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ABSTRACT
With the advent of social media data, and in the pursuit of understanding meaning behind those data, text
classification continues to grow in importance. Domain expertise is often needed to classify text effectively, but it is
unlikely to be found in the tools that provide the means for unsupervised classification.
This paper examines a variety of text classification techniques applied to the domain of policing in the U.S. With
police and their interaction with the public being in the public spotlight, understanding the messaging police send
out via social media offers important insight into how the relationship between the police and the public evolves
over time. However, classifying the tweets being sent out via the thousands of police forces across the U.S. is a
daunting task. This work tests whether this classification can be automated, and explores the ramifications if it is.
Keywords: Policing, twitter, supervised classification, cluster analysis, social media
INTRODUCTION
The study of social media data often relies on understanding the meaning behind those data, so that methods for text
classification continue to grow in importance. To classify text effectively, domain expertise is often needed, and
often lacking from the tools that provide the means for unsupervised classification. In this paper, we demonstrate the
efficacy of several text classification techniques by applying them in a single domain, police-generated social media
messaging.
Most police departments in the United States use social media to share information with the public. However, it has
been found that different police departments deliver different content through social media (Williams et al. 2018). It
is still unclear what the impact this social media content has on relations with the general public: we have seen cases
where a message intended to boost public relations in actuality backfired and heightened tensions between the police
and the community (Tran 2014).
The first step in understanding the impact social media has on these relations is to understand how police
departments actually use the medium. In (Williams et al. 2015; Williams et al. 2018), the authors manually classified
the tweets of 5 different police departments to show how different police departments use Twitter for different
means; for example, some police departments use Twitter to fight crime, while others do not. Expanding that work
to include more police departments, or a longer period of time, becomes prohibitive with the manual classification
technique.
This paper explores several categorization techniques to determine how effective an automated classification of
tweets is when replacing manual classification. It provides insights into the best technique to employ, while also
showing that higher levels of accuracy obtain for different types of tweets. This would allow future manual activity
to focus on areas that are challenging to automatically classify, while letting the classification algorithm handle the
easier cases.
Our key finding is that a simple rules-based technique outperforms more complex techniques. In particular, we find
that just 107 terms, most of which are single words, are all that are needed to accurately categorize 76% of police
tweets and some categories, including traffic and weather, with a 95%+ precision rate.
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The paper is organized as follows: in the next section we explain why this domain is appropriate to study tweet
classification. We cover the basics of text mining for those who are not as familiar with the process, and review the
process of categorization of text. In section 3 we discuss the data used for our analysis and our preparation of the
data for analysis. In section 4 we discuss the key measures that we use to evaluate each of the models. In section 5
we discuss our models and their results. In section 6 we discuss the findings more broadly and address what these
findings mean to others interested in using this same technique. Finally, in section 7, we discuss the limitations of
this work and suggest how it could be improved upon.
LITERATURE REVIEW
Police Use of Social Media
A 2016 Survey on Police use of Social Media by the International Association of Chiefs of Police and the Urban
Institute, asked the question “What Does Your Agency Use Social Media For?” (International Association of Chiefs
of Police 2016). Consider that for a moment. Social media use by police departments is public information, yet
researchers are still asking how police departments are using Social Media. Studies such as (Edlins and Brainard
2016; Fernandez et al. 2017) show that while researchers commonly use the metadata associated with tweets
including retweet count, author location, number of favorites, datestamp, etc., with the exception of perhaps
measuring overall sentiment, few analyze the actual text of these social media postings, because of inherent domainspecific complexities.
With approximately 15,400 police agencies in the United States (U.S. Department of Justice 2015), nearly all of
which are using social media (Edlins and Brainard 2016), obtaining some level of understanding about those tweets
is extremely challenging. Even if each of those agencies uses social media for limited purposes, it is still an
extremely large number of social media posts that would have to be classified to answer the question “What Does
Your Agency Use Social Media For?”.
Text Mining
We propose to perform text mining on the tweets themselves to better understand the topics of discussion being
employed by various police agencies. Text mining begins by breaking down each sentence, and each word, to derive
its part of speech, the role or entity the word plays, and understand the root of the word so that case or tense
differences are eliminated, and grouping words are compiled into synonym lists. The terms are then filtered down to
reduce dimensionality by eliminating terms that would add little or no value (such as the words “the”, “as”, and
“do”).
Different techniques have been proposed to attempt to classify the text. One technique is clustering, to aggregate the
documents based on similarities, by taking the remaining words to create a term-by-document matrix. The general
nature of this problem results in a matrix that is inherently quite sparse meaning that most terms only appear in a
very limited number of tweets. The sparsity of the data make it extremely difficult to analyze computationally, and
as such, some further reduction in dimensionality is desirable. Singular Value Decomposition (SVD) is often used to
reduce this dimensionality by transforming the sparse matrix into a more compact form (Sudhan et al. 2012). While
a low number of dimensions (i.e. < 50) are useful for general clustering, higher numbers (50-200) are necessary for
classification of text (Sanders and DeVault 2004). The result of this technique means that documents that are similar
will aggregate in clusters while minimizing similarity of documents across clusters (Sudhan et al. 2012).
A second technique that could be employed is a rule-based model. In a rule-based model the objective is to build a
set of simple rules using the words available, to accurately predict a pre-defined category. Unlike clustering, the
documents, or some subset of the documents, have to have been classified already. This classification becomes the
target. The rules are built iteratively with the most successful single rule being set first. Subsequent rules, for that
target, build upon the earlier rule. Caution has to be employed to not overfit the data.
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Tweet Classification
Tweet classification is challenging. On the one hand, one could say the character limitation (140 characters at the
time the tweets in this study were pulled, more recently raised to 280 characters) keeps the vocabulary small and, as
such, may minimize the sparsity within the term-by-document matrix. On the other hand, this character count lends
itself to creative spelling at times and the use of abbreviations (Kouloumpis et al. 2011), which could lead to
increases in sparsity or a higher level of effort required to identify synonyms.
Tweet classification also must address non-text data. For example, consider the common phrase, “a picture is worth
a thousand words.” In text analysis, we are left with an image and no words. In addition, the rising use of emoticons
to convey feeling also poses a challenge to those studying Twitter (Kouloumpis et al. 2011).
While sarcasm and irony have been of high interest to those who study tweets (González-Ibánez et al. 2011), the fact
that these are professional police accounts leads us to believe that these language expressions appear too
infrequently to warrant special consideration.
Prior studies have shown that a high accuracy level for categorization of documents could be obtained with a few or
even a singular word (McCallum and Nigam 1998) when the text is not highly complex. Because of the character
limitation, tweets tend to be simplistic in nature. Others (Zubiaga et al. 2015) have shown that hashtags can be a rich
source of data to identify Twitter trends.
The wide-ranging options affecting the choice of text classification methods leads to our research question:
RQ: Which classification techniques most accurately categorize police tweets?
DATA AND METHODS
The data for this study were obtained from the authors of (Williams et al. 2018) and include 2,090 tweets from 5
police departments in Massachusetts, USA. The tweets were pulled from the 5 primary police Twitter accounts over
a 3-month period (May 1st through July 31, 2014). The tweets were manually classified using an open coding
approach which resulted in 10 different categories of tweets. This manual classification was necessary to provide a
baseline against which to measure our results. Figure 1 shows the breakdown of tweets by category. Our data differ
slightly from (Williams et al. 2015) in that there were some tweets that the authors did not use that we classified as
unknown, and we combined the Traffic and Accident categories into a single Traffic category because of close
overlap (this will be discussed further in the results section).
Preprocessing
The only information used for this analysis was the
body of the tweet itself (the actual text of the
tweet). While Twitter provides many other fields,
our concern was whether we could accurately
predict the classification of the tweet using the text
body of the tweet.
Prior to importing the tweet into SAS, we made
one change to the data because an abbreviation that
means one thing in the Twittersphere means
something quite different in policing – “RT”. In
Twitter, “RT” stands for retweet and Twitter
automatically adds the term RT to the beginning of
Figure 1. Tweet Count by Category
the tweet if it is being retweeted from another user.
However, we found, in looking through the tweets, many occurrences of RT that were not intended to mean retweet.
Consider the following tweet:
“#WPD Reports Rt 9 west at Oakland St due to a tree down http://t.co/oRfum5G8Lp”
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As you can see, the “Rt” in the tweet means “Route” and not Retweet. As a result, we searched for any instance of
RT that was not at the beginning of the tweet and replaced that with “route.”
Following recommendations by SAS in (SAS Institute), we began our text analysis using the default settings. We
used the SAS Enterprise Miner tools to stem the words, group the words into their parts of speech, and select the
words that should be excluded automatically based on either their part of speech, the common stop words, or a
minimum usage of the term (in this case, a term had to appear in at least 4 tweets to be considered). This allowed us
to see the baseline of how well SAS could identify categories of tweets without implementing any domain specific
knowledge or tweaking of the models.
Measures
To evaluate our models for effectiveness, we compute several standard scores. These include an overall model
success score, as well as scores that could be used at the categorical level.
Overall Success
This is a general measure that simply measures the number of correctly classified tweets across all classifications,
divided by the total number of tweets.
Precision, Recall, F-Measure
Precision, Recall, and F-Measure are all measures that we will use at the category level to evaluate how well each
model is able to accurately predict tweets of a certain category.
Precision is defined as the number of true positives divided by the sum of true positives and false positives.

For example, consider a model that has classified two tweets as related to the category Crime. This first tweet is
correctly classified (True Positive) while the second tweet really should have been classified as the category Traffic
(True Negative). The result would be PrecisionCrime = 1 / 1 + 1 = .5 or 50%.
Recall is the number of true positives divided by the sum of true positives and false negatives.

For example, if we have three tweets that should have been classified as Crime but only one was, then RecallCrime =
1 / 1 + 2 = .33 or 33%.
F-Measure is measured using the formula 2 * Precision * Recall / Precision + Recall.

Continuing with our prior examples F-MeasureCrime = 2 * .5 * .33 / (.5 + .33) = .13. Each of these measures results in
a positive fraction between 0 and 1 with the higher number being better.
RESULTS
To evaluate the overall success of the model, we first determined what our baseline should be. In this case, if we
were to classify all tweets into a single category of “Traffic” then we would have an overall success rate of 30.86%
since 645 of our 2090 tweets were of type “Traffic”, which was our highest ranked category. Each of the subsequent
models used the manual classification obtained from Williams et al. (2018) as the true classification for each tweet.
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Our first model (Model 1a) used the default settings in SAS. This meant that the SVD resolution was low, the Max
SVD Dimensions was set to 100 (which we have called low), and the clustering algorithm used was Expectation
Maximization. By default, SAS will then identify up to 40 different clusters based on the text. In model 1a, the result
was 28 different clusters.
Each cluster was assigned to one of the original 10 categories by selecting the category that occurred most
frequently in that cluster (Table 1). For example, Table 1 shows that Cluster #1 comprised 101 tweets. The category
“Interaction” appeared most frequently in that cluster, so that was selected as the category for that whole cluster. As
a result, many clusters were classified as the same category, for example, the category “Announcement” was
assigned to 13 of the 28 clusters. We then calculated the overall success rate by looking at the total number of tweets
where the actual category matched the cluster category. In this model this resulted in 1,246 out of 2,090 accurately
matched, or 59.62%, which is considerably higher than our baseline of 30.86%, but still only accurately predicted
the category in approximately 6 out of 10 tweets (meaning our misclassification rate was 40.38%).
Table 1. Tweet Classification through Clustering
Easing Up on Dimension Reduction
Cluster
1
2
3
…
28
Total

Ann.
6
21
10

486

Crime

Events

5
12

2
1

177

39

Inter.
47
9

337

Promo.
2
2

22

Prop.
3

56

Safety
23
12

219

Traffic

Unknown
23

21

68
645

Weather
9

26

83

Total
101
84
23
68
2090

Next we explored whether easing up on the level of dimension reduction would help with the accuracy of the
clustering. Simply put, perhaps our test was complex enough that our cut-off by default was too low to detect tweets
that should be similar. The two settings we used for this was to increase the maximum SVD dimensions from 100 to
200 (labeled High) and to our SVD resolution from Low to High. Both of these will result in increasing the amount
of data considered when determining clusters. For our second model (1b) we have increased the Maximum SVD
dimensions to 200 (labeled High). Models 1b through 1d test each of these changes. As you can see in Table 2, the
overall success in each case actually decreased. By increasing the dimensionality, we actually introduced more noise
into the equation resulting in poorer performance.

Baseline
1a

SVD
Resolution
n/a
Low

Table 2. Model Comparison
Max SVD
Clustering Algorithm
Dimensions
n/a
n/a
Low
Expectation Maximization

#
Clusters
1
28

Overall
Success
30.86%
59.62%

1b
1c

Low
High

High
Low

Expectation Maximization
Expectation Maximization

13
7

50.48%
49.47%

1d
2a

High
Low

High
Low

Expectation Maximization
Hierarchical

3
28

39.90%
54.50%

2b
2c

Low
High

High
Low

Hierarchical
Hierarchical

7
13

44.31%
46.32%

2d

High

High

Hierarchical

3

38.20%

Model

179

Issues in Information Systems
Volume 20, Issue 3, pp. 175-185, 2019
Clustering Algorithm
In our next set of models, we used a hierarchical clustering algorithm. Unlike the Expectation-Maximization
algorithm of the previous models, which uses a flat representation of terms, the hierarchical model creates a tree-like
hierarchy to determine clusters. Models 2a through 2d use the same settings as Models 1a through 1d respectively
with the difference being that the hierarchical clustering algorithm was used instead of the expectation-maximization
model. As seen in Table 2, in each case, the hierarchical algorithm performed worse than the expectation
maximization algorithm.

Category
Announcement
Crime
Events
Interaction
Promotional
Property
Safety
Traffic
Unknown
Weather

Table 3. Success Measures by Model
Model 1a
Precision
Recall
F-measure
Precision
0.521
0.617
0.565
0.296
0.855
n/a
0.388
n/a
0.571
0.402
0.786
n/a
0.821

0.367
0.000
0.415
0.000
0.429
0.470
0.902
0.000
0.386

0.514
n/a
0.401
n/a
0.490
0.434
0.840
n/a
0.525

n/a
n/a
n/a
n/a
n/a
n/a
0.593
n/a
n/a

Model 2d
Recall
F-measure
0.899
0.445
0.000
0.000
0.000
0.000
0.000
0.000
0.563
0.000
0.000

n/a
n/a
n/a
n/a
n/a
n/a
0.578
n/a
n/a

Individual Classification Performance
While we now have a sense of how well various clustering techniques work across the entire set of tweets, we next
examine how successful we are at the category level. In other words, how effective are we at identifying, for
example, the tweets classified as Crime?
Using our 8 models we calculated Precision, Recall, and F-Measure for each category of tweet. For the purpose of
comparison, we have shown the results for our best and worst overall performing models (1a and 2d respectively).
The results are listed in Table 3. For our highest performing model there were three categories that were not
identified in any of the clusters, these included “Events”, “Promotional”, and “Unknown”. The remaining 7
categories had a precision ranging from .388 (Interaction) to .855 (Crime). This means that, for example, of those
tweets classified as “Crime”, 85.5% of them were accurately classified by the machine method. Recall ranged from
0 (for the three categories that did not have a corresponding cluster) to .902 for traffic. This means that 90.2% of all
traffic tweets were accurately predicted.
Precision and Recall serve a different purpose and would play a different role depending on the research question. If
the question was “could you find a sample of tweets related to Crime?” then, using precision, our model performs
reasonably well as only about 3 in 20 of the Crime tweets would be labeled incorrectly by the machine process.
However, if the question was “Can you find all of the tweets related to crime?” then, using recall, the machine
process only have captured 36.7% of the overall Crime related tweets.
The F-Measure is a good overall measure used to evaluate classification performance at the category level. In model
1a the F-Measure varied from .401 to .840 for the 7 categories that could be measured. In comparison, our poorest
performing model only identified 3 total clusters, two of which were both classified the same. The result was that
only 2 categories were identified and neither of these performed better than model 1a.
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Domain Specific Knowledge
Now that we have documented how the various models work out of the box, we can test whether applying domain
specific knowledge to the context would result in higher performing models.
As with all domains, there is policing terminology that has meaning beyond its meaning in a general setting. For
example, the word “snitch” is often used as a verb (to snitch on someone to the police), but if we were reading the
Harry Potter novels then snitch is a noun representing a piece of equipment in the game Quidditch.
By working back and forth with the term classification in SAS and the actual tweets, we found a series of terms that
were not being used in the common context. For example, St. was being interpreted in SAS as a Title (abbreviation
for Saint) while in the context of this set of tweets it represented the abbreviation for Street. To account for these
differences, a series of
synonyms was created
so terms were being
grouped with words of
similar meaning. For
example, the list of
“rd”, “road”, “st”, and
“street”
were
all
Figure 2. Tweet with Domain Specific Abbreviation
joined together.
Secondly, there were common abbreviations that were found such as MV for Motor Vehicle that SAS would not
understand, so these abbreviations were added as synonyms for the spelled-out words. Third, there were words in
the default stop-list that could contribute to the meaning of tweets, for example, titles such as Mr. and Ms. were
excluded but could contribute to the “Interactions” category. Fourth, there were terms that were not in the stop-list
that we felt should be added. For example, rt (meaning Retweet) was the highest occurring term in the tweets and
SAS by default was using it in the clustering algorithms, we felt that for identifying categories of tweets, the fact
that it was retweeted would have little importance. Finally, in an attempt to further reduce noise, the minimum
number of occurrences a word had to appear in order to be included was set to 10 (or .5% of all tweets).
After making these changes, we reran the highest performing model (1a) and the overall success rate was 55.22%, or
approximately 4.4% lower than the original model (before we made these changes).
Target Value

Rule #

Traffic
Traffic
Announcement
Weather
Weather
Weather
Crime

14
15
32
57
58
59
63

Rule

Table 4. Top Precision Rules
Precision
Recall

mv accident
Road
daily
tornado
flood
storm
old male

1
1
1
1
1
1
1

0.363
0.490
0.185
0.229
0.434
0.578
0.266

F-Measure
0.532
0.658
0.313
0.373
0.605
0.733
0.420

True
Positive/Total
234/234
175/175
90/90
19/19
17/19
15/15
47/47

Text Rule Builder
Finally, we tested the notion that a few singular terms might be the best classification method as suggested in
(McCallum and Nigam 1998). This was accomplished by using the SAS Text Rule Builder tool. The text rule
builder uses the words found in the tweets, along with the predefined category, to build rules for making
classification decisions. For example, the rule might be “Car” and “Road” and (not “Pet”) to identify a Traffic
incident. The rule excluded the term “Pet” because when Pet occurred with alongside the terms “Car” and “Road” it
signified that the post contained a pet safety issue, not a traffic issue. The tweets in the dataset were composed of
8,156 unique terms after applying stemming, which is a technique to reduce words to their base form .
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The output from the Text Rule builder provides a series of rules along with their F-Measure allowing us to evaluate
each rule individually. Using a 30% training set and a 70% testing set, the result was 107 rules, all but 2 of which
were a single word (the other two were “car” & “hot” and “car” & “Woburnpolice”). 13 of the 106 rules (13.2%)
had regional or local application (for example, “walthampd”). While these are not generalizable to a larger
population, it does indicate that key regional and local names could be used instead of these terms.
The overall success of the rule-based model was 76.03% which is considerably higher than all other models, and
means that approximately 3 out of every 4 tweets were classified correctly using the 106 rules encompassing 107
terms, or just 1.3% of all terms. There were 7 terms (singular word or multi-word term) across 4 categories that had
a 100% precision rate. For example, the term “Road” is always associated with a Traffic incident while “old male”
was always classified as Crime. If we were to use the singular term “Road” then we would retrieve 49.0% of all
Traffic related tweets.
As far as the success of individual categories, Table 4 shows the breakdown of Precision, Recall, and F-Measure by
category. Precision ranged from a low of 45.9 for the category Interaction to a high of 96.8% for Traffic. Recall
ranges from 31.8% for Promotional to 92.4% for Traffic. In all categories, the F-Measure was higher in this rulebased model than in our highest performing SVD model. Recall that no SVD model even predicted the 9 primary
categories (avoiding Unknown classification since these tweets could not be manually categorized with the text
available). The rule-based model was effective in predicting each of the 9 categories with varying levels of success.
SUMMARY
Table 5. Success Measures for Rules Based Model

Our research question asks which classification
techniques most accurately categorize police tweets.
When using a singular value decomposition model, we
found that increasing dimensions and adding
complexity actually decreases success. This suggests
that the tweets by police are not complex and by adding
more processing power to detect weak links we instead
simply added more noise to the classification challenge
with no added benefit.
We find evidence that singular terms are the best
predictors for police issued tweet classification and a
rule-based model is well suited for this domain. Further,
our findings show that a limited number of words is
best at performing the classification. Our final model
had just 107 terms, representing 1.3% of all terms used
in the tweets, responsible for all the rules. This further
substantiates our findings from the earlier models that
reducing complexity leads to better results. This also
helps explain why our SVD models performed worse
when allowing for more complexity.

Certain types of tweets are easier to detect than other types. Traffic and Weather are the easiest to detect while
Promotion and Interaction are the hardest. Unlike the other categories, Promotion and Interaction are generic
categories that do not imply a set of associations or terms to be used. We also believe that the analysis of
photographs may assist us in detecting the former since many of the individual photos that we evaluated were
related to self-promotion as they portrayed the police helping out in the community. We believe successfully
detecting interaction could be done using Twitter metadata to tell us if the tweet is a response to another tweet, or
through the use of a mask to detect the @ symbol followed by another Twitter user’s username.
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Figure 3. Promotional Tweet Difficult to Classify
The purpose of this research was to explore whether various classification techniques could be used to automatically
classify tweets generated by the police department to help overcome the hurdle of manual classification thereby
allowing researchers to use tweet text in their research. While the results of the clustering models were
disappointing, we were encouraged by the results obtained by a simple rule-based model. What is even more
encouraging is that these rules are easier to understand and explain to the general public than the more complicated
clustering techniques.
This work was not intended to explore every classification technique and to present the best option, rather it was an
exploration of some common techniques to evaluate where the challenges might lie in classifying police tweets. For
example, with a targeted group that included only official police department accounts, we were able to avoid some
of the challenges often brought up in tweet classification, namely irony and sentiment, both of which may reverse
the meaning of a tweet. We avoided trying to detect sarcasm or testing for sentiment. The professional nature of
these accounts led us to suspect sarcasm would not be applied. We also did not expect to see a high level of policegenerated sentiment in any of the tweets, certainly not enough to be a factor in determining classification. If we were
to expand this search to include those who follow the police, then these issues would need to be addressed.
By examining the results of these techniques, one can reevaluate whether the categories identified are
comprehensive and individually distinct. In early tests of these models, we had distinguished between Traffic and
Accident as was done in (Williams et al. 2018), but, as we mentioned in the data section, we found these topics
overlapped so frequently that we were able to treat them as a singular topic. Therefore, this process can also be
valuable in evaluating manual classifications.
The weakest performing category (other than Unknown) is Promotional. At closer look, we often see that selfpromotion takes the form of embedding a picture of the police performing in some manner. While we ignored any
photo that was part of the tweet, including the photo along with appropriate tags could serve to improve the
classification of this category.
The nature of the group of tweets being considered in this analysis allowed us to avoid many of the common
challenges faced when analyzing tweets. While hashtags were used, our final rule-based model suggests they did not
play a key factor in determining the classification of any tweet. In browsing through the list of hashtags that were
used, we noticed that these police departments appear to use hashtags on a limited basis, although this may change
over time.
LIMITATIONS AND FUTURE WORK
There are several limitations with this research. From the practice perspective, the police departments were limited
to just 5 different departments in a single U.S. state. There may be categories and topics of interest outside of these
departments that the rule-based model would miss. Additional study is needed to suggest best practices or social
media policies based on the results herein.
From a methodological perspective, the clustering models relied on selecting the category that occurred most
frequently in that cluster. Clearly, if a new set of tweets had not been manually classified, this would not be possible.
Instead, analysis would have to rely on key terms from each cluster, which may not match the highest occurring
category. Therefore, our figures for models 1a through 2d are the maximum possible values based on this technique.
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Additionally, also related to our clustering models, we allowed SAS to select the ideal number of clusters in each
model yet we did not penalize models that had higher cluster counts. Taken to the extreme, we could have achieved
100% success by simply creating 2,090 clusters, each with a singular term. To evaluate these models sufficiently,
some penalty should be applied for each increase in cluster count.
Finally, our assignments of categories for the SVD models was based on the most frequently occurring category in
the results. However, as you can see in Figure 1, not all categories had an equal number of tweets. This likely caused
several categories never to be assigned since the overall tweet count for those categories was significantly lower
than other categories. So, while our approach resulted in the highest possible overall success, it did so while
penalizing small categories. An equal weighting scheme could be applied if the desired result was to identify
specific tweets in categories with fewer tweets.
To implement the rule-based model across a wider sample of police departments, a larger sample of pre-classified
tweets is needed to generate the rules. This would overcome localized limitations and potentially cause new
categories to emerge. In addition, we recommend that consideration should be taken as to whether certain masks
could be used in place of local terminology (ex. City name +”pd” to overcome the local “walthampd”).
We have shown that an effective rule-based model can be used to classify tweets across similar posting sources (i.e.,
police departments). This method would allow researchers to let the data speak for themselves and avoid some
challenges associated with survey data (e.g., perceptions, low response rate, costs). We encourage others to build
upon our findings.
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