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Article

There is much scientific and public debate about the effects 
of social media on adolescents’ psychosocial functioning 
(Orben, 2020; Valkenburg et al., 2022). To date, most social 
media effect studies have used adolescents’ time spent on 
social media as the main indicator of their social media use. 
However, self-reported and digital trace measures of time 
spent on social media cannot offer insights into the content of 
adolescents’ social media use, that is, what adolescents see 
and share on social media. To arrive at a true understanding 
of the effects of social media use on psychosocial function-
ing, researchers need to adopt methodologies that also cap-
ture the content of adolescents’ social media use (Parry et al., 
2022; Valkenburg, 2022; Verbeij et al., 2022).

A promising methodology that allows researchers to 
obtain insights into adolescents’ social media content is 
social media data download packages (DDPs) (Araujo et al., 
2022; van Driel et al., 2022). DDPs are the personal archives 
of social media users that contain all their social media data 
stored by the platform in question. Social media users can 
download their personal archives from a certain social media 
platform and donate it to the researchers. Recent analysis of 
Instagram DDPs showed that sending direct messages (DMs) 
is one of the most popular activities among adolescents (van 
Driel et al., 2022). DMs allow adolescents to interact with 
their peers in a private and synchronous way. Yet, much 
remains unknown about the content that adolescents share 

in their DMs. Using Instagram DDPs, this study will explore 
the content of the DMs that adolescents share using an 
advanced neural topic modeling technique.

To our knowledge, eight earlier studies have analyzed the 
content of social media DMs, with diverging aims. Four 
studies investigated the linguistic characteristics of adoles-
cents’ DMs on both WhatsApp and Facebook (Hilte et al., 
2021; Hilte et  al., 2018, 2020; Surkyn et al., 2021). These 
studies showed that, for example, girls and boys adopt their 
conversation partner’s writing style in mixed-gender conver-
sations in DMs (Hilte et al., 2023). Another study asked ado-
lescents and young adults to label their own DMs as either 
safe (e.g., about food) or unsafe (e.g., unwanted sexual solic-
itations). The study showed that unsafe DMs were more 
emotionally charged and more provocative (Ali et al., 2022). 
In addition, finally, three studies provided a thematic analy-
sis of DMs on various social media platforms (Dong et al., 
2006; Koch et al., 2022; Ranney et al., 2020). One of these 
studies showed that conflicts in adolescents’ DMs could be 
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categorized as either direct versus indirect or serious versus 
nonserious (Ranney et al., 2020). Another study found that 
DMs could be categorized into six topics: sports, pornogra-
phy, games, travel, entertainment, and others (Dong et  al., 
2006). The last study showed that certain topics are shared 
more by women than by men, and vice versa. For example, 
women talked more about social activities in their DMs 
(Koch et al., 2022).

Although earlier literature provided important insights 
into different aspects of DMs, it leaves three important gaps 
that this study aims to fill. A first gap is that it remains unclear 
how many DMs contain expressions of happiness (e.g., DMs 
containing positive emotions indicated by words such as 
“haha”, “funny”, or “love”) or sadness (e.g., DMs containing 
negative emotions indicated by words such as “sad”, “cry”, 
or “regret”). To date, numerous studies have investigated 
expressions of happiness and sadness in public posts on 
social media (e.g., Larsen et al., 2015; Ofoghi et al., 2016). 
For example, an analysis of more than 1 billion Twitter posts 
showed that these posts more often contain expressions of 
happiness than sadness (Larsen et al., 2015). However, it is 
possible that this positivity bias in public posts on social 
media is less apparent in DMs because such messages are 
generally more intimate and allow adolescents to be their 
authentic self (Waterloo et al., 2018). To our knowledge, no 
study has focused on expressions of happiness and sadness in 
adolescents’ DMs. Although three studies (Dong et al., 2006; 
Koch et al., 2022; Ranney et al., 2020) did investigate themes 
in DMs, they did not look at the expression of happiness or 
sadness. Therefore, the first aim of this study is to investigate 
how many of adolescents’ DMs contain expressions of hap-
piness and sadness (Research Question [RQ] 1).

As a second gap in the literature, no study so far has 
investigated whether and to what extent expressions of hap-
piness and sadness in adolescents’ DMs change over time. 
Previous studies concerning public social media posts 
showed temporal trends in the number of posts containing 
expressions of happiness and sadness (Golder & Macy, 2011; 
Larsen et al., 2015). For example, Golder and Macy (2011) 
found that public Twitter posts are more likely to contain 
expressions of happiness on weekends than on weekdays. On 
a seasonal level, they found that public posts were more 
likely to contain expressions of happiness when the summer 
solstice approaches. However, as far as we are aware, no 
study has determined temporal trends in the number of DMs 
containing expressions of happiness or sadness. Therefore, 
our second aim is to study whether and to what extent the 
number of DMs containing expressions of happiness or sad-
ness changes over time (RQ2).

A third gap in the literature is that it is still unknown 
whether expressions of happiness and sadness in adoles-
cents’ DMs are related to their well-being. By now, hundreds 
of empirical studies have aimed to establish the relationship 
between adolescents’ time spent on social media and their 
well-being, often with inconsistent results (Orben, 2020; 

Valkenburg et al., 2022). These mixed findings could, at least 
partly, be explained by the fact that time-based measures of 
social media use are suboptimal to investigate the relation-
ship between social media use and well-being (Valkenburg 
et al., 2022). Instead of the time adolescents spend on social 
media, it is likely that expressions of happiness and sadness 
in adolescents’ DMs drive the influence on well-being. 
Therefore, the third aim of this study is to explore the extent 
to which the number of DMs containing expressions of hap-
piness or sadness is related to adolescents’ well-being (RQ3).

This Study

To address the three aims of this study and the method-
ological limitations of previous research, we used an 
advanced neural topic modeling technique called BERTopic 
(Grootendorst, 2022). We analyzed 101 Instagram DDPs 
belonging to 96 adolescents. These Instagram DDPs con-
tained all 211,778 DM adolescents sent or received within 
an 8-month period. To establish the relationship between 
the number of DMs containing expressions of happiness 
and sadness and adolescents’ well-being, we focused on 
affective well-being, defined as adolescents’ feelings of 
happiness (Tov, 2018). Adolescents’ affective well-being 
was measured 12 times in a separate biweekly survey 
among the same group of adolescents.

We investigated the associations of expressions of happi-
ness and sadness with well-being on a between-person and 
within-person level. On a between-person level, we investi-
gated whether adolescents who sent or received more DMs 
containing expressions of happiness or sadness across the 
8-month period than their peers also had higher (or lower) 
well-being than their peers across the same period. On a 
within-person level, we investigated whether adolescents 
had higher (or lower) well-being than they typically had dur-
ing months when they sent or received more DMs containing 
expressions of happiness (or sadness). Earlier studies on 
social media use and well-being have predominately focused 
on between-person associations (Schønning et  al., 2020). 
However, there is ever more consensus that investigating 
within-person associations is a more rigorous test of media 
effects because a media effect occurs within persons, reflect-
ing an intra-individual change in cognitions, affect, or behav-
ior of an individual due to this individual’s media use 
(Valkenburg & Peter, 2013).

Method

This study is part of a large intensive longitudinal cohort 
study (https://osf.io/uxnm8) on adolescents’ social media 
use and psychosocial functioning, which ran from 21 
November 2019 to 1 July 2020. This project consisted of 
two 3-week Experience Sampling Methodology (ESM) 
studies and 16 biweekly surveys. At the end of the project, 
all remaining adolescents were asked if they wanted to 
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donate their Instagram DDPs, which 102 adolescents did. 
For more information about DDPs, see the works by van 
Driel et al. (2022) and Araujo et al. (2022). This study used 
the DMs from the DDPs and well-being data from 12 
biweekly surveys.

Participants

Participants were recruited via a large secondary school in 
the Netherlands. Of the 388 participants who started the 
overall project, 102 participants provided 110 useable 
Instagram DDPs. There were no age differences between 
participants who donated a DDP (M = 14.04, SD = .69) and 
those who did not (M = 14.14, SD = .70), t(386) = −1.2, p = .23. 
However, girls were more likely to donate a DDP than boys, 
68% versus 52%, χ2 (2, N = 388) = 14.03, p = .001, and par-
ticipants from a lower educational track were less likely to 
donate their DDPs than those from higher educational tracks, 
31% versus 48%, χ2 (2, N = 388) = 9.23, p = .01. Of the 110 
usable Instagram DDPs, 101 contained DMs belonging to  
96 participants (Mage = 14.01 years, SDage = .67, 67% girls),  
of whom 95 participants (99%) identified themselves as 
Dutch. The educational levels of the sample were representa-
tive of the specific region in the Netherlands: 34% of partici-
pants were enrolled in the lower prevocational education 
track, 32% in the intermediate general education track, and 
33% in the academic preparatory track.

Procedure

All participants who provided their DDPs obtained parental 
consent and provided informed assent. Before participants 
donated their DDPs, we provided them information about: 
(1) what they would be sharing with the research team if 
they agreed to participate, (2) the pseudonymization pro-
cess, (3) how the data would be stored, and (4) the type of 
information the researchers was interested in. After partici-
pants provided assent, they automatically proceeded to an 
online survey in Qualtrics. As a first step in the survey, par-
ticipants received questions about how many and what type 
of Instagram accounts they wanted to share (e.g., if the 
account was a regular account or fan account). As a second 
step, participants received detailed visual instructions on 
how to download their own DDP via the Instagram website 
and the smartphone app.

The actual DDP procedure consisted of two main steps. 
At a first step, participants had to log into their Instagram 
accounts to request the download and to confirm the e-mail 
address at which they wanted to receive the data. At a second 
step, within a maximum of 48 hrs after participants’ request, 
Instagram sent the data download zip files to the e-mail 
address participants had provided. Once the DDPs arrived, 
participants needed to download the zip files from their 
e-mail and upload them to a protected server of the univer-
sity via a private link. Each participant received their own 

individualized link to a data folder that was prelabeled with 
their participant number. Adolescents received 5 euros for 
each Instagram DDP they donated. A more complete descrip-
tion of the procedure alongside the promises and pitfalls of 
collecting Instagram DDPs is described in the work by van 
Driel et al. (2022).

Measures

Instagram DMs.  Of the 110 Instagram DDPs, 101 contained 
the file in which the DMs were stored. This file contained 
both text messages and pictures or videos that were shared in 
the DMs. For the purpose of this study, we only extracted the 
text messages. In total, 211,778 text messages were shared in 
3,191 unique chat sessions. The number of DMs differed per 
DDP and ranged from 2 to 39,141 DMs across the 8-month 
study period (M = 2,097.81, SD = 4,675.25; Med = 529). The 
average length of a DM was 21.79 characters (SD = 37.65, 
min = 1, max = 1,069).

Well-Being.  Adolescents’ well-being was measured in 12 
biweekly surveys with the following question: “How happy 
did you feel in the past 7 days?” using a 7-point scale ranging 
from 1 (not at all) to 7 (completely), with 4 (a little) as the 
midpoint.

Statistical Analysis

We used Python (version 3.9.0) for all our analyses. The 
analysis scripts are available online on the Open Science 
Framework (OSF; https://osf.io/w6e9d). To determine the 
main topics in adolescents’ Instagram DMs, we employed 
BERTopic (version 0.1.2), a neural topic modeling technique. 
Most previous studies have relied on dictionary approaches 
to analyze expressions of happiness and sadness in social 
media content, like sentiment analyses (e.g., Larsen et  al., 
2015). Only very few studies have employed deep-learning 
applications like BERTopic.

There are two important advantages of applications  
like BERTopic in comparison with traditional dictionary 
approaches. First, dictionary approaches typically rely on 
predefined lists of words in a certain language to determine 
their meaning (e.g., “happy” and “cry”). BERTopic, in con-
trast, determines the meaning of words by considering their 
context, that is, the order of and relationships between the 
words. For example, when an adolescent shares/receives a 
DM containing the word “haha”, BERTopic also considers 
all the other words in this DM. A second related advantage 
of BERTopic is that certain unknown or slang words, as 
common in adolescents’ language, which would not show 
up in predefined lists, can also be recognized and clustered 
with other expressions of happiness and sadness. For exam-
ple, while a word like “omg” is not part of Dutch language, 
it is often used among Dutch adolescents. In BERTopic, 
such a word would cluster together with known expressions 
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of happiness, such as “funny” or “haha”. This focus on ado-
lescents’ language is important because neural network 
models have mainly been trained to predict expressions of 
happiness or sadness in adults’ social media content (e.g., 
Ouyang et al., 2015; Severyn & Moschitti, 2015), but have 
hardly been used to assess expressions of happiness and 
sadness in adolescents’ social media content.

In all, neural network models, like BERTopic, provide  
us with a richer understanding of adolescents’ language in 
their Instagram DMs compared with traditional dictionary 
approaches. Yet, even neural network models cannot solve 
the symbol grounding problem in artificial intelligence (AI), 
that is, how neural network models connect words (symbols) 
to the real-world objects they refer to. Therefore, it remains a 
challenge for these models to truly understand the meaning 
of words (for a discussion, see the work by Harnad, 1990). 
However, BERTopic does consider other words in adoles-
cents’ Instagram DMs to determine the “meaning” of words, 
which makes it more versatile in interpreting language com-
pared with dictionary approaches.

As discussed by Grootendorst (2022), BERTopic gener-
ates topics through three main steps: (1) generating DM 
embeddings, (2) clustering the DMs, and (3) generating key-
words for the topics. In a first step, DMs are embedded to 
create representations in a vector space. This allows research-
ers to compare the semantic meaning of the DMs. The closer 
adolescents’ DMs are in the vector space, the more semanti-
cally similar they are (e.g., “happy” and “funny”). Conversely, 
the further they are from each other in this vector space, the 
more semantically unique they are (e.g., “happy” and “sad”). 
Compared with more traditional approaches toward topic 
modeling (e.g., Latent Dirichlet Allocation [LDA]), embed-
ding-based approaches like BERTopic show superior per
formance (Grootendorst, 2022). While there are multiple 
embedding-based models available (e.g., top2vec, see the 
work by Angelov, 2020), we decided to use BERTopic 
because it has been shown to perform well compared with 
many alternatives (Grootendorst, 2022).

In a second step, the embeddings are clustered using a 
clustering technique called Hierarchical Density-Based 
Spatial Clustering of Applications with Noise (HDBSCAN; 
for more details about HDBSCAN, see the work by McInnes 
et al., 2017). This clustering technique groups DMs that are 
similar to each other. HDBSCAN also allows DMs that do 
not belong to any other topic to be modeled as outliers (i.e., 
“Topic-1”). Other unsupervised techniques for identifying 
topics, such as LDA, lack the advantage of approaches that 
employ contextualized embeddings to distinguish hom-
onyms or deal with (near-)synonyms. Neither do they allow 
outliers to be modeled as a separate topic (Li et al., 2018). 
This makes these topic modeling techniques more sensitive 
to noise that occurs frequently in short-text documents like 
DMs. In the third and final step, BERTopic generates key-
words for each topic, using term frequency–inverse docu-
ment frequency (TF–IDF) scores. The TF–IDF score shows 

which words are most important in a DM by weighing the 
frequency in a DM by how rare the words are in other DMs 
(for more details, see the work by Manning et  al., 2008). 
These TF–IDF scores also allow researchers to reduce the 
number of topics by merging topics that have similar key-
words (e.g., topics with the keywords “funny” and “laugh”).

Topic Models.  We compared nine different BERTopic models, 
which varied in topic size and message length. In each model, 
we defined the minimum size of each topic through the 
parameter min_topic_size. The lower this parameter is set, 
the smaller topics are allowed to be (i.e., the fewer DMs a 
topic contains). This also allows niche topics (i.e., topics in 
DMs that are not discussed often). We compared models 
with a minimum topic size of 50, 100, and 200 DMs. In addi-
tion, we explored variations in DM length, because short 
messages like DMs have been proven challenging for topic 
modeling techniques (Mehrotra et al., 2013). Based on the 
work by Mehrotra et al. (2013), we compared models based 
on three different DM lengths: the original DMs (i.e., with at 
least one character), DMs containing at least 20 characters, 
and concatenating the DMs per conversation per hour.

Since multiple languages (e.g., Dutch and English)  
were used in the DMs, we employed a multilingual model 
(“paraphrase-multilingual-MiniLM-L12-v2”), which also 
deals well with emojis. That is, BERTopic treats emojis just 
like words and embeds them in the same space, such that the 
emoji’s meaning is captured. After fitting each topic model, 
we used the CountVectorizer function of the package 
Scikit-learn (Pedregosa et al., 2011) to preprocess the topic 
model to avoid that stop words (e.g., “while” or “because”) 
would be used in the generation of keywords. In this case, a 
CountVectorizer counts how many times each stop word 
appears in adolescents’ DMs. This is a suggested method by 
the creator of BERTopic (Grootendorst, 2022), especially 
useful for short DMs, as they typically contain many stop 
words. It is important to note that we explicitly fitted this 
vectorizer after we fitted our model so it would not actually 
change the meaning of the DMs.

Final Topic Model.  All nine models identified similar trends in 
topics, but the models varied in terms of number of topics 
(from 13 to 669 topics) and face validity (i.e., the interpret-
ability of the topics). The best model in terms of face validity 
was the model with a minimum topic size of 200 DMs and a 
DM length of at least 20 characters. This model contained 
77,142 DMs of 95 participants and identified 60 topics.  
This was considered the best model for two reasons. First, 
BERTopic needs Instagram DMs that are sufficiently long so 
that the meaning of words can be determined by its context. 
This is more difficult with very short Instagram DMs  
(e.g., <20 characters) as they are often used without context. 
Second, we cannot assume that Instagram DMs concatenated 
within a conversation across a specific time interval are 
about the same topic. In other words, the best time interval 
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for concatenation is different for every participant and every 
conversation. For instance, on 1 day, two people might talk 
intensively sending Instagram DMs to each other within 
minutes, while at other moments the same two people might 
wait days before replying to an Instagram DM. As is com-
mon in topic modeling, we determined topics based on the 
top-10 keywords (e.g., Porturas & Taylor, 2021; Song et al., 
2009). As a rule, topics were considered to contain expres-
sions of happiness if they were determined by keywords such 
as “nice”, “hahaha”, “omg”, “funny”, and “beautiful”, and 
expressions of sadness if they were determined by keywords 
such as “dead”, “cry”, “regret”, “feel”, and “sad”. We manu-
ally merged three topics of which the keywords indicated 
expressions of happiness and three topics that showed 
expressions of sadness.

Validation of the Final Topic Model.  We concentrated our vali-
dation efforts on whether the topics that contained expres-
sions of happiness and sadness could be reliably labeled as 
such by two annotators as well as the final model. We took a 
stratified subsample of 60 DMs, of which 30 were labeled by 
the final model as containing expressions of happiness and 
30 as containing expressions of sadness. Two researchers 
independently coded the 60 DMs as either happiness or  
sadness expressions. The interrater reliability (Cohen’s κ) 
between the researchers and between the researchers and  
the predictions made from our final model ranged from 
substantial to near-perfect agreement (κrater.a*rater.b = .83; 
κrater.a*model = .77; and κrater.b*model = .83).

To further validate our model, we compared the results of 
the topic model with the results of manual coding of the DMs 
that also took into account the context of the DMs (van 
Atteveldt et al., 2021). That is, for our stratified sample of 60 
Instagram DMs, we also considered the DMs that preceded 
the respective DM in the chat session to determine whether a 
DM contained expressions of happiness or sadness, respec-
tively. Since there is no optimal way to concatenate conver-
sations, this type of topic determination is difficult to realize 
with BERTopic modeling. The confusion matrix of the man-
ual coding of the 60 DMs and the predictions made by our 
final BERTopic model are available on OSF (https://osf.io/
q5gz4).

We also calculated precision, that is, the percentage of 
model predictions that were correct. A precision value of 1.0 
indicates that there are no false positives. The precision was 
.93 for the DMs containing expressions of happiness and 1.00 
for the DMs containing expressions of sadness. We also cal-
culated recall, the percentage of manually coded happiness/
sadness expressions that were also identified by the model as 
such. A recall value of 1.0 indicates that there are no false 
negatives. The recall was 1.00 for the DMs containing expres-
sions of happiness and .94 for the DMs containing expres-
sions of sadness. To conclude, our final model can, in nearly 
all instances, correctly detect DMs that contain expressions of 
happiness or sadness and distinguish between them.

Investigating RQs.  RQ1 asked about the frequency of DMs 
containing expressions of happiness or sadness. To investi-
gate RQ1, we calculated the total frequency of DMs that 
were labeled as containing expressions of happiness or sad-
ness across the sample (RQ1a). In addition, for each adoles-
cent, we calculated the ratio of happiness versus sadness 
expressions in their Instagram DMs (RQ1b). RQ2 asked 
whether the frequency of DMs that contained expressions of 
happiness or sadness changed over time. To investigate RQ2, 
we employed the dynamic topic modeling function of BER-
Topic to visualize how the number of DMs containing 
expressions of happiness or sadness changed over the course 
of the study period across all adolescents (RQ2a) and for 
each adolescent separately (RQ2b).

RQ3 asked about the association between the frequency 
of DMs labeled as containing expressions of happiness or 
sadness and well-being. We assessed this relationship on 
both a between- and within-person level. On the between-
person level, we investigated whether adolescents who sent 
or received more DMs containing expressions of happiness 
or sadness than their peers also had a higher (or lower) level 
of well-being than their peers (RQ3a). To determine the 
between-person Pearson correlation coefficient, we used  
the corr function of the Python package pingouin (Vallat, 
2018). We interpreted the between-person correlations 
according to the guidelines of Gignac and Szodorai (2016). A 
correlation ranging from (1) −.10 < r < .10 was interpreted as 
“nonexistent to very small”; (2) .10 ⩽ r < .20 was interpreted 
as “small”; (3) .20 ⩽ r < .30 was interpreted as “moderate”; 
and (4) r ⩾ .30 was interpreted as “large”.

Finally, on the within-person level, we investigated 
whether adolescents had higher (or lower) well-being than 
they typically had during months when they sent or received 
more DMs containing expressions of happiness (or sadness) 
(RQ3b). To get indices of well-being on a monthly time inter-
val, we calculated average well-being scores across the two 
biweekly surveys of each month. To calculate the within-
person associations, we used the rm_corr function of the 
Python package pingouin (Vallat, 2018). Following Meier 
and Reinecke (2021), we interpreted the within-person cor-
relations ranging from −.05 to +.05 as “nonexistent to very 
small”, and within-person correlations beyond this range as 
either negative or positive.

Results

Topics and Themes in Adolescents’ DMs

Our final BERTopic model consisted of 60 topics. An  
overview of the 20 largest topics and their corresponding 
keywords is presented in Appendix A (https://osf.io/nrjc6). 
Figure 1 shows a visualization of the 60 topics projected into 
a two-dimensional vector space. The closer the topics are in 
the vector space, the more similar they are, and the further 
apart they are, the more dissimilar they are. For example, as 
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Figure 1 shows, the two topics covering expressions of hap-
piness and sadness are in the opposite dimension of the vec-
tor space.

We manually merged three topics of which the keywords 
indicated expressions of happiness and three topics that 
showed expressions of sadness. A total of 5,603 DMs (7%) 
were labeled as containing expressions of either happiness or 
sadness. A total of 27,587 DMs (36%) that did not contain an 
expression of happiness or sadness were manually clustered 
into four other themes based on overlap in their keywords. 
These themes were friends/family (17%), activities/hobbies 
(10%), (social) media (7%), and school (2%). A total of 
17,404 DMs (23%) did not belong to one of these themes  
and were manually clustered together as a separate theme 
(“other”). A total of 26,548 DMs (34%) could not be labeled 
at all and were considered outliers. The number of outliers 
was consistent across adolescents (M = 35%, SD = 13%). 
Figure 2 provides a visualization of the DMs and their 
respective categorization. Since our study is focused on well-
being, in the remainder of this article, we will only focus on 
expressions of happiness and sadness in adolescents’ DMs.

Expression of Happiness and Sadness  
in Adolescents’ DMs

To address RQ1, we investigated the frequency of DMs con-
taining expressions of happiness or sadness. Overall (RQ1a), 
expressions of happiness exceeded expressions of sadness: 

Of the 77,142 DMs, 4,570 (6%) were labeled as containing 
expressions of happiness, while 1,033 DMs (1%) were 
labeled as containing expressions of sadness. This prepon-
derance of happiness over sadness in the sample was also 
observed on an individual level (RQ1b). Of the 95 adoles-
cents in our final model, 74 (78%) sent or received more 
DMs that contained expressions of happiness than sadness, 
20 adolescents (21%) sent or received an equal number of 
DMs that had expressions of happiness and sadness, and one 
adolescent (1%) sent or received more DMs that had expres-
sions of sadness than happiness. To conclude, both across 
the sample and on an individual level, DMs that contained 
expressions of happiness were more prevalent than DMs that 
contained expressions of sadness.

Table 1 presents the correlations between expressions of 
happiness and sadness. Overall, we found that, on a between-
person and within-person level, the number of DMs contain-
ing expressions of happiness and sadness were highly 
correlated. The between-person correlation (r = .95) indicates 
that adolescents who sent or received more DMs containing 
expressions of happiness compared with their peers also sent 
or received more DMs containing expressions of sadness. On 
a within-person level, we found a similar trend (r = .76). That 
is, when adolescents sent or received more DMs containing 
expressions of happiness than they usually did, they also sent 
or received more DMs containing expressions of sadness. 
The intraclass correlations (ICCs) indicated that 68% of the 
variance in sending/receiving expressions of happiness and 

Figure 1.  Representation of the final BERTopic model projected into a two-dimensional space.
Note. Each circle represents a topic. Larger circles are indicative of larger topic sizes (i.e., more DMs belong to that topic). The closer topics are in the 
vector space, the more similar they are.
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61% of the variance in sending/receiving expressions of sad-
ness were explained by differences between adolescents, 
while 32% and 39% were explained by fluctuations within 
adolescents, respectively.

Temporal Trends in the Expression of Happiness 
and Sadness in Adolescents’ DMs

To address the second aim of our study, we investigated 
whether the frequency in DMs that contained expressions of 

happiness and sadness changed over time. We investigated 
these temporal trends on both a sample level (RQ2a) and an 
individual level for all adolescents separately (RQ2b). We 
looked at temporal trends over the full 8-month study period. 
It should be noted that our study started on 21 November . 
Therefore, for November, only 10 days could be included in 
the analyses.

Temporal Trends Across All Adolescents.  Overall, as the red line 
in Figure 3 shows, adolescents sent or received DMs that 
contained expressions of happiness least often in November, 
December, January, February, May, and June. Conversely, 
there was a peak in the number of DMs containing expres-
sions of happiness in March and April. DMs that contained 
expressions of sadness (blue line in Figure 3) were least 
often sent in the first 4 months of the study (November until 
February) and most often in the final 4 months of the study 
(March until June). To conclude, across adolescents, the 
number of DMs that contained expressions of happiness or 
sadness was most prevalent in March and April.

Temporal Trends on an Individual Level.  On an individual level, 
we explored temporal trends in expressions of happiness and 
sadness in DMs for each adolescent separately and potential 
differences across adolescents in these temporal trends. We 
found that temporal trends were different for each adoles-
cent. Figure 4 shows the temporal trends for two participants, 
who differ in the number of DMs that they sent or received. 

Figure 2.  Categorization of the 77,142 direct messages into six themes projected into a two-dimensional vector space.
Note. The dots represent adolescents’ DMs. Light gray dots represent outliers. The closer DMs are in the vector space, the more similar they are.

Table 1.  Descriptive Statistics and Between-Person, Within-
Person, and Intraclass Correlations for All Variables.

EH ES WB

EH — .76* −.04
ES .95* — −.04
WB −.07 −.09 —
M 48.11 10.87 5.61
SD 138.11 34.45 1.14
Range 0–1,227 0–301 1–7
ICC .68 .61 .55

Note. Correlations below the diagonal line represent between-person 
correlations; correlations above the diagonal line represent within-person 
correlations. EH: number of DMs containing expressions of happiness; 
ES: number of DMs containing expressions of sadness; ICC: intraclass 
correlation; WB: well-being.
*p < .001.
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The left-hand plot shows that the number of DMs that con-
tained expressions of sadness remained relatively constant 
over time for this participant. However, the participant’s 
expression of happiness declined over time, such that the 
expression of happiness was as low as the expression of sad-
ness by the end of the 8-month period. In contrast, the right-
hand plot in Figure 4 shows a participant who sent or received 
least DMs that contained expressions of happiness and sad-
ness in the first 4 months of the study and sent or received 
most of such DMs midway the study. For this person, an 
increase in the number of DMs that contained expressions of 
happiness seemed to co-occur with an increase in the number 
of DMs that had expressions of sadness. Altogether, Figure 4 
illustrates that individual differences exist in the temporal 
trends in the expressions of happiness and sadness.

The Relationship between Expressions  
of Happiness and Sadness in DMs and Well-Being

To address the third aim of our study, we investigated the 
association between the frequency of DMs containing expres-
sions of happiness or sadness and adolescents’ well-being. 
We investigated this association on a between-person (RQ3a) 
and within-person level (RQ3b). On a between-person level, 
adolescents who sent or received more DMs containing 
expressions of happiness (r = −.07, p = .54, 95% confidence 

interval [CI] = [−.27, .14]) or sadness (r = −.09, p = .40, 95% 
CI = [−.29, .12]) than their peers did not have higher (or lower) 
well-being than their peers. On a within-person level, when 

Figure 3.  The number of direct messages containing expressions 
of happiness (red line) and sadness (blue line) over time.
Note. The gray line reflects the total number of DMs. Each dot represents 
a week of the study.

Figure 4.  Temporal trends in the frequency of direct messages containing expressions of happiness (red line) and sadness (blue line) for 
two different participants.
Note. The y-axis differs per plot.
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adolescents sent or received more DMs containing expres-
sions of happiness (r = −.04, p = .44, 95% CI = [−.14, .06]) or 
sadness (r = −.04, p = .46, 95% CI = [−.14, .06]) than they usu-
ally did, they did not have higher (or lower) well-being than 
they usually did. To conclude, both on a between-person and 
within-person level, the frequency of DMs containing expres-
sions of happiness or sadness was not associated with adoles-
cents’ well-being.

Sensitivity Analyses

To determine the robustness of our results, we performed 
two sensitivity analyses. First, since the majority (51%) of 
the Instagram DMs in our final topic model were sent or 
received by just seven Instagram accounts, we explored 
whether our main findings still hold when these accounts 
were excluded. Second, we explored the robustness of our 
results by distinguishing the Instagram DMs that adoles-
cents sent and those they received. The results of these sen-
sitivity analyses did not deviate from our main findings. 
More details about these sensitivity analyses are available 
on OSF (https://osf.io/xaz76).

Discussion

The aim of this study was to provide insights into the content 
of adolescents’ social media use, using state-of-the-art neural 
topic modeling (BERTopic) (Grootendorst, 2022). In a sam-
ple of 96 adolescents who donated their Instagram data 
download packages (DDPs), we investigated the number of 
DMs that contained expressions of happiness and sadness 
and their respective relationship with well-being. The four 
main findings of our study can be summarized as follows: (1) 
expressions of happiness were sent or received four times 
more than expressions of sadness; (2) the number of DMs 
containing happiness and the number of DMs containing 
sadness were highly correlated; (3) there are temporal trends 
in the expression of happiness and sadness in adolescents’ 
DMs, and these temporal trends were different for each ado-
lescent; and (4) there is no significant between- or within-
person relationship between the number of messages 
containing expressions of happiness and sadness and adoles-
cents’ well-being.

Similar to studies that investigated expressions of happi-
ness and sadness in public social media posts using vastly 
different methodologies (Larsen et al., 2015), we found that 
adolescents sent and received more DMs that contained 
expressions of happiness than sadness; happiness was 
shared more than four times more often than sadness. These 
findings are also in line with studies by Valkenburg et  al. 
(2021) and Weinstein (2018), showing that adolescents’ 
experiences on social media are more often positive than 
negative. Our results confirm that there is a positivity bias in 
the expression of happiness and sadness on social media 
(Reinecke & Trepte, 2014). While previous studies showed 

that the positivity bias is apparent in public social media 
posts (Schreurs & Vandenbosch, 2021), our results revealed 
that this bias also applies to adolescents’ private DMs. Yet, 
whereas the positivity bias in public social media posts 
mostly leads to negative effects, like envy, this bias in pri-
vate DMs might also yield enjoyment or inspiration (Meier 
& Johnson, 2022; Weinstein, 2018).

Our study also showed that adolescents differ in their 
expression of happiness and sadness. We found that adoles-
cents who sent or received more happy DMs compared with 
other adolescents, also sent or received more sad DMs. As 
such, it seems that some adolescents are more emotionally 
expressive than other adolescents, regardless of the valence 
of their emotions (i.e., happiness or sadness). These findings 
corroborate the notion that there are individual differences 
in the extent to which adolescents outwardly display their 
emotions (Kring et al., 1994). An open question is whether 
these individual differences are also reflected in adoles-
cents’ psychosocial functioning. For example, research con-
cerning face-to-face interactions found that adolescents 
with low emotional expressivity also have poorer peer rela-
tions and perform worse at school (Zeman et al., 2006). It is 
likely that these findings also translate to adolescents’ online 
interactions.

We further extended the literature by investigating tempo-
ral trends in the expression of happiness and sadness in ado-
lescents’ DMs. We found that adolescents sent or received 
most expressions of happiness and sadness in March and 
April. This is most likely due because this period coincided 
with the start of the coronavirus disease 2019 (COVID-19) 
lockdown. During this lockdown, adolescents were more-
or-less forced to communicate with their peers via DMs,  
as real-life meetings were constrained. In June, when most 
COVID-19 regulations were relaxed in the Netherlands and 
adolescents were allowed to go back to school, we found 
fewer DMs containing expressions of happiness or sadness. 
These findings suggest that social media allow adolescents 
to stay in contact with their peers in extreme external circum-
stances (e.g., COVID-19) and express both their positive and 
negative emotions. When face-to-face contact is limited, 
social media might be a beneficial tool for sustaining adoles-
cents’ normal emotional development.

We also investigated the relationship between adoles-
cents’ expressions of happiness and sadness with adoles-
cents’ well-being. Most previous studies that have looked at 
the relationship between social media use and well-being 
have used time spent on social media as the main indicator 
of social media use. The majority of these studies reported 
nonsignificant relationships between social media use and 
well-being (for reviews, see the works by Orben, 2020 and 
Valkenburg et  al., 2022). In line with these studies, our 
results showed that social media content, in terms of the 
number of DMs containing expressions of happiness and 
sadness, was not associated with adolescents’ well-being on 
a monthly level. There might be at least two explanations for 

https://osf.io/xaz76
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this finding. First, the effect of adolescents’ expression of 
happiness and sadness in DMs on their well-being might 
differ from adolescent to adolescent (Beyens et  al., 2020, 
2021; Valkenburg et  al., 2021). That is, some adolescents 
might become happier when sending/receiving DMs con-
taining expressions of happiness or sadness, whereas others 
might become less happy or stay unaffected. In our study, 
these individual differences might have canceled each other 
out, resulting in the overall null effect. A second explanation 
might be that the monthly time interval in which we mea-
sured expressions of happiness and sadness might have been 
too long to validly assess associations with well-being. That 
is, it is possible that expressions of happiness and sadness in 
adolescents’ DMs predict well-being on a shorter time scale, 
for example, within days or even hours (Beyens et al., 2020; 
Boele et al., 2023).

Strengths, Limitations, and Avenues for  
Future Research

As a first strength, our data download approach allowed us to 
collect the DM adolescents sent and received in the study 
period rather than only the DM adolescents sent. As such we 
were able to capture not only active (sending DMs) but also 
passive (receiving DMs) social media use. This is important 
because DMing cannot be dichotomized into active and pas-
sive use, as it is a dynamic process of both sending and 
receiving DMs (Meier & Krause, 2023). As a second strength, 
our intensive longitudinal design allowed us to collect 
Instagram DDPs and survey data on adolescents’ well-being 
across an 8-month period. This allowed us to investigate the 
within-person associations between adolescents’ DMs con-
taining expressions of happiness and sadness and well-being. 
This focus on within-person processes is important, because 
a media effect is a within-person effect, and each adolescent 
might have his (or her) own unique susceptibility to the 
effects of social media content (Valkenburg & Peter, 2013). 
As a third strength, this study and its neural topic modeling 
approach allowed us to comprehensively capture adolescent 
language during a developmental phase that is characterized 
by many changes in linguistics (e.g., the use of slang words) 
and personality (e.g., emotional changes).

Despite its strengths, our study also has some limitations. 
First, there was a skewed distribution of the number of mes-
sages adolescents sent or received: More than half (51%) of 
all DMs came from just seven Instagram accounts. This 
skewed distribution might have affected the distribution of 
topics. For example, if one of the most frequent DMers sent 
or received many DMs containing expressions of happiness, 
it is likely that this topic became more pronounced in our 
topic model. However, our sensitivity analysis showed that 
excluding these seven Instagram accounts lead to a similar 
distribution of DMs containing expressions of happiness and 
sadness. Second, it is important to note that we did not focus 
on intensity in happiness and sadness. For instance, being 

annoyed and frustrated are both expressions of sadness but 
differ in their intensity (De Choudhury et  al., 2012). As a 
consequence, these nuances in expressions of happiness and 
sadness might also influence adolescents’ well-being in dif-
ferent ways. Third, although neural network models, like 
BERTopic, have multiple advantages over traditional diction-
ary approaches, they are less straightforward to understand 
than dictionary approaches. These neural network models 
are often assumed a “black box”. That is, the corpus goes in 
(e.g., adolescents’ Instagram DMs) and the topics come out, 
while it is unclear how the model determines the topics. 
However, the field of Explainable AI (XAI) has come up  
with multiple approaches to combat this limitation of neural 
network models, explaining how predictions made by such 
“black-box” models can be interpreted using measures of 
feature importance, surrogate models, visualizations, and so 
on (e.g., see the work by Molnar, 2022).

We have three suggestions for future research. First, 
researchers should aim to combine different types of content 
(e.g., both text and pictures/videos from DMs). In this study, 
we focused on the text messages in adolescents’ DMs. 
However, adolescents’ DMs also contain visual information, 
such as pictures and videos. To get a more comprehensive 
picture of the expressions of happiness and sadness specifi-
cally and content in DMs more generally, researchers should 
combine results from analyzing the expressions of happi-
ness and sadness in text messages (e.g., via BERTopic) and 
analyzing expressions of happiness and sadness in pictures 
(e.g., using computer vision) (Hu et al., 2014). For instance, 
multimodal transformer models are promising as they allow 
researchers to analyze images and text simultaneously. 
Second, researchers should aim to analyze the expressions of 
happiness and sadness in adolescents’ DMs on different social 
media platforms, because adolescents use different platforms 
in complementary ways (van Driel et al., 2019). For instance, 
Instagram might be primarily used by adolescents to commu-
nicate with their peers, whereas WhatsApp is used to com-
municate with their parents. In turn, the prevalence of 
expressions of happiness and sadness might differ across 
social media platforms. Third, it would be interesting to sys-
tematically investigate how different neural network topic 
modeling approaches (e.g., top2vec versus BERTopic) could 
lead to different results when investigating adolescents’ 
social media content, like adolescents’ Instagram DMs.

Conclusion

Through neural topic modeling, this study provided novel 
insights into adolescents’ expressions of happiness and sad-
ness in their DMs. Adolescents were more likely to express 
happiness than sadness in their DMs. We also showed that 
the number of messages containing expressions of happiness 
or sadness changes over time and that these trends differ per 
adolescent. Finally, we showed that there is a nonsignificant 
relationship between the number of messages containing 
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happiness or sadness and adolescents’ well-being. At the 
moment, much is still unknown about the content that ado-
lescents share in their DMs and its relationship with their 
well-being. Novel methods allow for novel results; advances 
in AI, like neural topic modeling, might be an important ave-
nue to help social media researchers gain a more thorough 
understanding of adolescents’ social media content.
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