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Abstract

Background: Recording and communicating patient information is a vital part of providing care, however the (often
unintentional) use of stigmatizing language in clinical care may contribute to health disparities among minoritized groups.

Objective: In this review, we aim to investigate the use of Natural Language Processing (NLP) to extract stigmatized language
in clinical documentation, where we focus on social and cultural characteristics, types of stigma and NLP methods.

Methods: In this review, we follow PRISMA scoping review guidelines and extract metadata from each publication according to
a predetermined set of categories that focus on (i) social and contextual characteristics associated with stigma (e.g., social
identities, health status and condition), (ii) the type of stigmatizing language used, and (iii) Natural Language Processing (NLP)
methods used to automatically identify stigma in EHRs.

Results: From our initial 1,882 papers we synthesize 13 papers that used methods grounded in Artificial Intelligence (AI) to
automatically identify stigmatizing language in electronic health records (EHRs). We find that whilst stigmatizing language is
analyzed in a variety of clinical settings, most studies primarily utilize on the use of only traditional machine learning algorithms.
Furthermore, we find that most works used explicit word lists to extract stigmatizing language and focused on a limited set of
social-identities and demographics.

Conclusions: We conclude that future research should focus on a boarder spectrum of social identities and demographics,
developing methods that can also capture implicit measurements of stigma, and utilizing state-of-the-art language models and
neural network architectures. More research is warranted to improve the detection of stigmatizing language by also incorporating
intersectional definitions of stigma (identities, conditions) grounded in social psychological theories, investigating the contextual
characteristics of the documentation (e.g.; provider, clinical environment), and ensuring NLP methods are reproducible and
developed by interdisciplinary researchers.
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Automatically Identifying Stigmatizing Language in Clinical Notes:
A Survey of Natural Language Processing Methods 

Abstract 

Background:  Recording and communicating patient information is a vital part of providing care,
however the (often unintentional) use of stigmatizing language in clinical care may contribute to
health disparities among minoritized groups.
Objective:  In this review, we aim to investigate the use of Natural Language Processing (NLP) to
extract  stigmatized  language  in  clinical  documentation,  where  we  focus  on  social  and  cultural
characteristics, types of stigma and NLP methods. 
Methods: In this review, we follow PRISMA scoping review guidelines and extract metadata from
each publication according to a predetermined set of categories that focus on (i) social and contextual
characteristics associated with stigma (e.g., social identities, health status and condition), (ii) the type
of  stigmatizing  language  used,  and  (iii)  Natural  Language  Processing  (NLP)  methods  used  to
automatically identify stigma in EHRs.
Results:  From our initial  1,882 papers we synthesize 13 papers  that  used methods grounded in
Artificial  Intelligence  (AI)  to  automatically  identify  stigmatizing  language  in  electronic  health
records  (EHRs).  We find  that  whilst  stigmatizing  language  is  analyzed  in  a  variety  of  clinical
settings, most studies primarily utilize on the use of only traditional machine learning algorithms.
Furthermore, we find that most works used explicit word lists to extract stigmatizing language and
focused on a limited set of social-identities and demographics.
Conclusion: We conclude that future research should focus on a boarder spectrum of social identities
and demographics, developing methods that can also capture implicit measurements of stigma, and
utilizing  state-of-the-art  language  models  and  neural  network  architectures.  More  research  is
warranted to improve the detection of stigmatizing language by also incorporating intersectional
definitions of stigma (identities, conditions) grounded in social psychological theories, investigating
the  contextual  characteristics  of  the  documentation  (e.g.;  provider,  clinical  environment),  and
ensuring NLP methods are reproducible and developed by interdisciplinary researchers.
Keywords: Healthcare; Natural Language Processing; Stigma; EHR; Machine Learning

Introduction

EHRs provide detailed sociodemographic and clinical information (e.g.; assigned triage acuity score,
vital signs, laboratory and diagnostic imaging results), as well as free text notes that describe how a
patient was evaluated and treated during specific clinical encounters. EHRs are essential for clinical
staff  in  documenting,  recommending,  and  communicating  about  the  provision  of  care  for  their
patients as they move through the healthcare system. While EHRs and the information they provide
is essential, how this patient-level information is recorded and used can powerfully impact patient
care. Action based on group-level patient information may give rise to the use of cognitive shortcuts,
including stereotypes, in decision making. There is strong evidence, for example, of disparities in the
delivery  of  care  in  a  variety  of  clinical  settings  based  on  social  identities  (e.g.,  gender,  race,
ethnicity),  socio-demographic  characteristics  (e.g.,  socioeconomic  status,  language)  and,  health
conditions (e.g., diabetes, substance use disorder) [44]. Bias (i.e., preferential or skewed attitudes
[73]) towards patients, either conscious or unconscious, has been identified as one of the primary
drivers underlying disparities [59]; The presence of absence of stigmatizing language in the notes
that providers write about patients, given that language, both spoken and written, may be a reflection
of these negative biases. 
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Language, both spoken and written, is a fundamental way in which we share our mental constructs
[74, 75]; thus, the continued use of stigmatizing language may be a mechanism for upholding social
inequities. In the social sciences, bias is thought to be a type of skewed attitude or evaluation of an
object, person, group, event, or idea [73, 76, 77]. Biases can be either positive or negative; implicit or
explicit.  While instrumental for rapid cognitive processing and decision making, when biases are
applied  to  the  characteristics  of  individuals  or  social  groups,  they  can  elicit  problematic  and
consequential social sanctions such as social devaluation and stigmatization of specific social groups
and  personal  attributes.  In  this  work,  we  aim  to  operationalize  stigma  as  a  mark  of  disgrace
associated with a particular social identity, circumstance, or characteristic that society has devalued
(i.e.,  created a negative bias or attitude towards). In the context of language, words, phrases and
sentiments  that  serve  to  devalue  an  individual  on  the  basis  of  their  identity,  circumstance,  or
characteristic are, therefore, considered stigmatizing [60].  Existing studies and reviews in stigma
research predominantly focus on qualitative approaches [13, 14, 32, 12,18, 26, 37, 19, 20, 21, 24, 27,
39] for specific groups of people [4,7,17, 28, 29], health conditions [5,6,7, 30, 31, 36] or clinical
settings (e.g.: primary care [8]).
Natural Language Processing is an interdisciplinary subfield in Artificial Intelligence that refers to
computational approaches (e.g.: machine learning, deep learning) to process, extract, and generate
human language [78]. Previous work has applied NLP in medical settings to gain insight into the
language used in EHRs at scale [33,34, 35]. Most recent work in AI and NLP investigating health
disparities focuses on specific social identities that can be stigmatized (e.g.: race, ethnicity, gender,
sexuality, etc.) [22, 23, 25, 38] or using other modalities (e.g.: video or audio recordings [16]). At the
same time, there has been an increased focus in NLP to understand how datasets, learning models,
and model outputs can be biased and lead to fairness concerns during practical applications of AI
[41, 42, 43].
There are some overlaps in bias research in NLP (quantitative by nature) and qualitative stigma
research  in  healthcare  settings,  where  data  types  (e.g.:  EHRs),  methods  (e.g.:  the  use  and
development of language models) and approaches (e.g.: a focus on certain sociodemographic groups
that are disproportionally affected) are frequently used. However, the two fields can be distinct [40]
in that (i) the words used to describe patient interactions and characteristics can only reveal their
implied biased nature in certain contexts and people (e.g.: other clinical personnel that have access
and experience in reading clinical records), (ii) unlike the authors in most NLP tasks, physicians are
required to note down all patient interactions and describe in detail potentially socially devalued
circumstances (e.g.: health or living conditions), and (iii) bias is differentially operationalized.
In this review, we follow PRISMA scoping review guidelines [80] and to the best of our knowledge,
there is no existing review that investigates the use of NLP to extract stigmatized language in clinical
documentation. To fill this gap in knowledge, we sought to answer the following research questions: 

1. What are the social  and contextual characteristics associated with the use of stigmatizing
language that are being studied; specifically, what are the:

a. Patient factors (e.g., social identities, health status and condition), 
b. Provider factors (e.g., profession, specialization), and
c. Environmental  factors  (e.g.,  clinical  setting)  that  are  associated  with  use  of

stigmatizing language?
2. What type of stigmatizing language has been studied? (e.g.; stigmatizing language based on a

patients’ social identities versus health-based stigma) 
a. What definitions of stigma have been operationalized in the existing literature?

3. How is NLP used to detect stigma in clinical records? Specifically, what:
a. datasets and preprocessing techniques, 
b. annotations and task formulations, and 
c. methods have been employed to date?
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Methodology 

Metadata Extraction

For  each selected  paper,  we extracted  the  following metadata  to  identify  trends  and patterns  in
existing studies: 
I. Social and Contextual Characteristics Associated with Stigma: 

i Patient Factors: We captured basic demographic information (e.g.: age, sex and race) for
people who either  participated  in  the  research  study or  who acted  as  a  health  care  provider.  In
addition to this, we also included groups that are known to be disproportionately impacted by health
disparities (e.g.: based on gender identity, sexuality, race and ethnicity) [9]. 

ii Provider Factors:  Here, we identified the type of clinical provider involved (e.g., nurses,
physicians, or surgeons). 

iii Environmental  Factors:  Here,  we identified the  type  of  medical  setting  or  facility  the
research study was conducted in (e.g., inpatient or outpatient).
II. Stigmatizing Language: 
Here, we identified varying classifications of stigmatizing language being studied. Specifically, we
created a distinction between these forms of stigmatization, such that devaluation of an individual on
the  basis  of  their  social  identity  was  considered  identity-based  stigma and  devaluation  of  an
individual on the basis of their health status or health condition was considered health-based stigma.
III. Natural Language Processing: In this category we extracted information about the type of NLP
methods and tools used to identify stigma. This included, but was not limited to traditional machine
learning approaches, such as topic modelling and Logistic Regression, but also neural network (e.g.,
Transformers) and rule-based approaches.

Selection Process

Search strategy and query: We conducted a search of scientific databases (Scopus, Web of Science,
PubMed and the Anthology of the Association for Computational Linguistics) in May 2024, which
captured published studies in medicine, computer science, NLP and the intersection of both fields.
We included all papers that were peer-reviewed and published as a full text, between 2013 and 2024
using the following query:
(Stigma  OR bias  OR Identity  OR Stereotype  OR Disparity  OR Belonging  OR Exclusion)  AND
(Clinical Notes OR Electronic Health Records) AND (Language OR natural language processing
OR text mining)
Filtering strategy. We identified 1,882 papers and after removing duplicates, retained 1,424 papers
in our two-step pre-screening process (see Figure 1). First, we identified a set of 12 seed papers,
where 6 papers  are  closely  related to  our  topic  of  interest  and 6 are  not  relevant  based on our
inclusion and exclusion criteria (see full list of criteria below). Next, we utilized RobotAnalyst [1] to
reduce human workload; RobotAnalyst is a popular open-source software tool that takes advantage
of both machine learning and text mining techniques to categorize, cluster and rank collections of
literature for their relevance (Free access to RobotAnalyst can be requested to reproduce this work).
The tool is based on an iterative classification process and uses paper abstracts to decide if a paper is
relevant. Furthermore, it enables researchers to select papers that should be included and excluded
before classifying uncategorized papers. Here, we used our seed papers for inclusion and exclusion
and RobotAnalyst returned 98 papers after training and we retrained 67 papers after screening for
titles and abstracts. Finally, we manually screened all papers predicted to be included and retained 13
papers for review, where we used the following inclusion and exclusion criteria: 
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Inclusion Criteria: 
 Articles that utilized either text mining or NLP approaches to extract stigmatized language,
 Published studies that have been conducted in healthcare settings only,
 Articles that are published in English and focus on English-speaking countries,  including

USA, United Kingdom, Australia, and Ireland.

Exclusion Criteria:
 All abstracts, mission statements, commentary, review articles, and retractions;
 Articles that focused on bias in AI models or do not use language data to predict  health

disparities; 

 Published studies that used qualitative methods to identify stigma in language; 
 Articles  that  focused  only  on  research  involving  human  participants  (e.g.,  observational,

clinical trials).

Fig
ure 1:  Overview of article screening and selection process. 

Findings

Figure 2 depicts the number of papers published in our collection and whilst our search spanned over
10 years. We were only able to retrieve relevant literature since 2019 with no works published in
2020 and no relevant papers published before 2019. Furthermore, we anticipate that more literature
on the subject will become available throughout 2024 and therefore is not reflected in our chart. 
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Figure 2: Number of papers published at the intersection of stigma and NLP until 2024. 

Social and Contextual Characteristics Associated with Stigma

Patient Factors
In our collection of papers, most works account for multiple social identities [47, 28, 39, 19, 38, 46,
48, 21, 40], where only few studies focus on one aspect of identity such as racial descriptors [45, 49]
or  sexuality  [25].  Frequently  considered  aspects  of  identity  that  can  be  societally  marginalized,
include  race  [47,  28,  39,  46,  21,  40]  and  ethnicity  [39,  46,  21],  where  most  papers  focus  on
comparative approaches between Black [21, 39, 45, 46, 49], white [45, 46, 49, 39, 21], Hispanic [21,
39,46], and Asian [39, 46] patients. Gender identity [47, 48, 28, 38, 39], sex [19, 21, 40], and sexual
orientation [25, 48] are other frequently considered factors. The majority of papers focus on a binary
understanding of gender (e.g. male/female) [47, 28, 39, 21, 48] and only one paper looks at  the
impact of transgender people [48]. Less frequently investigated aspects of identity include age [47,
39, 19, 21], level of insurance coverage [47, 19], household income [47], marital status [19], and
preferred language [47, 39].

Provider Factors
Work by several research groups [48, 49] and [19, 28, 47] focus on notes written by nurses and
physicians,  respectively.  Other  works  in  this  sample  analyze  notes  written  by  multiple  different
providers  [38,  46,  21,  40,  27]  from a  variety  of  disciplines,  including but  not  limited  to  social
workers [38, 46, 21], nutritionists/dieticians [38, 27], and physical/occupational therapists [46]. Only
one paper in our collection includes demographic information about the clinical providers [39] and
five papers do not describe the type of clinical provider that authored the clinical note [25, 39, 45].

Environmental Factors

https://preprints.jmir.org/preprint/67807 [unpublished, non-peer-reviewed preprint]
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The most  common clinical  settings include Intensive Care Units  (ICUs) [38,  45,  49,  40],  home
healthcare [46, 48], and emergency departments (EDs / ambulatory settings) [19, 28]. Two papers did
not restrict themselves to one clinical setting, but focused on notes from multiple sources [21, 40],
whereas other analyzed notes from a Veteran's Affairs clinic (VA) [25], pediatric hospital [47], and
labor and birth admissions [27]. 

Health condition
The majority of papers do not explicitly outline the type of health condition experienced by the
patients whose notes were analyzed [19, 28, 45, 46, 48, 49]. At the same time, some work focuses on
multiple conditions at a time, such as septicemia and atherosclerosis [38] or diabetes, substance use,
and chronic pain [39]. Few works look at specific health conditions, including substance use [21],
epilepsy [47], HIV [25], and pregnancy [27].

Stigmatizing Language

The majority of papers included in this review [47, 25, 48, 28, 38, 49, 46, 45] focus on social-identity
stigma [1, 3], however the types of analyzed social identities are limited to racial [40, 47], sexuality
and gender [25, 48, 38, 40, 49, 46, 45]. Similarly, health / condition-based stigma is only evaluated
for some conditions, such as substance use [21, 39] as well as chronic pain and diabetes [39]. Other
types of stigmatizing language analyzed include negative patient descriptors [19] or marginalizing
language [27]. 

Natural Language Processing
In  the  following  section,  we  describe  current  datasets,  tasks,  common preprocessing  steps,  and
algorithms used to identify stigma in clinical records. 

Datasets and Preprocessing
The majority of articles in our survey either introduce their own dataset [40, 47, 25, 48, 19, 49, 46,
21, 27, 25], make use of freely available data [38, 49, 45, 40], such as subsets of MIMIC-III [50], a
database of clinical records that includes both socio-demographic information and different types of
notes among other variables. Most articles report the exact number of notes, unique patients and
clinicians that make up their dataset where the smallest and largest dataset contain 1,117 [27] and
over  110  million  [45]  notes,  respectively.  Typically,  each  note  undergoes  some  form  of
preprocessing, a common and necessary step in developing NLP applications that involve the process
of standardizing and normalizing textual data in preparation for further analysis and modelling [51].
For the papers in this survey, this usually involves tokenization using some form of pre-existing
library [40,  28,  38]  (e.g.:  medspaCy [56]  or  spaCy [57]),  [27,  19,  38,  40,  47]  normalizing  and
lowercasing  all  tokens,  [47,  48]  removing  stop  words,  punctuation  and  whitespaces,  replacing
numbers and specific keywords (e.g.: non-compliant to non_compliant [45]), as well as [45, 48, 39]
generating n-grams using Gensim [55], and [28] adding Part-of-Speech (POS) tags [58]. Finally, all
preprocessed notes are transformed into embedding representations [19, 49, 27, 45], such as TF-IDF
[54] Word2Vec [53], and Bag-of-words (BOW) [52], that are used as input to a learning model. 
Annotation and Task formulation
Annotation is a common step in NLP, and AI overall, that involves adding metadata and labels to
unstructured data to enable any AI/ML algorithm to learn specific categories or characteristics [70].
Labels  or  metadata  can  be added at  note,  sentence  or  word-level  in  unstructured  text  by  either
humans or other algorithms (e.g.: using topic modelling algorithms to cluster similar documents and
assign the topic category as a label to the overall document), depending on the task that needs to be
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solved.   For  example,  [40]  first  utilizes  a  dictionary  containing  stigmatizing  words  to  identify
relevant notes that were then manually labelled by two annotators. Similarly, [19, 27] also had expert
annotators  with  training  in  health  and data  science  label  both  sentences  and  parts  of  notes  for
(negative) patient descriptors. Most tasks reviewed in our articles were set up as classification tasks,
where a note or sentence is automatically assigned into a predefined category. For example, work by
[21,  39,  46]  classify  clinical  notes  into  binary  categories,  including  classifying  notes  with
stigmatizing  language  based  on  a  predetermined  set  of  words.  [27]  uses  two  separate  binary
classifiers to identify stigma, where each model has to predict presence or absence of stigma, power
or privilege. Recent studies setting up their task for multi-class classification, have labelled stigma
using positive or negative sentiment and out of context [19] or credibility/obstinacy, compliance and
descriptors [40]. Other work has extracted specific words [28], expanding on previous work by using
NLP to detect new terms related to sexual orientation [25], and evaluating biases that can be carried
over by NLP systems [49]. 
Methods
After completing all aforementioned steps of the NLP pipeline, each paper proceeded to either utilize
a ML or rule-based algorithm, a neural network approach or NLP tools to classify notes or extract
stigmatizing language depending on the task definition. The most popular approaches were based on
traditional machine learning algorithms, including the use of Support Vector Machines (SVM) [47,
27], logistic regression [38, 39, 49], linear classifier with SGD [19], xgBoost [49], decision tree [27],
and random forest [27]. Furthermore, readymade NLP tools were popular in multiple papers, such as
FlashText  [28],  NimbleMiner  [46],  MTERMS  NLP  [21],  KNIME  [27],  AutoMap  [48],  and
SNOWMED-CT [25].  Rule-based  approaches  [21,  48]  were  also  used  for  finding  stigmatizing
words, terms, phrases. Finally, two studies [40, 45] took advantage of more recent NLP methods by
utilizing  a  Language  Model  (BERT [71])  and  other  neural  network  architectures  that  were  not
described in detail. 

Discussion  

It was the goal of the current review to examine (i) social and contextual characteristics associated
with stigma, (ii) the type of stigmatizing language used, and (iii) Natural Language Processing (NLP)
methods used to automatically identify stigma in EHRs. We were able to identify and synthesize 13
papers  that  showed  promising  results  using  NLP;  however,  several  key  challenges  remain  in
automatically  extracting  stigmatizing  language  from  EHRs.  Here,  we  introduce  open  research
questions and considerations for future work: 

 Social  and  Contextual  Characteristics  Associated  with  Stigma: The  basic  demographic
information assessed and analyzed in this collection is somewhat limited in that (i) there is
often a focus on a single variable and (ii) works that look at multiple variables do not look at
the possible compounding effect of belonging to more than one stigmatized demographic
group (a  concept  known as intersectionality first  conceived and popularized by Kimberlé
Crenshaw [72]).  Similarly,  most  work  is  solely  focused  on  the  differences  between  the
treatment of white and Black patients, where very few look at other minoritized identities
such as those who identify as Latino(a), Latine, Latinx or Hispanic and no work considers
Native American populations. Whilst, this may in part be due to issues of such groups having
access to the traditional healthcare system (leading to limited availability of information), it
also means that most findings of words/concepts related to stigma are limited and likely not
applicable / transferable to populations who are most stigmatized in the healthcare system.
This leads us to ask the question: for whom we are developing new technologies and how
broadly applicable they are [4]?

 There is also very little work focusing on the provider characteristics, which can lead
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to a one-dimensional view of the overarching problem, where we only try to understand who
is impacted and not who is often  unintentionally  at the root cause of the issue. Using this
information  could  help  to  build  more  broadly  applicable  policies  and  interventions  that
improve patient care. 

At the same time, environmental factors such as the clinical setting or a stigmatized
health condition can play an important role in understanding how stigma shows up in real
world settings. Especially for health-based stigma it is important to remember that people
with different conditions may face different problems, where specific concepts are simply not
transferable. Therefore, leading to the development of tools and technologies that can only be
applied in a limited context. Overall, this leads us to believe that there is an increased need
for more research that focuses on all sections of the patient and provider population as well as
health conditions, so that any new tools or technologies developed capture a broader picture
of the issue at large. 

 Stigmatizing Language: In the case of both identity and health-based stigma, we found that
the  operationalization  of  bias  and  stigma  were  conflated.  While  it  is  true  that  in  some
instances, there are nuanced theoretical distinctions. Most operationaliztions of biased and
stigmatizing language involves counting the number of words and phrases based on existing
lexicons of terms and phrases. This strategy does not s not capture all possible experiences of
stigma, as stigma is very often socially and contextually derived. Therefore, any lexicons or
knowledge bases created for such work are inherently limited in themselves as they can only
capture what they know. While it  is important to capture explicit  terminology, we cannot
ignore  the  need  for  more  broad  measurements  of  stigma  that  may  exist  on  an  implicit
spectrum. Similarly, the meaning of words and phrases is nuanced and context-dependent; in
clinical documentation, the holistic meaning of the text may be more important than the use
of a specific word or phrase. For example, standard triage documentation practices include
the use of phrases such as “The patient refuses...” or “The patient complains”, but many lists
include  “refuse”  or  “complain”  as  a  stigmatizing  word.  Alternatively,  some  words  (e.g.
“abuse”) may be stigmatizing in some contexts (e.g. when describing a patient with substance
use disorder) but not in other contexts (e.g., when describing physical or sexual abuse that
occurred  towards  a  patient).  Furthermore,  even  though category  or  group labels  may be
associated  with  stigma,  the  specific  mechanisms  by  which  those  individuals  are  being
devalued  are  not captured through this simple quantification of labels and word use. More
research is needed focusing on the sentiments being evoked when potentially stigmatized
social groups or conditions are being discussed to more holistically capture the experience of
stigmatization. 

 Natural Language Processing:  Preprocessing of clinical data is a notoriously difficult task,
where enough standardization and normalization is needed to reduce noise and build effective
NLP models. However, sometimes the removal of certain punctuation (e.g., quotation marks
as  markers  of  implicit  stigma),  a  common preprocessing  step,  can  change  the  meaning,
sentiment or intent of a note and therefore impact the NLP model’s ability to not just learn
relevant features, but also make accurate new predictions over unseen data. At the same time,
the methods used in this collection of papers are often limited in their description or can only
be reproduced via the use of commercial (paid for) tools, which subsequently leads to a lack
of reproducible and comparable research. Similarly, the majority of the datasets used are not
available  to  the  wider  research  community,  which  is  often  due  to  containing  personal
identifiable  information  (PII).  Therefore,  future  research  at  the  intersection  of  AI  and
healthcare  should  investigate  and  consider  how  data  and  NLP  models  can  be  shared
responsibly  to  ensure  that  any  scientific  findings  can  be  sufficiently  peer-reviewed  and
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reproduced,  ultimately  leading  to  more  transparent  and  applicable  development  of  new
technologies. This also applies to the dissemination of any high-quality human annotations,
not only because the task in itself requires a lot of resources and is often costly as well as
time-consuming, but also because high quality metadata and human knowledge are essential
for developing AI/NLP models in critical settings (e.g.: healthcare or defense). Additionally,
creating new tasks and tools in interdisciplinary settings can be challenging because rarely
are  teams  diverse  enough  in  their  skillsets  to  either  ground  algorithms  appropriately  in
clinical research, take advantage of state-of-the-art algorithms, or have sufficient and secure
compute resources to run new NLP models. However, this presents new opportunities for
future research where interdisciplinary collaborations between medical, social, and computer
scientists could enable the application of newer methods such as Language Models, available
through  model  zoos  like  Huggingface [79],  or  other  neural  network  architectures  (e.g.,
Transformer models [2]).

Conclusion

In  this  review,  we  have  analyzed  13  scientific  papers  that  used  NLP to  identify  and  extract
stigmatizing  language  in  EHRs.  We  found  that  most  works  used  explicit  word  lists  to  extract
stigmatizing language and focused on a limited set of social-identities and demographics. Findings
suggest that current work is applying traditional machine learning techniques to detect and extract
stigmatizing language,  but rarely utilizes modern approaches.  Finally,  in our discussion we have
highlighted both challenges and opportunities for future research,  such as focusing on a boarder
spectrum of social identities and demographics, developing methods that can also capture implicit
measurements  of  stigma,  and  utilizing  state-of-the-art  language  models  and  neural  network
architectures.  Moreover,  further  research  is  warranted  to  improve  the  detection  of  stigmatizing
language by also incorporating intersectional definitions of stigma (identities, conditions) grounded
in social  psychological theories, investigating the contextual characteristics of the documentation
(e.g.; provider, clinical environment), and ensuring NLP methods are reproducible and developed by
interdisciplinary researchers. The data supporting the findings of this study will be available upon
request to the corresponding author.
Finally, this review has several limitations that qualify the generalizability of its findings. First, the
lack of theoretical consensus on how stigma, bias, and general mechanisms of devaluation are being
operationalized complicated the construction of inclusion criteria for this review. As a result,  we
were able to  identify very few papers that accurately and consistently assessed these constructs.
Secondly, we were unable to examine the intersectional nature of stigmas in this review given the
generally limited focus on singular-identity based stigma. At the same time, this has limited the
number  of  papers  that  have  a  stronger  focus  on  NLP we  have  reviewed,  where  based  on  our
definition  of  bias  and  stigma  a  large  body  of  literature  published  at  top  venues  (e.g.;  annual
conferences associated to the Association for Computational Linguistics or the Association for the
advancement of artificial intelligence) did not qualify.  
In spite of these limitations, this review highlights the need for future research to focus on not only a
shared  but  broad  operationalization  of  stigmatization,  but  also  more  modern  machine  learning
approaches that are grounded in existing social science and psychology research.
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