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Abstract

Large amounts of text‐based data, like study abstracts,

often go unanalyzed because the task is laborious. Nat-

ural language processing (NLP) uses computer‐based al-

gorithms not traditionally implemented in community

psychology to effectively and efficiently process text.

These methods include examining the frequency of

words and phrases, the clustering of topics, and the in-

terrelationships of words. This article applied NLP to

explore the concept of equity in community psychology.

The COVID‐19 crisis has made pre‐existing health equity

gaps even more salient. Community psychology has a

specific interest in working with organizations, systems,

and communities to address social determinants that

perpetuate inequities by refocusing interventions around

achieving health and wellness for all. This article ex-

amines how community psychology has discussed equity

thus far to identify strengths and gaps for future re-

search and practice. The results showed the prominence

of community‐based participatory research and the di-

versity of settings researchers work in. However, the

total number of abstracts with equity concepts was

lower than expected, which suggests there is a need for a

continued focus on equity.
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Research into the medical and social sciences indicates that it can take up to 17 years before a scientific finding

makes its way into regular practice (Baker, 2001; Balas & Boren, 2000; Colditz & Emmons, 2012; Estabrooks

et al., 2018; Morris et al., 2011). This fact is troubling. There are tens of thousands of academic journals filled with

literally millions of great ideas and notable findings. So why are not these used? Furthermore, how does this hurt a

public reliant on public health interventions?

The reality is that staying up to date with any topic can be fraught with intimidation and frustration. A specific

set of skills and expertise are required to make sense of large swaths of research literature. Because of this barrier,

many great ideas do not make it into practice. Consequently, community practitioners do not use the best stra-

tegies and do not know the most current knowledge.

Natural language processing (NLP) provides multiple methods to parse through large amounts of lit-

erature quickly. NLP is a related set of computer‐based techniques that treat text as data. It extracts

meaning and relationships from the text by analyzing the frequencies and interrelationships between words.

NLP can be beneficial because it can more effectively and efficiently process literature. However, these

methods may be unfamiliar to community psychologists. Recent community‐specific methodology books (Jason &

Glenwick, 2016) make no mention of NLP, though they address text mining broadly. A cursory review of several

journals (The American Journal of Community Psychology, The Journal of Community Psychology, The Global Journal of

Community Psychology Practice, and The Australian Community Psychologist) yielded no articles that use NLP.

Moreover, a review of the past 10 years of SCRA biennial programs showed no abstract using NLP. This is a

methodological gap because these techniques are becoming more mainstream in fields adjacent to community

psychology like health care (Raja et al., 2008).

The manuscript has two purposes. First, this manuscript demonstrates how NLP can be used to synthesize

large amounts of literature. Although the methods discussed here may seem complicated, they can be implemented

in an out‐of‐the‐box format, meaning only slight modifications are needed to the underlying mathematics.

Second, this manuscript looked at how community psychology has discussed and researched equity as a use

case. Even before The Age of COVID, data from multiple studies and sources have elucidated the enormous

disparities in health and wellness in our society (Chambers, 2020; Radley et al., 2020). There are systemic chal-

lenges in communities that perpetuate the differences in outcomes (English et al., 2020; Plough, 2018). COVID has

shown that these disparities show up in emergent conditions, not just chronic conditions (Berkowitz et al., 2020;

Radley et al., 2020). These ongoing findings suggest that equity needs to be a central focus in all community‐based
research (Reid et al., 2019).

Equity is a broad term that encompasses both a process and a goal. Equity is a process when it refers to

values like inclusiveness, participation, engagement, and outreach to describe how social service researchers

and practitioners can approach an intervention or evaluation. Equity is also a goal involving achieving

wellness outcomes regardless of race, zip code, and other social determinants that negatively impact health

trajectories.

Community psychology has an ongoing goal of improving health and wellness for all. As such, the field is

prepared to work toward equity and work equitably (Wolfe, 2014). Therefore this article takes stock of the

community psychology‐specific literature to see what equity research has already been conducted and what gaps

remain. With community psychology values so aligned with equity, there was potentially a large amount of

literature available. Any literature search can quickly become unfeasible and impractical when sorting through vast

quantities of abstracts.

The specific research questions underneath this aim include:

1. What are the major areas of research around equity‐related issues in the published community psychology

literature?

2. How are key concepts related within the community psychology research space?
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1 | METHODS

1.1 | Data

This inquiry focused on five journals: The American Journal of Community Psychology, The Journal of Community

Psychology, The Global Journal of Community Psychology Practice, The Australian Community Psychologist, and The

American Journal of Orthopsychiatry. Other community psychology‐adjacent journals, like Health Promotion and

Practice, were not included. The search was limited to journals indexed in PubMed, which excluded potential

outlets like The Community Psychologist. PubMed's application programming interface (API) was used to query and

extract all article abstracts and relevant metadata.

There was a simple filter: all abstracts that mentioned equity or disparities, using the wildcards “equit|dispari.”

This search translates to “return all abstracts containing the strings 'equit' or 'dispari' regardless of what proceeds

or follows those strings.” There were no constraints on the publication date. Other adjacent terms could have been

used to broaden the search. However, because research question two specifically targeted how community psy-

chology potentially talks about related concepts, the search terms were short and simple.

This search process yielded 155 unique articles. All abstracts were retrieved on November 16, 2020. All the

data is publicly available, either from the author, on the specific journal websites, or by replicating the PubMed

search process.

1.2 | Analyses

The search results were in a database format and required a fair amount of preprocessing. Stopwords were

removed first. These are words that add little informational value to the overall data set. Examples of stop-

words are about, of, this, these, and, so, on. Next, the words were lemmatized. This process involves reducing a

word down to its base form. In many cases, this involves making plural words singular. In others, it consists of

transforming irregular English verbs. Lemmatization is a more sophisticated algorithm than simple word‐
stemming but is more computationally expensive. However, the data set was small enough that this tradeoff

was not an issue.

For the first research question: What are the major areas of research around equity‐related issues in the published

community psychology literature?, there were four major analytic strategies. The most basic is Bag of Words (BOW),

which treats each word (or token) as informative in and of itself because it carries information. Results were

computed for both unigram (one‐word) and bigram (two‐word) distributions. This type of approach is likely very

familiar to readers in the form of word clouds, which use font size to demonstrate frequency. The core assumption

of BOW is that if a word frequently occurs (except for stopwords), it is likely to be more important.

Topic Modeling determines clusters of words within these abstracts. The specific method, latent

Dirichlet allocation (LDA), treats a topic as a cluster of words. Each document (the abstracts) contains multiple

topics. Topic modeling takes a prespecified hyperparameter (k, the number of topics) as the initial input.

However, what is the correct number of topics? This particular problem demonstrates the importance of

human judgment in interpreting NLP results. From an optimization perspective, the goal is to find the number of

topics (k) that minimize the perplexity score. Perplexity represents how likely new data (text) is, given the data that

the model has seen before (Kapadia, 2019). However, while higher ks may show continued perplexity improve-

ments, the emergent topics may not be interpretable. LDA is not a natural language understanding (NLU) algo-

rithm. It merely takes words and their relative frequency to one another and mathematically determines the most

likely grouping. Therefore, human judgment is needed to determine whether a specific number of topics balances

interpretability and specificity. This general process is very similar to “finding the elbow” in a scree plot following a

principal components analysis (PCA).
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An LDA returns a matrix, where each row is an abstract, and each column is a topic from 1 to k. The values for

each topic are the γ‐statistic (gamma): the likelihood that a particular article “belongs” to each topic. Each abstract

was then assigned to a topic where the γ‐statistic was the highest.

Next, the most representative words for each topic were generated. This analysis required two techniques:

extractive summarization and term‐frequency, inverse‐document frequency. Extractive summarization is a text

summarization method that determines the sentences that best represent a topic by measuring how similar

sentences are to one another. For each topic, all the abstracts for that topic were condensed into a single block of

text. The five most representative sentences for each topic were then computed. Extractive summarization ap-

proaches can sacrifice some readability but generally perform adequately, as indicated by their longevity in the

field (Erkan & Radev, 2004).

The unique words for those topics were determined using the extractive summarization output using term‐

frequency, inverse‐document frequency (tf‐idf). Term frequency (tf) is how often a word occurs across a collection of

documents. Under a general BOW assumption, the frequency might be helpful. However, some words may occur so

much that they lose their distinguishing power. For example, the word health might show up a lot across these

abstracts and appear in multiple topics.

Inverse document frequency (idf) is a statistic that measures the relevant frequency of a word across all

documents. A common word would have an idf score around zero, while a rare word would score closer to one. By

multiplying these two metrics together (tf‐idf), researchers can see how important a word is to a particular set of

documents. Tf‐idf provides a more refined statistic than simple frequencies. It yields a word's relative frequency

when correcting for spread across documents.

Word embeddings were used for the second research question, How are key concepts related within the com-

munity psychology research space? Word Embeddings are numerical representations of words encoded by a vector.

Think of a document as a string of words that appear one after another in sequence. By examining the words that

occur near one another in a sequential space, it is possible to capture semantic meaning by computing their co‐
occurrence with one another and then implementing a dimensionality reduction process. What makes this vec-

torization process so powerful is how it encodes information about the words that may not be apparent by just

looking at a table of values.

There are many examples of “word algebra” that show how word embeddings preserve deep semantic en-

coding. There is a famous, almost cliched example in large pre‐trained word embeddings. By taking the vector for

king, subtracting the vector for man, then adding the vector for woman, the result is the vector for queen

(Moody, 2015).

There are multiple methods to develop word vectors. As noted above, transfer learning models like word2vec

and GLoVE use large, pre‐trained vectors with an enormous number of parameters (Azunre, 2020). OpenAI's

recently released GPT‐3 has billions of parameters (Floridi & Chiriatti, 2020). However, one potential challenge in

using transfer learning models is that domain‐specific words and jargon may not be captured. For example,

“culture”may refer to the community or society‐level norms and values rather than the organizational‐level factors
that come up often in the implementation sciences.

A novel set of vectors was trained for this study. Using methods detailed by Silge (2017a, 2017b), the

pointwise mutual information between all terms was computed within a predefined skip window (10 words on

either side of the target words). Using singular value decomposition, the number of dimensions was reduced

to 128. This process yielded a set of word vectors, each with 128 dimensions. These relationships can be

plotted with the Uniform Manifold Approximation and Projection (UMAP) algorithm (McInnes et al., 2018).

UMAP is a dimensionality reduction process that takes the k number of dimensions. It reduces these di-

mensions down to two (or whatever number the researcher specifies.) This method allows visualization in

two‐dimensional space. UMAP was used because it preserves the global structure between topics better

than other popular methods such as PCA or t‐Distributed Stochastic Neighbor Embedding (tSNE; McInnes

et al., 2018; Oskolkov, 2019).
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The cosine similarity between key terms shows how closely words are related through this vectorization

process to find conceptual similarities or gaps (Hvitfeldt & Silge, 2020).

All analysis was conducted in R 4.0.3 using open‐source packages.

2 | RESULTS

The total number of abstracts returned by the search of “equit|dispari” was 155, with the first article published in 1976

(Cole & Pilisuk, 1976). This number was much lower than anticipated. Figure 1 shows the distribution of articles over time.

There is a large jump in the occurrence of these abstracts over the past year. Two targeted journals, GJCCP and Australian

Community Psychologist, did not return any abstracts with these terms. To reframe this finding, there have been 2580

articles in total published in these three journals since 2007, when the topic began to show up more regularly. With 140

equity articles published since 2007, roughly 5% of all abstracts mentioned equity or disparities.

2.1 | Bag of words

Figure 2 shows the frequency of the top 25 unigrams (or single words). Health and community far outnumber other

terms. However, unigrams by themselves may not be informative. Therefore, Figure 3 shows the most frequently

occurring bigrams (or two‐word phrases). Because a word may appear at the beginning of one phrase and the end of

another, the bigrams were plotted as a network. Each node represents a token, with the arrows representing the

next token in the sequence. Each node's size represents its frequency, with a larger circle being a more frequently

occurring word. The line thickness between the nodes represents a more frequently occurring relationship. There

is a large word cluster around health (particularly mental health), along with some clusters around methods,

particularly CPBR and Searching the PsycInfo database (or PubMed, which does not require an institutional

subscription!).

F IGURE 1 Distribution of equity‐related abstracts over time
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2.2 | Topic modeling

To determine the minimum perplexity score, different configurations of topics from 2 to 30 were used. Although

the absolute perplexity minimum was reached at k = 30, there began to be diminishing gains at k = 20 topics, a.k.a.,

the bend in the plot. Therefore because there were not many abstracts in this analysis, the more parsimonious

k = 20 was chosen.

2.2.1 | Number of articles per unique topic

Figure 4 shows how many abstracts each topic had ranked from highest to lowest. The words on the y‐axis were

determined using tf‐idf, which distinguished between topics by extracting what is unique to each topic compared to

all other topics. When there was a tie in tf‐idf score, more than three words are displayed (e.g., topic 8, in which

conversation, collective, and circle had the same score.) This figure shows a high‐level description of the different

clusters, such as criminal justice (topic 10), school climate (topic 11), and CBPR (topic 16). The largest occurring

topic overall concerned community‐based participatory research.

Finally, Table 1 shows what article was most representative of each topic. The articles in this table had the

highest γ‐statistic for each topic, meaning that they had the highest probability of belonging to that topic. There is a

relatively even spread across AJO and AJCP, with JCP only appearing once.

2.2.2 | Word embeddings

Word Embeddings were used to example relationships between keywords in the abstracts. Figure 5 applies the

UMAP algorithm to the overall word vector space, reducing 128 dimensions to two for visualization purposes.

The top 40 most frequently occurring words are plotted to show how different terms are related, with each dot

F IGURE 2 Most frequently occurring words in the database
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representing a specific word. Forty terms were chosen to balance between comprehensiveness and clarity for the

visualization.

What this figure shows is that certain words are more closely associated with each other within these

abstracts. For example, racial is closely spaced to school, student, population, and American. Equity is most

closely related to base (a lemmatization of evidence‐based), process, and research. Disparity, however, appears

in the lower right‐hand corner in a cluster by itself. Strangely, child and youth did not appear closely

related.

Apart from this visualization, cosine similarity was used to find the top 10 most closely related words in

our key abstract searches. For equity, the most closely related words were, in descending order: depression,

power, sample, future, stand, inclusion, improve, finding, and incorporate. For disparity, the most closely related

words were, in descending order: white, experience, affect, level, colonialism, underserved, inequity, expand,

and city.

F IGURE 3 Network plot of word associations in abstracts
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3 | DISCUSSION

3.1 | Usage of NLP in equity research

With some much data available online, the process of synthesis and translation can be laborious. Although com-

munity psychology has a long and rich qualitative research tradition, recent trends in computer‐aided synthesis

available through NLP have not been utilized. There is great potential to accelerate the synthesis process by

leveraging these advances.

Of course, working with machine learning methods can open up all sorts of unintended (or intended bias) and

must be implemented carefully and judiciously (Bergstrom & West, 2020; O'neil, 2016). NLP is an example of a

narrow‐AI paradigm, meaning that the algorithms do not understand the model outputs. The algorithms only

cluster and weigh them. Therefore, there is still a need for human interpretation of results. This reflective process

is also consistent with a participatory approach. Rather than just handing over results to communities, there can be

a reflective process whereby all stakeholders can make meaning together (Scott et al., 2020). NLP is not human‐
independent and can fit in well with research on equity‐related topics.

There can be a learning curve for all the methods discussed in this article, which is true of any new technique

or process. However, there are highly active online communities (such as StackOverflow and Kaggle) and thousands

and thousands of resources (such as Medium) that can support the implementation (and debugging) of these

methods. In many ways, these materials are more accessible to the practitioner because they focus on im-

plementing these methods rather than the underlying mathematics (which are important but intimidating).

Once learned, the type and number of documents available for efficient analysis increase exponentially: school

board minutes, newspaper articles, Twitter feeds, conference abstracts, blog posts, anything that is text‐based. This data‐
gathering process can itself be equitable because a much broader diversity of sources can be collected to help

understand and tell the story of community‐based settings. Researchers who combine methods like those

F IGURE 4 Number of abstracts per topic. The y‐axis contains the topic number followed by tf‐idf words
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discussed in this text with other, traditional methods may simultaneously reduce the research/evaluation burden

of participants, effectively analyze more data, and devote the residual resources to more in‐depth techniques

like CBPR.

3.2 | Specific results

Equity is critical in achieving the fundamental goals of community psychology (Ozer et al., 2020). Anything

less puts our work at risk of becoming exclusionary. The work and research of community psychologists are

defined by specific values and competencies (Dalton & Wolfe, 2012). Therefore, there is an important need

to take stock of how community psychologists have researched this area thus far so the field can further

advance toward the goal of health and wellness for all. However, it is highly notable that more abstracts (and

two entire journals) did not include an explicit equity component given the broad search criteria that

were used.

Supplementary google trends search for health equity (searching for equity by itself brings in financial

results) and disparities were conducted to see if the terminology used was a recent phenomenon. According

to these results, these terms' use has slowly and steadily grown over time, not exponentially. At least on the

surface, it does not appear that the spike in research in 2020 is due to changes in word use in the broader

population. This finding reflects a prima facie gap; thus far, the published community psychology work has not

comprehensively addressed equity.

Within the abstracts with an equity lens, the topic modeling showed that a core community psychology

research strategy leads the way: Community‐Based Participatory Research (Kral & Allen, 2016; Wallerstein

et al., 2017). The field is well accustomed to participatory processes that can help engage end‐users and stake-

holders throughout a research process. CBPR satisfies the condition that equitable research focuses on both

process and outcomes. This finding was also confirmed in the word embeddings, whereby equity was closely

related to both the terms of process and research.

F IGURE 5 UMAP figure of word vectors. Community and Address are the words running on top of each other
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Consistent with community psychology being a setting‐diverse field, there were topic clusters around

schools, transgender and gender non‐conforming groups, Native Americans, and youth communities. This

finding shows that within these different settings, researchers are approaching their questions with an

equity‐informed lens.

These findings, taken together, suggest that there is breadth to community psychology equity research.

However, with the emerging primacy of equity‐focused interventions (Brownson et al., 2021), should community

psychologists be striving to address equity centrally in their work more explicitly? Such a focus would certainly be

consistent with our social justice values (Wolfe, 2014).

3.3 | Additional limitations

The NLP methods used here provide a high‐level overview. By relying on the abstracts, critical information that is

likely contained in the full text was not considered or “read” by the algorithms. Therefore, consider these results

exploratory. A further and more in‐depth reading of the text would provide a richer picture of how and where

community psychology has implemented equity‐informed.

This was a very simple search, focusing on a narrow range of search terms in a limited selection of journals.

Using adjacent concepts like equality and justice would have pulled in additional articles, though it may have opened

up the number of topics considerably. Also, many other journals may be a more suitable home for work on equity,

such as Health Promotion and Practice, Health Education and Behavior, and, of course, Health Equity. Researchers

working in these areas may simply go to these outlets first.

A more critical gap concerns what articles are published in the first place. Academic publications have a

specific set of purposes that may not align with the goals of public health departments and nongovernmental

organizations devoted to pursuing equity. As such, an unknowable amount of innovation and progress may be

occurring that is not captured by the narrow set of publications listed in this article. In a way, this further

emphasizes the need to continue to use CBPR methods that can help engage community members in the research

dialogue. NLP methods can do some things very well, but they can not do all things.

4 | CONCLUSION

NLP methods can be a powerful tool in the community‐based researcher's toolbox. This article has shown how a

broad set of methods can be applied to academic literature to understand overarching themes and constructs.

Specifically, this article has shown that community psychology's equity‐related work has been more recent yet

diverse in application. The emphasis on CBPR appears to be a critical ingredient in this study and should continue

to be relied on to foster progress.
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