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Introduction 
 
The WHO defined “domestic violence” (DV) or 
“intimate partner” as the “behavior by an inti-
mate partner or ex-partner that causes physical, 
sexual or psychological harm, including physical 

aggression, sexual coercion, psychological abuse 
and controlling behaviors.” (1). While it was 
widely acknowledged that DV is a major human 
rights violation and a pervasive widespread public 

Abstract 
Background: Domestic violence is a global public health concern as stated by World Health Organization. 
We aimed to conduct a textual analysis of tweets associated with domestic violence through keyword identifi-
cation, word trends and word collocations. The data was obtained from Twitter, focusing on publicly available 
tweets written in English.  The objectives are to find out if the identified keywords, word trends and word col-
locations can help differentiate between domestic violence-related tweets and non-domestic violence-related 
tweets, as well as, to analyze the textual characteristics of domestic violence-related tweets and non-domestic 
violence-related tweets.  
Methods: Overall, 11,041 tweets were collected using a few keywords over a period of 15 days from 22 March 
2021 to 5 April 2021. A text analysis approach was used to discover the most frequent keywords used, the 
word trends of those keywords and the word collocations of the keywords in differentiating between domestic 
violence-related or non-domestic violence-related tweets.  
Results: Domestic violence-related tweets and non-domestic violence-related tweets had differentiating char-
acteristics, despite sharing several main keywords. In particular, keywords like “domestic”, “violence” and “su-
icide” featured prominently in domestic-violence related tweets but not in non-domestic violence-related 
tweets. Significant differences could also be seen in the frequency of keywords and the word trends in the col-
lection of the tweets.  
Conclusion: These findings are significant in helping to automate the flagging of domestic-violence related 
tweets and alert the authorities so that they can take proactive steps such as assisting the victims in getting 
medical, police and legal help as needed. 
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health concern, DV has once again come into 
limelight as a results of imposed quarantine or 
social distancing orders in many parts of the 
world due to the Coronavirus 2019 Disease 
(COVID-19) outbreak. For example, in a system-
atic review involving 32 studies on domestic vio-
lence cases during COVID-19, it was found that 
the pandemic had caused an increase of up to 20 
– 75% of DV cases depending on countries or 
regions (2). 
However, as DV incidents are often personal and 
contains sensitive details, DV survivors often 
have a difficult time admitting their troubles 
openly out of fear of repercussions of being 
found out by their perpetrators (3, 4).  Further-
more, due to the shameful nature of DV, a wom-
an may also face a lot of family pressure to cover 
up the DV experiences particularly in a patriar-
chal culture (5). 
On the other hand, social media usage has been 
ubiquitous and is easily available at almost any 
individual’s disposal at any time. Due to its nature 
of allowing users to convey their feelings on 
these platforms, individuals who suffer from DV 
may similarly express their concerns or may even 
ask for help from their online acquaintances albe-
it in a veiled manner.  Indeed, due to the advent 
of web 2.0, social media platforms had been lev-
eraged in recent years to identify public health 
concerns (6, 7). One of these most used social 
media platforms is the micro-blogging platform 
Twitter (8, 9), which allows users to send short 
messages limited to 240 characters, known as 
tweets. In a systematic review on the application 
of Twitter as a health research tool (10), the au-
thors have shown that Twitter had been success-
fully used, through a variety of approaches such 
as content analysis, surveillance (11), user en-
gagement and network analysis, for a variety of 
public health concerns including influenza, vac-
cination, smoking, diabetes, obesity, Ebola, heart 
disease mortality, asthma in emergency depart-
ment and cancer.  
Through sentiment analysis, Twitter has also 
been used to monitor the degree of public health 
concerns during a spreading epidemic (12). For 
example, since the beginning of the coronavirus 

2019 (COVID-19) pandemic, Twitter had been 
used to analyse people’s opinions and emotions 
during the different stages of the pandemic (13) 
as well as their attitude towards public health 
COVID-19 policies (14).  
As mentioned, one of the unintended conse-
quences of quarantine orders due to COVID-19 
is the surge of domestic violence when the survi-
vors were forcibly trapped together with their 
perpetrators in the same house (15, 16). Yet, de-
spite the increased in DV cases during the 
COVID-19 pandemic, there had been a paucity 
of studies on the application of Twitter in this 
area of public health concern. Twitter was a use-
ful platform to raise the DV awareness (17). On 
the other hand, Xue et al. (18) found that some 
of the commonly associated topics and words 
associated with DV were “awareness month” 
“victim domestic”, “stop domestic” as well as 
some high profile contemporary anecdotal cases 
at that time of the data collection including the 
“Greg Hardy domestic violence” case. However, 
one of the limitations of the study by Xue et al. 
(18) was that the authors limited their search to 
only one keyword, i.e., “domestic violence. With 
that in mind, we embarked on a study to identify 
DV-related tweets through text analysis on Twit-
ter using more keywords related to DV. 
In addition, a similar study was also carried out 
using Twitter as a resource for detection of de-
pression symptoms (19). The authors used text 
mining techniques such as n-gram language mod-
els, LIWC dictionaries, automatic image tagging, 
and bag-of-visual-words to conduct textual analy-
sis of the tweets. They reported 91% accuracy in 
predicting depressive symptoms. We aimed to 
conduct a textual analysis of tweets associated 
with domestic violence through keyword identifi-
cation, word trends and word collocations 
 

Materials and Methods 
 
Our approach to differentiate between DV-
related tweets and non-DV-related tweets was 
through text analysis by identifying keywords, 
word trends and word collocations. Fig. 1 shows 
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the approach we used for text analysis on a col-
lection of tweets. This approach was adapted 

from the general text mining approach (20) to 
suit the objectives of our research. 

 

 
Fig. 1: The proposed approach for detecting domestic violence through tweets analysis 

 
Keyword Study 
A keyword study was first carried out to discover 
keywords that are related to domestic violence. 
Based on the findings by Xue et al. (18), we ex-
tracted eight keywords and used them in combi-
nation to retrieve the relevant tweets. Our pre-
liminary searches found that just using those 
keywords were not that effective in obtaining 
DV-related tweets. Hence, a combination of two 
and three keywords using the logic operator 
AND was used in the searches to increase the 
fidelity that the search results were genuinely re-
lated to DV. The list of keywords includes “Do-
mestic” AND “Violence”, “Beat” AND “Me” 
AND “Husband”, “Beat” AND “Me” AND 
“Wife”, “Abuse” AND “Husband”, “Family” 
AND “Violence” as well as “Domestic” AND 
“Abuse”. 
 
Ethical Approval 
Medical research ethics approval was obtained 
from the Malaysian Medical Research and Ethics 
Committee with the reference number NMRR-
20-1437-54831 (https://nmrr.gov.my). 
 
Data Collection 
The collection of data was then done through 
crawling for tweets using the list of keywords ob-
tained from the keyword study. These keywords 
were inputted into a Google Sheet template 

known as Twitter Archiving Google Sheet, or 
Get TAGS, to gather the search result automati-
cally from Twitter based on the keywords (21). 
To utilize Get TAGS, an active Twitter account 
must be connected to the template to enable 
searching to be done. The search result can then 
be downloaded as an Excel file for further analy-
sis. Tweets were crawled from 22 March 2021 to 
5 April 2021, a duration of 15 days, resulting in 
11,041 tweets. 
 
Data Pre-processing 
In the data pre-processing stage, the aim was to 
clean up the data |so that proper analysis can be 
conducted. In this step, unnecessary attributes 
were first removed. There was a total of 18 at-
tributes obtained through the data collection. As 
not all of these attributes were useful for our text 
analysis, the irrelevant attributes were removed. 
Table 1 contains a description of the remaining 
attributes in the dataset. Besides that, duplicate 
tweets and retweets were also removed as redun-
dancy would spuriously add to the frequency of 
keywords. Machine-generated data and URLs 
were also removed as our text analysis was merely 
focusing on the content of the tweets. Tweets in 
languages other than English were also removed. 
Hence, only 3,497 tweets were left that fit the 
scope of our study. 
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Table 1: Description of the attributes in the dataset 

 

Attribute Description 
CREATED_AT Date and timestamp of when the tweet was posted 
TEXT Tweet posted by the Twitter user 
USER_LOCATION Location of the Twitter user 

 
To ensure a greater fidelity of the tweets that are 
related to DV and to differentiate these tweets 
from the spurious non-DV related tweets, we 
have pre-determined keywords to qualify a tweet 
as DV-related tweet. Then, keywords that are 
most commonly collocated words associated with 
these DV-related tweets, the distribution of DV-
related keywords and the manner these keywords 
are most linked to one another were analyzed. 
Collocated words are words that occur together 
in a meaningful network. We hypothesized that 
these findings would be useful to unravel poten-
tial public health issues mentioned in DV-related 
tweets. Such tweets, if flagged, can allow the au-
thorities to proactively reach out and offer the 
needed help at a more nuanced, earlier stage. 
 

Evaluation and Validation of Tweets 
The 3,497 tweets from the cleaned dataset were 
then manually categorized into two categories, 
namely DV-related tweets, and non-DV-related 
tweets. A total of 2,904 tweets were considered 
to be related to the context of domestic violence 
(hence, DV-related tweets). The topics of these 
DV-related tweets ranged from awareness mes-
sages to users’ personal experience as shown in 
Fig. 2. From the remaining 593 non-DV-related 
tweets, the keywords used in this category were 
loosely combined together that although they 
might appear to refer to DV but were actually 
unrelated to DV. An example of these non-
related DV tweet is given in Fig. 3 in Example 4 
where the word “beat” in this tweet refers to 
beating someone in a board game instead of the 
action of physically hurting an individual. 

 

 
 

Fig. 2: Examples of DV-related tweets 
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With that in mind, even with the fulfillment of 
our criteria, there were some challenges to sepa-
rate DV-related tweets from non-DV-related 
tweets. For example, in some tweets, the key-

words “domestic violence” or “abuse” may be 
used in reference to the storyline of a movie or 
even the underlying meaning of the lyrics of a 
song, for example, refer to example 5 in Fig. 3.  

 

 
 

Fig. 3: Examples of non-DV related tweets 

 
Text Analysis 
Text analysis was then carried out on the selected 
tweets with the following objectives: 

1. To discover the most frequent keywords 
used by Twitter users in describing or ex-
pressing domestic violence issue in DV-
related tweets  

2. Using line graphs, to visualize word 
trends of the most frequent keywords in 
DV-related tweets (as compared to non 
DV-related tweets). 

3. To analyze word network graphs to study 
the links between the various collocated 
keywords in DV-related tweets and non 
DV-related tweets.  

We used the Voyant Tools (22) for the text anal-
ysis. We then verified significance of the associa-
tion between these collocated keywords found in 
DV-related tweets with their frequency of occur-
rence in non-related DV tweets using categorical 
statistical analysis. 

 

Results 
 
Tables 2 and 3 shows the statistics of DV-related 
tweets and non DV-related tweets. Out of the 
3,497 tweets crawled over a period of 15 days, 
over 80% of them were DV-related. There was a 
total of 113,553 words in the 2,904 DV-related 
tweets, with 13,583 unique word forms. The vo-
cabulary density, which is the ratio of the number 
of words in the tweets to the number of unique 
words in the tweets, was much higher for non 
DV-related tweets. A higher ratio here indicated 
simpler texts with words reused, while a lower 
vocabulary density indicated complex texts with 
more unique words. This means that DV-related 
tweets used more unique words compared to non 
DV-related tweets. The average words per sen-
tence for DV-related tweets was slightly more 
than non DV-related tweets. 
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Table 2: Descriptive statistics of DV-related tweets and non DV-related tweets 

 

Variable DV-Related Tweets Non DV-Related Tweets 
Total Tweets 2,904 593 
Total Words 113, 553 20,558 
Unique Word Forms 13, 583 4,323 
Vocabulary Density 0.120 0.210 
Average Words Per Sentence 22.4 20.5 

 
Table 3: List of top five words with the highest word count from DV-related tweets and non DV-related tweets 

 

DV-Related Tweets Non DV-Related Tweets 
Word Word Count Word Word Count 
Violence 1699 Beat 480 
Abuse 1660 Wife 312 
Domestic 1587 Husband 188 
Husband 1282 Abuse 70 
Child 751 Just 70 

 
Fig. 4(a) and 4(b) show the line graphs for visual-
izing word trends for the most frequent key-
words in DV-related tweets and non DV-related 
tweets respectively. These word trends showed 
how the frequencies of each keyword evolved 
from tweets data over the 15 days. In Fig. 4(a), 
the keywords “domestic” and “violence” topped 
the earlier segments of the tweet data, indicating 
that the two words were widely used in the earlier 
period of data collection. In the later period of 

data collection, the keyword “abuse” became 
more prominently featured in the tweet data. In 
Fig. 4(b), the word trends for keywords “beat” 
and “wife” were consistently similar throughout 
the tweet data. The trends also showed that the 
top five DV-related terms had relatively smaller 
variations while the top five non DV-related had 
relatively larger variations across the 15 days of 
tweets data collected. 

 

 
Fig. 4 (a) and (b): Line graphs for words with the highest word count from (a) DV-related tweets and (b) non DV-

related tweets dataset 
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Fig. 5(a), (b), (c) and (d): Collocates graphs for (a) DV-related tweets with context 5, (b) non DV-related tweets 

with context 5, (c) DV-related tweets with context 9 and (d) non DV-related tweets with context 9 

 
Table 4 and Fig. 5(a), 5(b) and 5(c), 5(d) show the 
collocate graphs for DV-related tweets and non 
DV-related tweets with context 5 and context 9 
respectively. These are force directed network 
graphs which show how keywords are linked to 
words that are in close proximity. Collocates are 
words that have the tendency to occur together 
in a meaningful pattern. It is particularly useful to 
study keywords that are closely linked to one an-
other to see if this can help detect DV-related 
tweets from non DV-related tweets. Context re-

fers to the number of words to consider on both 
sides of a particular keyword when looking for 
collocates. Therefore, context 5 and context 9 
here refers to looking at 5 and 9 words respec-
tively on both sides of a keyword in the tweet 
data. In Fig. 5(a), the keywords “domestic” and 
“violence” were clearly linked with related key-
words such as “suicide”, “husband”, “abuse” and 
“child”. However, these linkages were not noted 
in Fig. 5(b).  

 
Table 4: Categorical analysis using Chi-square test for collocated words in DV- vs non-DV related tweets 

 

Variable 
 

DV-related tweets P value 
Yes (n = 2904) No (n = 593) 

“husband” 1281 (44.1%) 195 (32.9%) <0.001 
“wife” 269 (9.3%) 306 (51.6%) <0.001 
“women” 326 (11.2%) 28 (4.7%) <0.001 
“child” 805 (27.7%) 73 (12.3%) <0.001 
“suicide” 665 (22.9%) 9 (1.5%) <0.001 
“life” 263 (9.1%) 42 (7.1%) 0.129 
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The keywords “domestic” and “violence” were 
not found in close proximity with the keyword 
“beat” in the non DV-related tweets. In Fig. 5(c), 
similar to Fig. 5(a), the keywords “domestic” and 
“violence” were clearly linked with related key-
words such as “suicide”, “husband”, “abuse” and 
“child”. In Fig. 5(d), the keywords “domestic” 
and “violence” were included. However, both 
these keywords were loosely tied to other non-
related keywords such as “ass” and “shit”. 
 
Discussion 
 
In this research, text analysis was conducted on 
tweets data to observe the frequent keywords 
used, the word trend of those keywords and the 
word collocations of the keywords in differentiat-
ing between DV-related or non DV-related 
tweets. Although the tweets data were collected 
using the same set of keywords, it was clearly 
seen that the frequency of the keywords, particu-
larly “domestic” and “violence” were significantly 
more frequent for DV-related tweets compared 
to non DV-related tweets. The word trends also 
showed how each of the keyword frequencies 
evolved over the different segments of the tweet 
collection.  
An important practical suggestion that could be 
gleaned from this study is to use tweets as anoth-
er rich source of data for public health surveil-
lance to detect real time, emerging public health 
issues. For example, in our study, the keywords 
“domestic”, “violence”, “suicide” were featured 
prominently in the collocates graphs for DV-
related tweets, but this was not the case for non-
DV-related tweets. Chi-square test also showed 
that the word “suicide” was significantly higher in 
DV-related tweets compared to non-DV related 
tweets suggesting that suicide was a public health 
concern closely associated with DV. Indeed, data 
from evidence from the multi-country study by 
WHO showed that one of the most consistent 
risk factors for suicide attempts after adjusting 
for probable common mental health disorders 
was domestic violence (23, 24). Similarly, in a 
Turkish study, the survivor’s exposure to domes-

tic violence (measured using Domestic Violence 
Scale), increased was significantly correlated to 
her suicide risk (measured using Suicide Probabil-
ity Scale) (25).  
Besides that, the keyword “husband” was also 
significantly associated with DV-related tweets. 
However, it was unclear whether this significance 
was related in the context of husband as a perpe-
trator or husband as a victim. Nevertheless, the 
role of the husband in perpetuating DV should 
not be forgotten, particularly during the pandem-
ic times where the victims are trapped with the 
perpetrators for a prolonged period of time due 
to mandatory quarantine. In other words, it is a 
pandemic within a pandemic. However, it should 
also not be forgotten that during the pandemic, 1 
in 10 men were also victims of DV (15).  
 

Conclusion 
 
Significant public health concern of DV can be 
potentially identified by text analysis of DV-
related tweets. This suggests that tweet analysis 
indeed is an additional useful adjunctive tool that 
can be leveraged by the relevant authorities to 
proactively reach out to help DV survivors in at a 
much earlier, nuanced stage by flagging their 
tweets. The associated keywords, as well as word 
collocations help with a more accurate identifica-
tion of DV-related tweets. Limitations identified 
in this research included the limited number of 
tweets, collected during half a month’s duration 
and the manual evaluation and categorization of 
thousands of tweets, which took some time to 
complete. Future works includes further expan-
sion of keywords study and text analysis to in-
clude other public health concerns such as sui-
cide, depression, substance abuse and others. 
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