet there is a lack of understanding and utilization of images in this domain. Moreo-
ver, many studies on modeling user attributes appear to use either text or image, and 
very few of them consider using both modalities. Therefore, in this paper, we intent 
to combine text and image modalities for a more accurate and comprehensive user 
model than the ones with a single modality.

2.4  Room for improvement

In summary, many researchers have attempted to determine the relationship between 
users’ consumption propensity, their characteristics, and online usage patterns. The 
literature review revealed that since many previous studies have used ethnographic 
accounts or surveys, there is clearly room for further examination the relationship 
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from a different angle. In addition, modeling of user attributes has been conducted 
with relatively simple user attributes (e.g., age, biological sex), while the attributes 
that marketers want to leverage have not been sufficiently investigated.

Hence, by using real usage logs, we will be able to not only substantiate prior 
study results, but also accurately reflect the patterns of consumers’ actual usage and 
use direct research results in real marketing fields. This again emphasizes the need 
for understanding the user’s consumption characteristics based on the activity that 
the user actually illustrates online or the data they generate.

There are three primary contributions of our research to the literature: First, we 
interview real marketers to better understand the user characteristics they need. Sec-
ond, we extract the elements of the online data from various perspectives. Third, we 
investigate the correlation of actual SNS usage patterns, create a prediction model, 
and illustrate the possibility of using it in actual marketing.

3  Procedure

Our study design and experiment is based on the research goals. To predict a 
user’s gender characteristics from their SNS posts, our study consists of four stages 
(Fig. 1).

• Step 1 (Expert interview) We conducted two interview sessions with six market-
ing professionals. Through these interviews, we gained an understanding of cur-
rent processes in consumer targeting, identified challenges, and found methods 
for efficient and reliable consumer targeting (e.g., establishing marketing strat-
egy through identifying gender identity).

• Step 2 (User survey) We conducted two user surveys. We recruited 542 regu-
lar Instagram users who have more than 100 posts and have been actively using 
Instagram for the past six months. We collected their demographic information 
(e.g., sex, age), the result of Bem sex role inventory (BSRI), and Instagram data 
(image, text, and activity). According to the result of a BSRI grouping standard, 
the survey respondents were divided into three groups (masculine group, femi-
nine group, and androgynous group).

1st Interview

Expert
Interview

2nd Interview

BSRI 
(Bem Sex Role 

Inventory)

Instagram ID

User
Survey

Feature
Engineering

Transfer 

Gesture

Linguistic

Tag, Setence

Reply

Days

Image
Modality

Text
Modality

Activity
Modality

Model
Development

Evaluation

Data 
Analysis

Fig. 1  Study procedure. Our study employs a mix of qualitative and quantitative approaches
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• Step 3 (Feature engineering) We defined three modalities (i.e., image, text, and 
activity) for modeling, which consisted of a total of 874 features. Image modality 
consists of visual information (through using visual geometry group (VGG)) and 
gesture type information. Text modality consists of content-related information 
(e.g., theme, word, sentence) and linguistic information (e.g., hedge, text com-
plexity). Activity modality consists of usage information (e.g., usage day, usage 
frequency).

• Step 4 (Data analysis) Using merged DNNs, we developed a new gender identity 
classification model. Our DNN merges the DNN results that represent each of 
the three modalities. To demonstrate the superiority of our model, we compared 
its performance with that of other representative classification models (e.g., ran-
dom forest, logistic regression, multilayer perceptron). We then analyzed the fea-
ture importance in gender identity classification by group (i.e., male, female, and 
all).

Our study was carefully reviewed and approved by the institutional bioethics com-
mittees of the internal institutional review board (IRB) at the authors university.

4  Interview

To identify the types of SNS users that marketers want to target, we interviewed 
practitioners currently working in the marketing field. We had interviews in two 
phases: The first interview was done with one business professional (fashion), and 
the second interview was done with five professionals from various fields (e.g., fash-
ion, liquor, food, and general distribution) who are currently engaged in marketing 
duties. Table 1 shows the information of the interview participants. We asked them 
about their experiences and opinions in terms of using SNS for marketing purposes. 
We conducted separate interviews with each professional. During the interview, we 
took notes and audio-recorded the interviews with permission from the profession-
als. Specifically, we asked about the SNS user characteristics that marketers wish to 
know for marketing purposes. We then discussed the way of quantitatively measur-
ing such characteristics.

Table 1  Summary of interview 
participants

Interview Participant Field Years of 
experi-
ence

First P1 Fashion 5
Second P2 Food 4
Second P3 Fashion 7
Second P4 Liquor 4
Second P5 E-commerce 12
Second P6 E-commerce 5
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4.1  First interview

Through our first interview with a marketer engaged in the fashion industry, we 
could identify the user information provided by the current SNS platforms and 
the limitation of the platforms. We found that only basic types of information are 
accessible by the marketer, such as sex, age, residence, and marital status. However, 
we realized that marketers want both qualitative and quantitative characteristics of 
users. This is because one of the important tasks in marketing is defining personas, 
which is creating a virtual person representing a diverse set of users within a target 
population that can use a product or service. This is highly qualitative and help-
ful in understanding potential consumers needs, experiences, behaviors, and goals. 
Hence, the absence of qualitative information would make consumer targeting dif-
ficult for marketers, which possibly has a negative impact on increasing conversion 
rate, which is the percentage of visitors completing actions on a Web site.

4.2  Second interview

We conducted a second interview with the five marketers. We reaffirmed their needs 
for utilizing qualitative characteristics of users for marketing that we observed in the 
first interview. We discussed the most needed information among many qualitative 
information and found the following: personality, impulse purchase, early adopter, 
social problem concern, and gender identity. In particular, all five marketers men-
tioned the importance and necessity of gender identity, and we found that such char-
acteristics are quantitatively measurable.

Gender identity is one of the salient features that characterize a brand; thus, if 
marketers know the gender identity of the customers, they have two major advan-
tages in the marketing field:

• The first advantage is to enable clearer consumer targeting for their brand or 
product. Since masculinity, femininity, and androgyny relate to the brand or the 
product, a better understanding of the consumers gender identity enables effi-
cient marketing execution, which reduces the marketing cost incurred by the 
enterprise.

• The second advantage is that marketers can better understand the characteris-
tics of their own brand or product. If they know the gender identity of a loyal 
or potential customer of a particular brand or product, they can, in turn, know 
the gender identity of the brand or product. If the gender identity of a product 
designed by a product team is different from many consumer gender identities, a 
product and marketing strategy suitable for the consumers gender identity can be 
better established.

To summarize the interview results, business marketers illustrated that identifying 
consumer gender identity is necessary in terms of cost management and strategy 
establishment. We used the data of user groups that represent the gender identity 
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(i.e., high or low masculinity, femininity, and androgyny) and the characteristics of 
content posted by each user group.

5  User study

5.1  BSRI

The purpose of the BSRI is to measure gender identity  (Bem 1974). Since then, 
it has been adopted in many investigations within nearly three years  (Busch et  al. 
2016; Reilly et al. 2016; Donnelly and Twenge 2017; Yarnell et al. 2019; Dolliver 
2019). This measure contains 60 items describing abstract traits with which the 
respondents indicate their degree of identification on a 5-point Likert scale. Twenty 
questions are used for measuring each trait. The neutral scale contains socially desir-
able traits not associated with either sex, the masculinity scale contains socially 
desirable traits more characteristic to males than females, and the femininity scale 
contains socially desirable traits more characteristic to females than males. In this 
study, we used the shortened and validated versions of the original, consisting of 
tem questions per trait  (Bem 1981a). Similar to original version, this version has 
questions on a 5-point Likert scale. We follow a similar method for the determina-
tion of gender identity (Bem 1981b). Each respondent receives both a masculinity 
and a femininity score. Those who score above the median on masculinity score 
and below the median on the femininity score are designated as masculine. Those 
who show the reverse pattern are designated as feminine: Those who score above the 
median on both scales are designated as androgynous.

The terms masculinity and femininity come from gender orientation studies and 
stem from the Latin words mas (male) and femina (female), respectively; they typi-
cally refer to the qualities of men and women (Martin and Finn 2010). Masculin-
ity has mean problem-solving feature (Parsons and Bales 1955), self-centric fea-
ture (Bakan 1966), dominance (Lubinski et al. 1981), aggressiveness, assertiveness, 
and forcefulness (Bem 1974). On the other hand, femininity has mean expressive 
feature (Parsons and Bales 1955), communal feature (Bakan 1966), and nurturance 
and warmth (Lubinski et  al. 1981). Femininity negatively correlates with mascu-
linity (Bem 1981b), but an individual can possess both characteristics and can be 
separately observed on both. Men or women could be predominantly masculine, 
predominantly feminine, or a mixture of both (Bem 1993). Although controversy 
still exists over the appropriateness of the traditional gender identity concept with 
respect to femininity and masculinity used in the past (Hoffman and Borders 2001), 
we confirm its importance in the interview (Sect. 4.2). The concept of gender iden-
tity that marketing professionals want to know and prefer to use is the traditional 
one rather than the concept discussed these days. The marketing professionals men-
tioned that complex gender identity seems too detailed to be used as a feature for 
defining customer groups in marketing. For them, the degree to which biological sex 
combines with traditional gender identity (e.g., masculine women, feminine men) 
is sufficient for understanding their customers and marketing tasks. This seems true 
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since no official or theoretically acceptable definitions of recently used complex 
gender identities exist as yet, not to mention their correct measurements in research.

Although the use of the BSRI is controversial to some extent (Hoffman and Bor-
ders 2001), it still is the inventory currently and popularly used by many research-
ers. The original BSRI paper (Bem 1974) has been highly cited (more than 10,000 
citations as of October 2019), demonstrating its influence on many prior studies. 
More importantly, it has been used in studies related to gender identity in the last 
three years (Reilly et al. 2016; Busch et al. 2016; Donnelly and Twenge 2017; Dol-
liver 2019; Yarnell et al. 2019). In addition, the BSRI has been used in studies on 
relationships in advertising responses according to the gender identity. For exam-
ple, Feiereisen et al. (2009) investigated whether the gender identity of the exper-
imenter and that of the advertisement correlate with the strong positive response. 
The results illustrated that the matched gender identity positively affects the adver-
tisement responses. Martin and Gnoth (2009) studied whether the gender identity 
of men affects their reaction to each of the masculine, feminine, and androgynous 
male models. The results showed that masculine men preferred masculine male 
models and feminine men preferred feminine male models. Yoon and Kim (2014) 
and Weinberger et  al. (2017) used BSRI to demonstrate a significant relationship 
between one’s gender identity (e.g., masculinity, femininity) and response to a par-
ticular advertisement. The above studies quantitatively demonstrated the need for a 
traditional concept of gender identity, when working on consumer targeting related 
to advertising.

5.2  Survey

The primary goal of our survey was to collect data about the characteristics of the 
respondents that cannot be identified easily. In a recruitment statement, we indi-
cate that we are looking for participants who speak English, have a public Insta-
gram account, regularly use Instagram, and have at least 100 posts on their Insta-
gram page. The survey starts with an informed consent form detailly explaining the 
purpose and procedures of the survey. We asked the respondents to carefully read 
the consent form. They were all informed that no user identifiable information will 
be collected (except their Instagram IDs) and their data will only be used by our 
research team. Respondents who agreed to sign the consent form by clicking on the 
agree button could only start the survey. The survey consisted of questions on basic 
demographic information (e.g., age, sex), as well as questions for identifying mas-
culinity, femininity, or androgyny (BSRI). At the end of the survey, the respondents 
were asked to provide their Instagram ID. We confirmed that the respondents were 
fully aware of their Instagram posts being used for research purposes. Overall, we 
collected responses from 542 people and 33,752 Instagram posts.

For the representativeness of our survey respondents as Instagram users, we 
investigated demographic information of five prior Instagram studies (published 
within the last five years and quoted more than 150 times). Table 2 shows the sam-
ple size, mean age, and standard deviation age of the user samples for each paper. 
We have more user samples for the analysis. The average age of the participants 



845

1 3

Better targeting of consumers: Modeling multifactorial gender…

in those five studies was between 24 and 29 years, which was not only similar to 
that in our study (mean = 27.4 years old, SD = 5.30), but also the age information 
about Instagram users in general, as shown in a statistical report.1 Although there 
is a shortage of users in their 40s and 50s, it is not easy to recruit participants who 
meet all research conditions; this would be improved in future studies.

In addition, we conducted a Cronbach alpha test  (Bland and Altman 1997). 
Through BSRI, we aimed to identify three gender identity groups (i.e., masculine, 
feminine, and androgynous) and measured the Cronbach alpha for the questions 
related to each group. Results of Cronbach alpha of the masculine group, the femi-
nine group, and the androgynous group are 0.77, 0.82, and 0.73, respectively. This 
demonstrates the internal consistency of the responses.

5.3  Data collection

Three feature modalities were used for building the model: image, text, and activ-
ity. To extract features from an image, we used Microsoft (MS) Azure Cognitive 
API,2 which applies artificial intelligence techniques to analyze pictures and assign 
confidence levels to picture descriptions. When we send a photograph file to an MS 
Azure server, we can retrieve some of the features of that photograph in the JSON 
file format. We sent all 33,752 images to MS Azure, extracting sentences, catego-
ries, background colors, foreground colors, and tags that appear in each JSON file. 
Figure  2 illustrates an example of an Azure API result. There were three feature 
modalities used for building the model: image, text, and activity.

6  Feature engineering

The features used in our modeling consist of three modalities (e.g., image, text, and 
activity), and each modality has multiple features. Figure 3 illustrates an example of 
types of modalities and features used in our study.

Table 2  Summary of 
demographic information of the 
five representative prior studies 
and our study

Paper Sample size Mean age

Lup et al. (2015) 117 24.8 years (SD = 2.51)
Lee et al. (2015) 239 28.8 years (SD = 5.28)
Pittman and Reich (2016) 253 22.5 years (SD = 3.32)
Sheldon and Bryant (2016) 239 22.6 years (SD = 5.27)
De Veirman et al. (2017) 117 29.6 years (SD = 6.55)
Our study 542 27.4 years (SD = 5.30)

1 https ://www.stati sta.com/stati stics /32558 7/insta gram-globa l-age-group .
2 https ://bit.ly/2aliu XW.

https://www.statista.com/statistics/325587/instagram-global-age-group
https://bit.ly/2aliuXW
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6.1  Features from image modality

6.1.1  Visual information

Deep learning models are able to determine feature representations directly from 
the raw data, rather than relying on human-generated features or their hierarchical 
structures. Therefore, rather than using colors (e.g., saturation, hue, brightness) 

Fig. 2  Example of an MS Azure API result

Fig. 3  Features selected for modeling
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as separate features, we employ a transfer learning technique to extract feature 
vectors, because it will cover the representation of such low-level features.

We use a recently developed model along with VGG16, as an algorithm (Simon-
yan and Zisserman 2014). VGG16 is a deep convolutional network for object rec-
ognition developed and trained by Oxfords renowned VGG and is pre-trained on 
ImageNet dataset. It has achieved a particularly good performance on the ImageNet 
dataset. Transfer learning freezes all but the penultimate layer and re-trains the last 
dense layer to the model, and obtains the results. The goal of transfer learning is 
to apply the knowledge learned from one environment to another environment. We 
thus map each image to a 512-dimensional visual feature vector xv using the final 
hidden layer of a pre-trained convolutional network.

6.1.2  Gesture types

People express themselves in various ways in an image. One such expression is 
through gestures. Research has shown the relationship between gesture types and 
users attributes (e.g., gender). Wallis (2011) proved the correlation between ges-
tures and biological sex in 34 music videos on the US cable station MTV. The find-
ings illustrated that gender displays primarily reinforced females as subordinate and 
males as aggressive. According to the research, the gender displays in a larger per-
centage mean for males are related to traditional male images (e.g., flinging hands/
fingers, passionate singing, aggressive playing, showing force). Similar to males, the 
gender displays in a larger percentage mean for females are related to traditional 
female images (e.g., touching hair, delicate self-touch, smiling, childish finger to/in 
mouth).

Motivated by those findings, we adopted a list of gesture types from Wallis’s 
work (Wallis 2011) and used 24 types of gestures for our work. Table 3 illustrates the 
gesture types used in our study, and Fig. 4 shows representative images of the gestures. 
For labeling, we looked at the images and manually labeled whether each gesture type 

Table 3  Labeling of 24 gesture 
types in images

Group Type Group Type

Arm Reaching out Sign Greeting
Holding arms W sign
Opening arms Hide Arm in arm

Face Supporting jaw Folding hands
Hiding face In pockets
Touching face Sitting Legs open
Touching hair Legs closed

Sign Fist Legs crossed
Direction Turning Back
Thumb up Expression Smile
V sign Wink
Salute Clothing Exposure
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appears in the image. Two of this paper’s authors conducted the manual work. Once 
each author completed the labeling separately, they compared their work and resolved 
the conflicting cases. We finally obtained a 24-dimensional gesture feature, xg.

6.2  Features from text modality

We used the following text features from text modality. Overall, we map each feature to 
the 331-dimensional text feature vector xt.

6.2.1  Sentence and tag

The MS Azure API provides a sentence that describes a given image in a natural lan-
guage, as well as tags that include a set of word descriptions of the important objects 
in the image. We employ the term frequency and inverse document frequency (TF-
IDF) (Joachims 1996) for the extracted sentences and tags, respectively, with various 
vector sizes [100, 300, 500, 1000]. The size of 100 showed the best performance; there-
fore, we use the 100 TF-IDF vectors for the sentences and tags.

6.2.2  Category

We were interested in categorizing the images as this provides a broader view of the 
shared images. The MS Azure API provides a list of primary (18) and secondary 
(77) categories in the image. We used 18 primary categories as the features.

Fig. 4  Representative examples of gesture types
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6.2.3  Linguistic features

We used the following linguistic features in our investigation.

• Hedges The number of hedge vocabularies in a caption. Hedges are an impor-
tant part of polite conversation (Lakoff 1973). People use hedges to soften what 
they say or write. Hedges make what people say less direct. The most common 
forms of hedging involve tense, aspect, and modal expressions, which include 
modal verbs/adverbs or vague verbs. We adopt this feature assuming that the use 
of hedging words may be different across groups with different user attributes.

• Number frequency The number of numeric values in a caption. We consider the 
traditional characteristics of males, who prefer to have expressions or statements 
with more numbers.

• Pronoun frequency The number of the first and second person pronouns. Arga-
mon et  al. (2003) proved that pronouns can be a feature in distinguishing the 
gender writing style. We used the pronouns ‘I,’ ‘my,’ ‘me,’ ‘mine,’ ‘myself,’ 
‘we,’ ‘our,’ ‘us,’ ‘ours,’ and ‘ourselves’ as the first person pronouns, and ‘you,’ 
‘your,’ ‘yours,’ ‘yourself,’ and ‘yourselves’ as the second person pronouns.

• Complexity The average number of characters in a word. Burstein et al. (2006) 
proved that complexity can be a feature in grasping the writing style.

• Sentiment word frequency Gao et al. (2013) proved that subjectivity and objec-
tivity can be a feature in predicting SNS users’ personality. It is calculated by the 
proportion of positive and negative words. We used the opinion lexicon to obtain 
positive and negative English words (Hu and Liu 2004).

• Subjective/objective polarity The proportion of the amount of positive feelings 
among all feelings. Gao et al. (2013) proved that subjective and objective can be 
a feature in predicting SNS users’ personality. It is calculated by the proportion 
of the number of positive words, subtracted by the number of negative words, 
and by the sum of the numbers of positive and negative words. The positive and 
negative words are selected in the same manner previously described  (Hu and 
Liu 2004).

• Emoticon/emoji frequency and ratio The number of emoticons and emoji char-
acters in a caption. Han et al. (2018) revealed that emoticons and emojis can be 
features in predicting SNS users’ biological sex and age.

• Tag frequency and ratio The number of tags in a caption. Lima and De Castro 
(2014) revealed that the features related with the number of tags can be used in 
predicting SNS users’ personality.

• Caption length The number of characters in a caption. Gao et al. (2013) proved 
that subjectivity and objectivity can be features in predicting SNS users’ person-
ality.

• Caption theme The top 100 vocabulary words in the order of frequency. We 
extract the vocabulary words by using TF-IDF. Han et al. (2018) revealed that 
the caption theme can be a feature in predicting SNS users’ biological sex and 
age.
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6.3  Features from activity modality

We used the following activity-related features: day of posts, weekday or weekend 
of posts, and reply frequency. Overall, we map each feature to the 9-dimensional 
activity feature vector xa.

• Day of posts Which of the seven days the user posted. Adali and Golbeck (2012) 
proved that the day can be a feature in predicting SNS users’ personality.

• Weekday or weekend of posts Whether or not the day the user posted is on a 
weekend or not (binary). We expect that posting on weekends could be a feature 
in predicting gender identity after considering (Adali and Golbeck 2012).

• Reply frequency The frequency of an SNS user’s reply to others. Adali and Gol-
beck (2012) proved that reply frequency can be a feature in predicting SNS users’ 
personality.

6.4  Dependent variables

The dependent variables include masculinity, femininity, and androgyny. We create 
several models to classify the variables from all users as one group, as well as from 
the male and female groups separately.

6.5  Model description

In this subsection, we discuss the deep learning model used in multimodal features. 
We begin with an overview of a single modal method, followed by a multilayer per-
ceptron (MLP).

6.5.1  MLP

Deep learning models with a single modality consist of interconnected units that are 
grouped together in layers. Information propagates through layers, with each per-
forming transformations on their input as a function of internal feature representa-
tions, and globally contributing to the final classification result. The first layer (input 
layer) accepts data in raw or lightly processed format, while the final layer (output 
layer) provides the class (e.g., categories of activity and context) according to the 
value of associated unit. Layers between input and output layers are called hidden 
layers because their values are not monitored, although they are essential for propa-
gating information based on their layer parameters. In this model, we use four hid-
den layers with 0.5 dropout and a rectified linear unit (ReLU) function.

(1)xh = ReLU([xv; xg; xt; xa]Wh + bh)
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6.5.2  Merged DNN

Our model learns to fuse the multimodal input as a part of its overall architecture. 
Figure 5 illustrates a model architecture of our DNN. In this construction, separate 
architectures are built for each modality to learn sensor-specific information first, 
before their generated concepts are unified through representations that bridge 
across all SNS information (e.g., image, text, and activity) later in the network. The 
merged DNN approach generally performs better than the MLP with concatenated 
data in prior studies (Ngiam et al. 2011; Radu et al. 2018).

We use a general method to obtain any combination of different input modalities. 
The power of a DNN does not only come from its depth, but also from the flexibility 
of accommodating complex network structures. It has the flexibility to handle vari-
ous inputs differently. In addition, new features can be added conveniently, without 
messing with the existing network structure. To build the DNN for our study, we 
rely on the late fusion approach. This approach has been effective in many machine 
learning tasks (Karpathy et al. 2014). ‘Fusion’ allows a network to learn a combined 
representation of multiple input streams. In our case, this fusion is executed in the 
classification layers. To combine these networks into one prediction and train them 
together, we merge the dense layers of each modality. Single modality inputs are 
concatenated into an m-dimensional vector (where m is the sum of the dimensionali-
ties of all the input modalities). We multiply this vector by a weighted matrix Wh of 
dimension m × n , add an m-dimensional bias bh , and pass the result through a ReLU.

The result is finally passed through a single dense layer with a sigmoid activa-
tion function before the final classification. We trained our models for 100 epochs 
using the ADAM optimization algorithm (Kingma and Ba 2014). We used a fivefold 
cross-validation (i.e., 80% for training and 20% for testing, repeated five times) to 
predict the age and gender. We used the Keras library,3 one of the widely used open-
source deep learning libraries, for the modeling.

7  Results

We now present the performance of our approach for predicting the masculinity, 
femininity, and androgyny of posts by male or female users. We compare our model 
performance against traditional machine learning algorithms—logistic regres-
sion (Kleinbaum et al. 2002), random forest  (Liaw et al. 2002), and multilayer per-
ceptron—which we consider as reasonable candidates for a baseline. We use the F1-
score as a metric and the one-against-all approach (i.e., calculating the operating 
points for each class and then averaging it out for the entire classifier) for the model 
evaluations.

3 https ://keras .io/.

https://keras.io/
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7.1  Prediction performance results

The performance results of the classification models are presented in Table 4.

7.1.1  All groups

Overall, our merged model (DNN) yielded the best performance (masculine 70%, 
feminine 73%, and androgynous 67%). On an average, the performance of the DNN 
is 70%, which is 5–7% higher than that of logistic regression and much higher than 
that of random forest in every case. Logistic regression shows slightly greater per-
formance than MLP (2–4% differences). This demonstrates the effectiveness of the 
merged model approach and its application of such approach in our study context. 
When comparing the performance of three gender types from the DNN results, 
detecting feminine posts (73%) generally shows better performance than detecting 
masculine (70%) or androgynous (67%) posts.

7.1.2  Male and female groups

Similar to what we found in the all groups case, our merged model (DNN) per-
formed the best for each of the male and female groups. In general, the scores of the 
DNN are 5–6% higher than those of the second best model in every case. Logistic 
regression showed similar or slightly higher performance than MLP. In the case of 
the male group, DNN exhibited greater performance (76% highest) than other mod-
els. The performances of male group are generally better than those of female group. 
In the case of the female group, similarly, DNN exhibited the highest score. In addi-
tion, detecting feminine posts generally shows better performance than masculine or 
androgynous posts for both male and female groups. 

Table 4  Summary of model 
performance (all F1-scores). 
Our deep neural network (DNN) 
model that merges all singular 
models exhibited the best 
performance

Bold means the performance of our model which shows the best one

Gender Model Masculine Feminine Androgynous Avg.

Male RF 0.55 0.66 0.52 0.58
LR 0.67 0.74 0.61 0.67
MLP 0.65 0.73 0.59 0.66
DNN (Ours) 0.73 0.76 0.67 0.72

Female RF 0.55 0.59 0.47 0.54
LR 0.65 0.70 0.59 0.65
MLP 0.65 0.70 0.56 0.64
DNN (Ours) 0.70 0.73 0.65 0.70

All RF 0.56 0.61 0.46 0.54
LR 0.64 0.69 0.61 0.65
MLP 0.60 0.69 0.59 0.63
DNN (Ours) 0.70 0.73 0.67 0.70
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7.2  Feature importance

We compare the important features used for modeling with a gender identity in 
order to see how important these features would be and how they would differ in 
gender identification process. We obtained the importance of the features from 
the logistic regression.

Our approach to using logistic regression to find insights related to feature 
importance is based on the following reasons. First, calculating feature impor-
tance with using DNN is somewhat unclear. While some have tried to understand 
and explain DNN  (Montavon et  al. 2018; Guidotti et  al. 2018), the process to 
understand the interpretability of DNN is in relation to identifying the importance 
of its layers (filters). This is more appropriate to image-related tasks in which the 
importance of filters is used to understand the model. In our work, using DNN is 
difficult, because we need to examine features, not the layers (or filters). Second, 
the performance of our logistic regression model is high enough when than that 
of DNN. The regression model yielded a 5% lower performance on an average 
from DNN, which is still a reasonable performance to further analyze features. In 
summary, a trade-off exists between the complexities and the interpretability of a 
model (Montavon et al. 2018). Using a DNN with a complex structure is likely to 
be advantageous in improving performance; however; explaining the importance 
of features is difficult. On the other hand, logistic regression, which has a rela-
tively simpler structure, yields lower performance but better explains the feature 
importance. In this sense, we believe that using a regression model to understand 
feature importance is reasonable.

To reduce the ambiguity of our results, we clarify the concept of features, espe-
cially VGG-related features. We want to highlight our focus on identifying the 
impact of image-related features in gender identity classification, not on understand-
ing the meaning of individual VGG features. We especially looked at how much 
influence VGG features had on the model performance by selecting the top ten most 
important features for male, female, and all groups, as shown in Tables 5, 6 and 7. 
In Table 5 (male group), the result shows more text-related features were identified 
than VGG features, which means that the impact of text modality is greater than 
image modality in the male group. On the other hand, in Table 6 (female group), 
the result shows that VGG features appeared to be more important than text fea-
tures, which means the impact of image modality is greater than text modality in the 
female group. In Table 7 (all groups), the result shows that the frequency of both text 
features and VGG features is similar. This indicates that the impacts of both image 
and text modalities are analogous, not necessarily leaning toward a certain modality.

7.2.1  Posts by the male group

Table 5 shows the top ten important features of a gender identity in the male group. 
Overall, the text features were more important in male groups than the other two 
groups (Tables 6, 7) as shown by more blue-colored cells. This means that the gen-
der identity of men is shown frequently and well through text.
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• Male  +  masculine group Complexity is the most important feature in this 
group. Masculine men tend to use longer words than people in the other 
groups. The number of tags masculine men use is lower than that of the other 
groups. The average number of tags by masculine men is 3.92 (that of tags 
in all groups is 6.03). In addition, the average number of the first person pro-
nouns is 0.12, which is less than 0.32 (the total average of the first person 

Table 5  Results of feature importance for the male group. Each cell with blue, red, and yellow indicates 
the linguistic, VGG16, and gesture features, respectively (imp. and Pron. refer to feature importance and 
pronoun, respectively). (Color figure online)

Rank
Male Group

Masculine Feminine Androgynous

Feature imp. Feature imp. Feature imp.

1 daily –1.92 tonight 2.43 daily 2.63

2 Complexity 1.81 daily 2.22 tonight –2.28

3 Tag count –1.61 morning 1.99 Complexity 1.89

4 toy –1.59 Complexity –1.84 1st Pron 1.56

5 Hiding face –1.54 1st Pron. –1.62 2nd Pron. 1.51

6 like –1.38 VGG 129 1.59 Emojis count –1.45

7 we –1.28 food –1.48 smiling 1.32

8 1st Pron. –1.69 2018 1.44 Tag count 1.27

9 VGG 252 –1.22 2019 1.31 Arm in arm 1.09

10 VGG 204 1.19 drawing –1.27 food –1.07

Table 6  Results of feature importance for the female group. Each cell with blue, red, and yellow indi-
cates the linguistic, VGG16, and gesture features, respectively (imp. and Pron. refer to feature importance 
and pronoun, respectively). (Color figure online)

Rank
Female Group

Masculine Feminine Androgynous

Feature imp. Feature imp. Feature imp.

1 Complexity –1.93 tonight 2.87 1st Pron. 3.62

2 daily –1.88 daily 2.80 VGG 219 –2.29

3 VGG 167 1.82 VGG 35 –1.69 2nd Pron. 2.22

4 Emojis count –1.81 Emojis count 1.60 VGG 360 –2.18

5 dog 1.64 VGG 327 1.52 daily 1.79

6 drawing 1.55 VGG 130 1.42 VGG 404 –1.53

7 VGG 145 –1.38 VGG 165 –1.34 VGG 435 –1.53

8 VGG 114 –1.34 VGG 131 –1.23 VGG 47 1.46

9 VGG 375 –1.32 VGG 86 –1.20 Hedges –1.31

10 VGG 373 –1.28 VGG 272 –1.19 darawing 1.30
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pronouns). Photographs from masculine men include fewer actions with a 
hiding face. Two features from VGG were found to be in the top ten; these 
VGG features showed a relatively high correlation with masculine men than 
the other groups. Through image features, the masculine men groups charac-
teristics were revealed.

• Male +  feminine group Text features have a high importance in this group. 
The less complexity and the first person pronouns used, the more likely a 
person is in the feminine male group. This group tends to use words of a 
relatively shorter length and fewer first person pronouns. There are more 
photographs with bold exposure in this group than in the other groups. There 
is also only one VGG feature in top ten, meaning that the influence of the 
image features is not as strong as other groups. Interestingly, this group tends 
to use time-related hashtags and words (e.g., ‘tonight,’ ‘daily,’ ‘morning’). 
The tendency to use a time word means that they post on Instagram at a cer-
tain time or related to a specific time.

• Male  +  androgynous group This group is highly correlated by text fea-
tures, more so than the other groups. The use of the first and second per-
son pronouns and tags is higher. The high usage of the first person pronouns 
means that there is a relatively large representation of a persons thoughts or 
opinions. In a social media context, the second person pronouns refer to an 
unspecified majority. This means that the content of the text contains a rela-
tively large number of unspecified entities. In addition, emoji usage is rela-
tively low. The average emoji usage of this group is 0.25, which is lower than 
the average emoji usage of the entire male group (0.69). This group tends to 
post more images with arm-in-arm gestures than the other groups.

Table 7  Results of feature importance for the all groups. Each cell with blue, red, and yellow indicates 
the linguistic, VGG16, and gesture features, respectively (imp. and Pron. refer to feature importance and 
pronoun, respectively). (Color figure online)

Rank
All Group

Masculine Feminine Androgynous

Feature imp. Feature imp. Feature imp.

1 Daily –2.00 tonight 2.73 1st Pron. 2.26

2 1st Pron. –1.90 daily 2.70 VGG 75 –2.24

3 VGG 145 –1.84 VGG 35 –1.70 VGG 145 2.23

4 Hiding face –1.81 VGG 165 –1.50 Emojis count –2.21

5 drawing 1.24 VGG 131 –1.41 2nd Pron. 1.89

6 tonight –1.19 VGG 204 –1.35 tonight 1.75

7 VGG 252 –1.12 Emojis count 1.30 toy –1.69

8 VGG 78 0.99 Complexity –1.01 Complexity 1.63

9 Complexity 0.99 VGG 389 0.94 Arm in arm –1.60

10 Tag count 0.98 2018 0.94 Hedges –1.45
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7.2.2  Posts by the female group

Table 6 illustrates the top ten features of gender identity in a female group. In the 
feminine and androgynous group, VGG features occupy the most in the top ten fea-
ture importance. This means the gender identity of the woman appears better in the 
image than in the text. In the masculine group, on the other hand, more text features 
are found in the top ten, which conversely shows that it is difficult to represent the 
female + masculine group with only the image features.

• Female + masculine group The effect of text features seems strong in this group. 
This group tends to use less emojis. Unlike in the female + feminine group, this 
group has a negative influence on emoji count. Given the number and ranking of 
the image features, the impact of image in this group does not seem to be as large 
as that in other groups.

• Female + feminine group Compared with other groups, the effect of VGG fea-
tures was significantly higher in this group (seven cases). There were seven VGG 
features in the top ten. This indicates that females’ femininity is more likely to 
appear in images. In addition, the use of emojis was higher than in the other 
groups. This group’s average emoji use is found to be 1.34, which is twice as 
large as the average emoji usage of 0.69. There is at least one emoji in the post 
of a women group user. Thus, this group shows distinctiveness in both image and 
text features than the other groups.

• Female + androgynous group Similar to the female + feminine group, this group 
has more VGG features in the top ten (five cases) than other feature types, show-
ing a very high impact of image features on its characterization. In addition, the 
importance of the first and second person pronouns is higher than in the other 
groups, whereas fewer hedges are used by this group than the other groups.

7.2.3  Posts by the all groups

Table 7 shows the top ten importance features by a gender identity in an all groups 
(males and females).

• All + masculine group The effects of the text and VGG features are similar. In 
the text features, the usage of the first pronoun tends to be lower than in the other 
groups. The complexity is also relatively higher. There are three VGG features 
in the top ten, illustrating the impact of the image features. In addition, there are 
fewer images with hiding face in this group than in the others.

• All + Feminine group Compared with the other groups, the use of emojis appears 
to be higher. The average emoji use from the feminine group is found to be 1.13, 
which is higher than the average emoji usage of 0.69. An average of 1.13 means 
there is at least one emoji per image. Five VGG features are included in the top 
ten, showing the impact of the image features. The characteristics of the group 
are clearly illustrated through the image, rather than the text.

• All + Androgynous group Overall, this group is strongly correlated by text fea-
tures. The use of the first and second person pronouns, and complexity are higher 



858 Y. Jeon et al.

1 3

than those of the other groups. Androgynous group tends to use more than other 
groups and to post longer words than other groups. On the other hand, the num-
ber of emojis is relatively low. Two VGG features are found in the top ten, imply-
ing that the influence of the VGG features for this group is less than that for the 
other groups. There are more images with arm-in-arm gestures than in the other 
groups. Both text and images reveal the characteristics of this group.

8  Discussion

8.1  Summary and insights

Social media has penetrated peoples daily lives, allowing them to access, create, 
and interact with a wide range of information. Because of this strong connection 
between social media and its users, online behaviors often reflect various user char-
acteristics (e.g., age, biological sex, gender, emotion, interests, attitude, personal-
ity)  (Kaplan and Haenlein 2010). These characteristics can often be inferred from 
the content. In this study, we aimed to extract the relationship between user attrib-
utes (e.g., gender and biological sex) and a way of using and engaging in social 
media. Our investigation involves collecting data from Instagram, one of the most 
popular social networking sites. Our research was motivated by interviews with real 
marketers wishing to leverage the potential of SNS for marketing. We focused on 
user attributes that will be beneficial for marketing if they can be identified through 
the analysis of the users posts in SNS. We presented an in-depth comparative analy-
sis of user image-sharing practices by applying deep learning techniques. Our study 
revealed two primary insights.

First, we extracted various features from three primary modalities (e.g., image, 
text, and activity). For the image modality, we used the state-of-the-art deep learn-
ing algorithm, VGG16, for extracting image vectors, and a set of gestures that have 
been less considered (yet closely pertinent to representing gender characteristics) in 
prior studies. For the text modality, we used the sentence, tag, category, and lin-
guistic features. For the activity features, we used the temporal characteristics of 
the posts and the characteristics of social interaction. Our DNN model that fuses 
the models of each modality exhibited good performance (76% F1 score at most), 
which is greater than our baseline models that were constructed with the traditional 
machine learning algorithms (i.e., logistic regression, random forest, and MLP).

With the model performance of 76% F1-score, we asked the five marketers (our 
interviewees) the meaning of the performance in relation to consumer targeting or 
advertisement tasks. All marketers mentioned the positive meaning of performance. 
We received a feedback that such performance is sufficient to address the users lack 
of information and the low reliability of the information. One marketer (P3) replied, 
’By using a modeling-based output with quite a good performance as user-related 
information, we can make a good strategy for advertising products to customers. I 
think it will serve the companys interests in the long run by effectively delivering 
product information and brand images to targeted customers who are intending to 
buy products.’ Another marketer (P5) replied, ’In the consumer targeting task, I felt 
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that the users input is insufficient, since SNS subscriptions require little information 
related to the users. Considering the environment of information on SNS, I think the 
performance itself is meaningful for marketers.’

Second, we presented the results of feature importance and how they vary in dif-
ferent user groups. There was big difference between males and females when pre-
dicting gender identity. For the male posts, linguistic-relevant features were more 
important than other features, in principle. In addition, gesture-relevant features 
(e.g., hiding faces, wearing outfits showing too much skin) were important. When 
predicting a masculine male, however, the VGG features were found to be as impor-
tant as the linguistic-relevant features. In predicting the feminine and androgynous 
males, the linguistic-relevant features were found to be important. For the female 
posts, the image-relevant features were found to be more important than the other 
features, in principle. When predicting female-masculine posts, however, the linguis-
tic-relevant features were as important as the image-relevant features. For predicting 
the female-feminine or androgynous posts, the image-relevant features illustrated an 
overwhelming importance. In all groups cases, the image- and linguistic-relevant 
features showed comparable importance.

These data-driven insights indeed substantiate findings in prior studies on the 
relationship between gender and biological sex, and SNS behaviors. In particular, 
we found the possibility that there are certain compositions of pictures and image 
filters used by the group of feminine and androgynous women. Research has shown 
that women are more interested in self-presentation in SNS than men (Haferkamp 
et al. 2012). As far as the self-presentation is concerned, we think that two factors 
in images are meaningful in our study. The first is the composition of a picture. It is 
known that people feel comfortable or attractive in some picture composition lev-
els  (Datta et al. 2006; Guo et al. 2012). The second is an image filter. Users can eas-
ily make their own photographs attractive by using various image filters, which are 
also available on Instagram. Interestingly, we are able to identify such features (i.e., 
specific compositions or image filters) in the photographs by feminine women and 
androgynous women, as shown in Fig. 6.

8.2  Study implications

The behavioral characteristics of social media use, which are based on user proper-
ties, allowed us to develop classification models that achieved overall good perfor-
mance. The models can be fine-tuned and improved further. Our main objective was 
to demonstrate the potential of classifying masculinity, femininity, and androgyny 
for the male, female, and all groups.

The results from this study can be applied to consumer targeting strategies. 
Using our model, given Instagram posts, we apply the information in the post to 
predict the posters gender identity to a reasonable degree. We describe a potential 
tool for marketers, which analyzes the gender identity of a user. Figure 7 illus-
trates an example of possible application based on our prediction model. As high-
lighted in the interviews, we identified the importance of gender identity com-
monly used as a characteristic that defines customers in the product planning 
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stage in many marketing domains. In this sense, our gender identity prediction 
model based on users SNS behaviors can provide an environment for marketers to 
identify the gender identity of customers who have responded to their products. 
Matching target users’ gender identity with products or services is expected to 
positively influence the users reactions to and increase their involvement (e.g., 
adding favorites or comments) in the products or services in SNS. In addition, 
the marketers can measure gender identity of potential customers by determin-
ing which gender identity illustrates a preference for their products or services. 
Through the gender identity information collected from the paid customers, it is 

Fig. 6  Representative images of feminine women (left) and androgynous women (right)

Fig. 7  A prototype application based on our prediction model
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also possible to define a new product characteristic. This can be used as a good 
indicator of the marketing strategy.

Datasets from Instagram users and their posting behaviors enabled us to study 
how they post their life styles, thoughts, or interests on Instagram through the lens 
of gender identity. The capability to understand the difference in posting style will 
be needed to grasp the lifestyle of consumers through their interests, hobbies, and 
buying patterns. We are also interested in better understanding how customers spend 
their spare time, which factors they consider as the most important in buying prod-
ucts, when do they like to purchase products, and so on. Based on the research in this 
paper, we can study the expanded characteristics of consumers beyond their gender 
identity. As described in Introduction, all marketers in our interview expressed a 
significant interest in identifying new groups that appear in many modern societies 
(e.g., herbivore men, macho, girl crush) influenced by various social and economic 
factors. With validated measurements of such user groups (although such measure-
ments have not existed yet), big data that reflect users SNS behaviors, and various 
computational approaches, we will be able to understand and analyze them and their 
characteristics in a more data-driven fashion. This will, in turn, lead to new ways of 
leveraging insights and findings from the analysis to end-users, societies to which 
users belong, and companies.

8.3  Limitations and future work

While our study presents many insights, some limitations do exist, which will be 
addressed in our future work. Firstly, our study results may not be generalized, 
because it is important to build models with more samples and to use data that reflect 
the general population. We plan to collect more data for the user groups in the future 
to develop more comprehensive analyses and classification models. Furthermore, to 
conduct research focused on the gender identity on SNSs reflecting the general pop-
ulation, we have a plan to not only recruit Instagram users across more diverse age 
groups but also to use other SNSs such as Facebook and Twitter, which are reported 
as having more diverse user groups. Here we want to highlight that recruiting par-
ticipants who had active, public Instagram accounts, granted researchers access to 
their posts, and were willing to complete the survey, was challenging. Therefore, we 
believe the results of this research that combines survey responses (which cover par-
ticipants gender identities) and social media posts (which cover participants social 
media behaviors) contribute to social media analysis and modeling. Nonetheless, we 
plan on recruiting more users with greater diversity in user attributes (e.g., age, bio-
logical sex, gender, personality, consumption type). We will also include other activ-
ity types (e.g., temporal variations in posting images, comments).

Secondly, while our proposed model showed reasonable performance, we believe 
there is clearly room for improvement. We believe that more samples will improve 
the model. We plan to use ResNet (Szegedy et al. 2017), the newest image classifi-
cation algorithm, as a feature extraction model. If we apply ResNet to extract fea-
tures from images, a vector of 2048 dimensions is generated, which is more than the 
size of a vector from VGG16. We think extracting more features makes it possible 
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to improve our model; however, it would also require for more samples at the same 
time. Moreover, applying more fine-grained visual or text attention models would be 
helpful in obtaining vectors for modeling. It is important to develop and apply more 
meaningful images, texts, and/or activity features (e.g., temporal variations in image 
vectors, average length of comments, elapsed time of replies, weekly or monthly 
patterns of posting images or comments). Short interviews with marketers or end-
users to determine potentially useful features with respect to gender and biological 
sex would be helpful as well.

9  Conclusions

With the explosive increase in the use of image-based SNS, understanding and mod-
eling users through the analysis of their online behaviors have become possible in 
the context of fashion marketing. Our interviews with the current marketers gave 
us valuable directions on what we should be focusing on. We combined the survey 
study and a large-scale, log-based analysis to investigate the relationships between 
multifactorial gender and biological sex, and the characteristics of shared posts and 
activities on Instagram. Three primary modalities were adequately used for devel-
oping a DNN for classifying masculinity, femininity, and androgyny, yielding bet-
ter performance (up to 76% F1-score) than traditional machine learning algorithms. 
Our results reveal the potential applicability of identifying gender characteristics 
from the posts to the marketing field. We hope that our research will be a step in 
helping achieve many marketers’ needs.
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