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Abstract
In our study we assess the responsiveness of Hungarian local governments to 
requests for information by Roma and non-Roma clients, relying on a nationwide 
correspondence study. Our paper has both methodological and substantive rele-
vance. The methodological novelty is that we treat discrimination as a classification 
problem and study to what extent emails written to Roma and non-Roma clients can 
be distinguished, which in turn serves as a metric of discrimination in general. We 
show that it is possible to detect discrimination in textual data in an automated way 
without human coding, and that machine learning (ML) may detect features of dis-
crimination that human coders may not recognize. To the best of our knowledge, our 
study is the first attempt to assess discrimination using ML techniques. From a sub-
stantive point of view, our study focuses on linguistic features the algorithm detects 
behind the discrimination. Our models worked significantly better compared to ran-
dom classification (the accuracy of the best of our models was 61%), confirming the 
differential treatment of Roma clients. The most important predictors showed that 
the answers sent to ostensibly Roma clients are not only shorter, but their tone is 
less polite and more reserved, supporting the idea of attention discrimination, in line 
with the results of Bartos et al. (2016). A higher level of attention discrimination is 
detectable against male senders, and in smaller settlements. Also, our results can be 
interpreted as digital discrimination in the sense in which Edelman and Luca (2014) 
use this term.

Keywords  Correspondence study · Controlled field experiment · Attention 
discrimination · Natural language processing · Machine learning · Metric of 
discrimination

 *	 Renáta Németh 
	 nemeth.renata@tatk.elte.hu

Extended author information available on the last page of the article

http://orcid.org/0000-0001-6796-3563
http://orcid.org/0000-0002-5727-5043
http://orcid.org/0000-0002-9263-745X
http://crossmark.crossref.org/dialog/?doi=10.1007/s10579-022-09612-5&domain=pdf


1548	 J. Buda et al.

1 3

1  Introduction

Understanding why and on what grounds people discriminate based on observable 
group attributes has been one of the core interests of the social sciences for the past 
decades. Prior research evidence suggests that discrimination based on ethnicity is 
pervasive in Hungary as well as in other European countries, even though two EU 
directives1 were adopted in 2000 designed to reduce discrimination. In Hungary, 
both direct and indirect forms of discrimination occurs regularly in various spheres 
of everyday life such as the labour market, housing, access to education and health 
care (FRA, 2018), as well as police stops and search practices (on racial profiling 
see Miller et al., 2008). Furthermore, unequal treatment of minorities in all sorts of 
public services and retail (e.g. banks, municipality services, restaurants, car deal-
ers, bars, and shops) is presumably prevalent; however, our knowledge in this field 
is limited. Since 2006 several field experiments have been carried out in Hungary, 
mostly to explore the mechanisms of discrimination in the labour market against 
various vulnerable social groups, i.e. the Roma, overweight people, and people with 
disabilities (Pálosi et al., 2007; Sik & Simonovits, 2008). Most recently discrimina-
tion by local governments was studied using randomized field experiments (Csomor 
et al., 2021; Simonovits et al., 2021).

In Hungary there is a long tradition of research exploring the structure of atti-
tudes towards various minorities including the Roma, Jewish people, and more 
recently immigrants (Enyedi et al., 2004; Örkény & Váradi, 2010; Sik et al., 2016; 
Simonovits & Szalai, 2013). Experimental researchers have also explored ways to 
tackle exclusionary attitudes through interventions conducted in educational settings 
(Kende et  al., 2017; Simonovits & Surányi, 2020), or embedded in online games 
(Simonovits et al., 2018). When designing the present study, we sought to build on 
this body of research by investigating possible ways in which exclusionary or dis-
criminatory behaviour can be measured and changed in Hungary. Using the theoreti-
cal framework of attention discrimination—originally developed by Matejka (2013) 
and Bartoš et  al. (2016) linking the concepts of discrimination and scarce atten-
tion—our research group approached all Hungarian local governments via sending 
them requests purportedly by Roma and non-Roma citizens in multiple waves in 
2020. Beyond using the concept of attention discrimination, we also relied on the 
idea of digital discrimination, in line with the interpretation offered by Edelman and 
Luca (2014).

After the pilot study was completed (Csomor et  al, 2021), we broadened the 
research design with an intervention (in close cooperation with a leading Hungar-
ian NGO) to test whether the behaviour of the local governments can be changed 
with such a stimulus. We carried out a series of online correspondence studies of 

1  Race Equality Directive (2000/43/EC) prohibits discrimination on grounds of race and ethnic origin, 
covering various fields of social life. Employment Equality Directive (2000/78/EC) prohibits discrimi-
nation on grounds of religion and belief, age, disability, and sexual orientation, covering the fields of 
employment and occupation, vocational training, membership of employer and employee organisations. 
Source: https://​ec.​europa.​eu/​commi​ssion/​press​corner/​detail/​en/​MEMO_​07_​257 and https://​ec.​europa.​eu/​
commi​ssion/​press​corner/​detail/​en/​MEMO_​08_​69

https://ec.europa.eu/commission/presscorner/detail/en/MEMO_07_257
https://ec.europa.eu/commission/presscorner/detail/en/MEMO_08_69
https://ec.europa.eu/commission/presscorner/detail/en/MEMO_08_69
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the Hungarian local governments (N = 1260). We aimed to explore to what extent 
human rights NGOs can protect minorities against unequal treatment by Hungar-
ian local governments. We studied this question by combining an audit experi-
ment in Hungary with an intervention conducted in collaboration with a major 
Hungarian NGO—cuing Roma ethnicity by using a combination of stereotypi-
cally Roma sounding first and family names.

In the audit experiment we demonstrated (Simonovits et  al., 2021) that high 
status Roma individuals were about 13% less likely to receive responses to infor-
mation requests from local governments, and the responses they received were 
of substantially lower quality. The intervention that reminded a random subset of 
local governments of their legal responsibility of equal treatment lead to a short-
term reduction in discrimination, but the effects of the intervention dissipated 
within a month. These findings are similar to those of Distelhorst and Hou (2014) 
as well as of Einstein and Glick (2017) both in terms of baseline responsiveness 
and discrimination. We found similar patterns analyzing the content of the emails.

Based on our empirical results summarised above, using the data of our study 
Simonovits et  al., (2021) we devote the present paper to fulfilling a double—a 
methodological and a substantive—aim. The methodological novelty of our 
paper is that we treat discrimination as a classification problem and study to what 
extent emails written to Roma and non-Roma clients can be distinguished, which 
in turn serves as a metric of discrimination in general. By doing so we exam-
ine whether it is possible to detect subtle forms of discrimination in textual data 
in an automated way without human coding, and whether machine learning can 
detect features of subtle discrimination that coding guidelines do not cover. We 
examine the role of potential modifiers by assessing the classification for certain 
subgroups separately. We think our study shows how machine learning and the 
method of natural language processing (NLP) can expand the methodological 
toolkit of discrimination research.

To the best of our knowledge, our study is the first to propose an approach to 
assess discrimination that employs machine learning techniques. Hence, we apply a 
broader perspective, and discuss the conceptual and practical aspects of this proce-
dure in comparison with the traditional alternatives. The substantive aspect of our 
study focuses on the level of discrimination measured in this computational way, 
and on the strength of modifier factors measured at both individual and settlement-
level. However, it is important to note, that with the application of NLP technique 
we are only able to assess subtle forms of discrimination, as we are only able to 
analyse texts of the answers, which means that the reactions of those officials who 
did not answered to the fictious clients are not included into the analysis. We also try 
to identify linguistic features that the algorithm considers most important in making 
the distinction between responses written to Roma or non-Roma clients. In other 
words, in addition to measuring discrimination, we also aim to understand the lin-
guistic distinctions we detect. Finally, we examine whether potential modifier factors 
(the gender of the client, and the size of settlement the local government is located 
in) affect the level of detectable discrimination.

The rest of the paper is organised as follows. First, the literature review is pre-
sented (Sect. 2), then the methodology on which we based this study is explained 
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and justified (Sect.  3). In Sect.  4 the findings are presented, and then discussed 
(Sect. 5).

2 � Literature review and our own approach

2.1 � Understanding discrimination in audit and correspondence studies

Over the last decades there has been growing empirical evidence on ethnic and other 
types of discrimination, mostly obtained by field experiments. A basic differentia-
tion between audit and correspondence studies can be made. The general idea of 
audit studies is using pairs of trained testers (auditors), matched for relevant char-
acteristics except for the experimental variable (i.e. those presumed to lead to dis-
crimination, e.g. race, ethnicity, gender, and age). Discrimination is detected when 
“auditors in the protected class are systematically treated worse than their team-
mates” (Yinger, 1998). Recently, beyond audit studies there have also been corre-
spondence studies (or email audit studies), in which only written materials (primar-
ily emails, reference letters, and cover letters) are used to test discrimination in the 
labour market or in other spheres of daily lives, such as access to services. The larg-
est advantages of correspondence studies are (i) that “the method is largely immune 
to criticisms of failure to control for important differences between, for example, 
black and white job applicants” (Neumark, 2012, p. 3), (ii) that it can be applied in 
large numbers, and (iii) that it is relatively cheap to implement. On the other hand, 
correspondence technique is only appropriate for assessing the first phase of the 
interaction (most likely the application process). To sum it up, using correspondence 
studies is an excellent and cost-effective way to examine discriminatory behavior in 
the real world (Verhaeghe, 2022).

To better understand the subtle ways in which discriminatory selection mecha-
nisms take place in online communication—first we need to distinguish between 
overt (or direct) and more subtle forms of discrimination. Overt discrimination can 
be defined as “blatant antipathy, beliefs that [members of stereotyped groups] are 
inherently inferior, [and] endorsement of pejorative stereotypes” (Cortina, 2008, p. 
59). Whereas subtle discrimination means a behaviour that are ambiguously intent 
to harm, low in intensity, and often unintentional, therefore difficult to detect. (Cor-
tina, 2008; Dipboye & Halverson, 2004). In their meta-analysis of 90 studies, Jones 
et al. (2017b) pointed out that subtle and overt forms of discrimination are highly 
correlated. The authors argue, therefore that subtle discrimination, which is often 
normalized and overlooked in the workplaces, should be taken more seriously.

As a theoretical background we use the terms of digital discrimination as well 
as attention discrimination (Matejka, 2013; Bartoš et al., 2016) to better understand 
subtle ways of discriminatory behaviour in the online communication between 
municipalities and their clients. In line with Bartoš et al. (2016), Huang et al. (2021) 
empirically prove that there is discrimination arising from differential attention allo-
cation (or inattention) to minority and majority applicants in online lending markets 
in China. Huang et al. (2021) argue that discrimination is often aggravated by the 
attention constraints of decision makers. In other words, in selection or screening 
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processes, decision makers tend to pay less if any attention to minority applicants, 
who often have lower levels of proper language skills or qualifications. It is not sur-
prising that this kind of inattention may result in discriminatory selection processes.

We use the term digital discrimination based on the work of Edelman and Luca 
(2014), who earlier applied this concept to assess the prevalence of discrimination 
in online marketplaces, namely on the Airbnb platform. They argue that in con-
trast to face-to-face interaction, where it is impossible not to disclose information 
about the applicants’ identity (e.g. a job interview), in digital transactions the flow 
of undesirable or unnecessary information can easily be reduced. There is contra-
dictory research evidence whether the use of digital communication (in contrast to 
offline experiences) can successfully reduce racial discrimination. While Morton 
et  al. (2003) pointed out that using online markets for buying a car is dispropor-
tionately beneficial to minorities (i.e. for African-American and Hispanic clients, 
who are least likely to use the Internet) as compared to offline bargaining situations. 
On the other hand, there is a growing amount of research evidence suggesting that 
discrimination seems to remain an important policy concern in online marketplaces 
(Edelman et al., 2017; Cui et al., 2020), as most of these platforms encourage users 
to provide personal profiles and even photos of themselves in order to build trust. 
We may conclude that the benefits of online communication depend on the design 
of the online platforms. In our research design we used simple emails as the means 
of online communication, and intentionally disclosed the racial background of the 
clients.

2.2 � Using textual data in discrimination research

Many studies focus on discrimination as a behavioral act by a decision maker (in 
employment see the landmark study of Bertrand & Mullainathan, 2004; for housing 
Massey & Lundy, 2001; for access to private or public services see e.g. Zussman, 
2013; etc.). However, subtle forms of discrimination may also appear as a linguistic 
element used when engaging in communication with members of the target group. 
The aforementioned audit and correspondence studies also examine these linguis-
tic phenomena. Crabtree (2018) provides a good overview of the implementation 
of correspondence studies, and also offers recommendations on analyzing emails. 
According to Crabtree the most commonly used indicators in correspondence stud-
ies are quantitative indicators, i.e. whether the sender received a reply, and the time 
elapsed between the request and reply. In other cases, qualitative aspects of the texts 
are also assessed, i.e. the content (helpfulness or sentiment) of the reply. Crabtree 
offers different assessment methods: texts can be coded manually, or quasi-automat-
ically using a predefined dictionary, compiled by researchers. Crabtree also men-
tions natural language processing (NLP) as a fully automated method, but does not 
describe the specific way in which it can be used.

When it comes to unequal access to public services, there is a large and growing 
body of literature on discrimination by local governments (Distelhorst & Hou, 2014; 
Hemker & Rink, 2017). However, there has been little work done exploring ways 
in which such bias may be ameliorated. To our knowledge the only such effort is by 



1552	 J. Buda et al.

1 3

Butler and Crabtree (2017), who find no effect of an information treatment delivered 
by researchers. One crucial issue is that interventions implemented by researchers 
might not be taken seriously by local governments (Butler & Crabtree, 2017; Kalla 
& Porter, 2019), and governments themselves might not have sufficient incentives to 
intervene when they observe discriminatory behaviour.

In our research our starting point was that a binary outcome variable alone—
whether an email is answered or not—is a rather coarse measure of discrimination 
(Banerjee & Duflo, 2017). We believe that numerical outcome measures measur-
ing the quality and sentiment of responses are more appropriate tools to tackle sub-
tle forms of discrimination. As subtle forms of discrimination (as opposed to more 
overt manifestations) are more prevalent in countries where discrimination is legally 
banned, in our view it is worth exploring these subtle mechanisms with complex 
questions, which can be better implemented through emails. We also agree with 
Jones et  al. (2017a) arguing that due to the rising pressure of egalitarianism, the 
prevalence of subtle and unintentional forms of discrimination could be understood 
as a vicious cycle at the workplace, but in our view, this is the case also beyond the 
labour market, in various areas of our social lives (e.g. housing market, access to 
public and private services).

In the first phase of our study (Simonovits et al., 2021) we applied human cod-
ing to measure the helpfulness and politeness of the replies. In the present paper we 
have relied on automated processing of the emails by using NLP. Our approach was 
not to evaluate the content of the email without taking into account the ethnicity 
of the sender, but on the contrary, we tried to identify patterns of the text that are 
connected to the ethnicity of the sender. Technically, we did this by using machine 
learning techniques. We tried to find an algorithm that predicts the ethnicity of the 
sender well from a limited number of features derived from the text of the response 
they received. We limited the number of features used because one of our goals was 
to be able to interpret the built model, despite machine learning methods being often 
described as black boxes. In order to find the most optimal algorithm, we tried dif-
ferent statistical models and different text features.

In addition to prediction, an analysis of the linguistic features most relevant to the 
prediction is also presented. For more details on the method as an operationalisation 
of discrimination measurement and its advantages/disadvantages compared to other 
alternatives, see Sect. 3.3.

2.3 � Combining experiments and textual analysis to assess discrimination

Based on our extensive literature review (Csomor et al., 2021) we were only able 
to identify one study that combined the techniques of randomised field experiment 
and textual analysis aiming to assess discrimination at public services, one based 
on a large-scale online correspondence study—however, this study (Giulietti et al., 
2019) used simple content analysis, relying on some predefined features of the text. 
The researchers found that requests coming from a person with a distinctively black 
name were less likely to receive a reply compared to those from a person with a 
distinctly white name (72 percent vs. 68 percent). The qualitative analysis of the 
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answers pointed out that replies to requests coming from black names were less 
likely to have a cordial tone.

In certain respects the study by Giulietti et al. (2019) was a model for the research 
design of our own study. However, Giulietti et al. (2019) used a simple form of text 
analysis, and did not use natural language processing. Although not in the context 
of local government research, there is an example (if only one, to the best of our 
knowledge) of experimental design and NLP being used together in other areas of 
discrimination research, namely that by Bohren et  al. (2018). They carried out a 
partly similar research design to that of our own present research in an online set-
ting in the United States. The research context was a popular online mathematics 
Q&A forum, where users may post, reply, and comment. The researchers randomly 
assigned male or female usernames to the posted questions (140 original mathemat-
ics questions at college-level) and tested whether people respond differently to ques-
tions posed by women versus men. The study is limited to very simple solutions 
when using NLP methods. To find differences between responses to male versus 
female questions, two types of statistical natural language processing methods were 
used. They tested the difference between the probability distributions over the two 
(female vs. male) sets of words. Next, they applied a dictionary-based sentiment 
analysis approach, with a binary classification (positive or negative) of words, and 
calculated the difference between the two subcorpora in the average positive and 
negative sentiment score. It is worth mentioning that they did not use machine learn-
ing methods. According to the results, both methods showed a significant difference 
to the disadvantage of women.

The last study to describe is beyond the field of discrimination research (Boulis & 
Ostendorf, 2005). They studied linguistic differences between genders in telephone 
conversations. The study corpus consisted of telephone conversations between pairs 
of people, randomly assigned to speak to each other about a randomly selected 
topic. They tried to classify the transcript of each speaker into the appropriate gen-
der category. Additionally, they tried to classify the gender of speaker B given only 
the transcript of speaker A, the purpose of which is directly parallel with our own 
research question. Similarly to our design, they aimed at not only detecting differ-
ences but also explaining them: they tried to reveal the most characteristic features 
for each gender.

3 � Data and methods

3.1 � Research questions

As detailed in the previous section, our research questions were as follows:
RQ1 (methodological). How to expand the toolkit of discrimination research with 

computational text analysis, and how to define a measure of discrimination.
RQ2 (substantive). Whether the computational text analysis system can detect 

differential treatment against the Roma minority where human coding can as well. 
(Aim: measuring.) What are the linguistic features the algorithm detects behind the 
discrimination? (Aim: understanding.)
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We describe below in detail the database and the methods we used. We report all 
measures, manipulations, and exclusions made on the data. Due to space limitations, 
technical details have been moved to the Supplementary Material accompanying our 
paper.

3.2 � Data

As discussed above, in the present paper we carry out a secondary analysis of our 
audit study (Simonovits et al., 2021) that took place in Hungary in 2020.2We con-
tacted local governments from fake email accounts signaling the sender’s Roma or 
non-Roma ethnicity. We sent emails from 9 different accounts with one of four dif-
ferent requests. We compiled questions that do not require extra effort to answer 
by the clerks, based on previous international studies (mentioned above), i.e. about 
a biking trip the requester was planning to make, about nurseries in the area of 
the municipality, about the local cemetery, and about possible wedding venues in 
the area. The key manipulation in the request was the purported ethnicity of the 
requester. Beyond ethnicity, we also varied the gender of the requester through both 
the fake email address itself, and through the signature of the requester. We used 
relatively educated language in order to increase response rates.

We cued Roma ethnicity using stereotypically Roma sounding names (both first 
and family names). In line with previous landmark experimental research (Bertrand 
& Mullainathan, 2004), our primary aim was to identify distinctive Roma and non-
Roma names. However, as opposed to the relevant US research tradition,3 we not 
only used first names to express Roma identity, but also family names, as many 
Roma people living in Hungary have distinctive Roma family names. To select 
appropriate Roma and non-Roma names, we used multiple sources. Based on previ-
ous results of Hungarian surveys (e.g. Simonovits et  al., 2018; Váradi, 2012) and 
experimental research completed in the Hungarian field (Sik & Simonovits, 2008), 
we carefully selected distinctively Roma and non-Roma names (both family and first 
names) for our testers.

Sample size was determined before any data analysis: in our within subject 
design each municipality received two emails. The order of gender and ethnicity was 
independently randomized so that each of the 1260 municipalities received a Roma 
and a non-Roma request. A last treatment arm randomly assigned whether munici-
palities were followed-up if a response was not received within a week. For fur-
ther methodological details of the study see Simonovits et al. (2021). The original 
design was broadened with an intervention to test whether the behaviour of the local 

2  The audit study received IRB clearance, and was compliant with relevant Hungarian laws. We 
debriefed the research subjects soon after the data collection phase was completed. Our experiment 
was pre-registered. The pre-analysis plan is available at https://​osf.​io/​38gax/, and the data is available 
at https://​doi.​org/​10.​7910/​DVN/​KPSCLK. The codes used in our secondary analysis are available at this 
Github repository: https://​github.​com/​jakab​buda/​langd​iscr. We report all data exclusions, all manipula-
tions, and all measures in our study.
3  Most of which took the work of Bertrand and Mullainathan (2004) as a starting point.

https://osf.io/38gax/
https://doi.org/10.7910/DVN/KPSCLK
https://github.com/jakabbuda/langdiscr
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governments could be changed. In the present paper we do not investigate the effect 
of the intervention, as the sample is too small to conduct a supervised classification 
(only 147 recipients opened the intervention email). However, with a larger sample 
it would be possible to test the effectiveness of the intervention by comparing the 
performance of the predictive models for the intervention with the control samples.

We included every response received in this study (only automatic responses 
were excluded), so the valid sample size is 1330. The response rate was 52.8% 
overall, but this was not the same across the two ethnic groups: purportedly Roma 
requesters received a response only 47.2% of the time as opposed to purportedly 
non-Roma clients, who had a response rate of 58.3%. This difference is statistically 
significant (Simonovits et  al., 2021), and it affects our models through the unbal-
anced training set. A balanced set of 200 was randomly selected from the responses 
to be used as test data. (Although non-Roma requesters had a significantly higher 
chance of receiving an answer, we used a balanced test set because there is no relia-
ble information on the Roma/non-Roma ratio in the population considered. The esti-
mation of the model’s performance is therefore expected to be rather conservative.) 
The remaining 1130 responses were used as a training and development set (44% 
of these responses were written to purportedly Roma requesters). Since this is not 
a large dataset (consisting of 66 561 words), we had to limit the size of the models 
that we built.

3.3 � Expanding the methodological toolkit: a machine‑learning‑based 
discrimination measure defined by textual data

In traditional discrimination research, measures of discrimination have been defined 
in terms of the average difference in certain outcomes between majority and minor-
ity groups. In contrast, the presence of discrimination in our computational approach 
is due to the existence of a model that predicts ethnicity with some efficiency. What 
does “some efficiency” mean? We do not need a model that classifies almost every 
observation into the right category since that would imply that all officials are dis-
criminatory. Rather, it is sufficient to achieve a predictive accuracy that is signifi-
cantly better than the accuracy of random classification. Obviously, if the ethnic-
ity of the clients did not influence the responses, the accuracy of the classification 
model would not exceed that of a random classification. This approach allows to 
define a polarization metric: the greater the classification model’s ability to identify 
ethnicity, the higher the level of polarization.

To the best of our knowledge, our study is the first to propose predictive accuracy 
as a discrimination measure. However, similar approaches can be found in other 
areas, such as language polarisation research in political science. Classification in 
this context is used to identify the ideological position of an author based on the 
words she used (see eg. Green et  al., 2020; Gentzkow et  al., 2019; Bayram et  al, 
2019). The greater the classification model’s ability to identify the position of the 
author, the greater the polarization.

How to interpret the measure? Officials writing differently to Roma clients 
does not necessarily constitute negative discrimination: they might simply be 
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overcompensating. This is an important but easily overlooked aspect of studying 
discrimination by comparing textual data. Eg. Bohren et al. (2018) detect “discrimi-
nation” when observing a significant difference in word distribution in replies writ-
ten to female or male users. This uncertainty of interpretation is the reason why our 
goal is not only to compute the value of the measure, but also to explain it by deter-
mining which text patterns are strongly correlated with responses to Roma versus 
non-Roma clients. Human coding or dictionary-based approaches allow for a more 
unambiguous interpretation, but also have drawbacks from a hermeneutical point of 
view: the coding guideline, or the dictionary, reflects the horizon of the researchers, 
limiting the range of detectable linguistic differences, whereas NLP can potentially 
find any kind of difference.

Alternatives to NLP (human coding/dictionary-based assessment) give results 
that can be used as numerical input for any classical statistical method (see for 
example Bohren et al., 2018, who assigned numerical sentiment scores to the texts), 
so that discrimination can be tested statistically by comparing treated and control 
groups. The logic of predictive modelling used by us, however, is fundamentally 
different. The differences between these two approaches (statistical modeling vs. 
predictive modeling; explanation vs. prediction) are important both from an episte-
mological and a statistical point of view. On the statistical side, there are at least two 
decades of reflection on this opposition: see Breiman (2001) and Shmueli (2010) for 
two highly cited examples. Predictive models focus on how well a trained model can 
estimate an outcome that was not used in training. The models are assessed on their 
predictive performance so that researchers may discover the best ones. These mod-
els perform well on out-of-sample data, but often produce hard-to-interpret results 
as the link between the prediction and the input cannot be easily described (Molnar, 
2019). Predictive modelling is very typical in natural language processing. In our 
research we have chosen a predictive approach as it fits better (1) with the logic 
of our research question (“can we guess the ethnicity of the sender from the reply 
alone?”) and (2) with the nature of our data (a large dataset with potentially complex 
relationships between the ethnicity of the sender and the linguistic features of the 
reply).

In the case of statistical modeling, classical statistical quality criteria exist. Most 
of the equivalents to these criteria in the case of predictive modeling are not inter-
pretable, poorly quantifiable, or not yet available. However, some important consid-
erations can be stated. The size and composition of the test set strongly influence 
the estimated model performance. A smaller test set will obviously give less reliable 
results. Therefore, in what follows, when we create a new subset and examine pre-
dictive performance on on it, a reduction in the sample size itself introduces uncer-
tainty into the results. Additionally, if the Roma versus non-Roma ratio in the train-
ing set is unbalanced, this in itself introduces some performance degradation.

3.4 � Modelling

The emails in their raw form need further preprocessing to be usable for analytics. 
We removed all parts of the emails that were not within the body of the answer, 
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including automatic signatures and contact information of the responders. We 
changed to a specific token all municipality names, personal names, addresses, 
dates, times, telephone numbers, email addresses, URLs, and any other numbers, 
and standardized the formatting of the messages (e.g. we removed double whites-
paces, newlines, etc.). For the n-gram models (see later), we experimented with dif-
ferent levels of preprocessing. In the simplest one, the only additional change we 
made was to lowercase the messages. For our second model, we also removed all 
very common words (e.g. stop words, like the articles “the,” “a,” and “an”), and 
for the third one, words were unified by reducing them to their lemmas (lemmatiza-
tion). For the latter as well as for POS tagging we used Python’s spaCy NLP toolkit, 
developed for Hungarian by György Orosz4.

After the preprocessing, we built two different models based on different vari-
ables. The first model was based on descriptive statistical features characterizing the 
text of the emails. Since our goal was to build a model which is well-performing 
but at the same time interpretable, we selected features that are commonly used and 
effective for many binary classification applications. By selecting these features we 
aimed to understand their role in discriminating against Roma people. The second 
model was based on the n-grams (consecutive words of size n) of the emails. We can 
say that while the first model took into account properties of the texts, the second 
model worked with the texts themselves. We used XGBoost for both models, as it is 
a generally well-performing method for prediction.5

As we already mentioned in Sect.  3.3, the objective of predictive modelling is 
to have a model that performs well both on the data that we used to train it on, and 
on new data the model will be used on to make predictions. We used the method of 
train/test split to estimate the ability of the model to generalize to new data.

To better understand the role of each descriptive statistical feature, we performed 
an ablation study, i.e. dropping each feature from the feature set one by one. We also 
compared the performance of the two models to better understand their strengths 
and weaknesses. Finally, we built a stacking model to see how much the perfor-
mance can be improved by combining the information gained from the two separate 
feature sets.

3.5 � Descriptive statistical model (model 1)

At this point we worked with the original, unprocessed emails. First, we generated 
29 descriptive statistical features which are often used for binary classification tasks. 
These features can be divided roughly into three categories to ease the model’s inter-
pretability. The first category consists of six variables that describe how elaborate 
or complex the response is: number of words, variability of punctuation, moving 
average type-token ratio (MATTR, see Covington & McFall, 2010), average length 
of sentences, average length of words, and frequency of punctuation. The eleven 

4  https://​github.​com/​spacy-​hu/​spacy-​hunga​rian-​models.
5  See the official website at xgboost.readthedocs.io, and Python’s scikit-learn package, Pedregosa et al., 
2011.

https://github.com/spacy-hu/spacy-hungarian-models
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features in the second category describe the information density and structure of 
the responses. They are the ratio of stop words (we expect that the more general and 
uninformative an email is, the bigger is this ratio), and the ratio of special tokens 
(numbers, names, etc.) added to the responses (they describe the type and quantity 
of hard information mentioned in the emails). The third category consists of 12 fea-
tures describing the linguistic structure of the responses. These are the ratios of dif-
ferent parts of speech (particles, proper nouns, pronouns, determiners, verbs, adposi-
tions, conjunctions, nouns, auxiliaries, adverbs, adjectives and puntuation.). Since 
we used XGBoost models, we did not have to normalize our features.

In predictive modelling, it is desirable to reduce the number of predictors in order 
to improve the model’s predictive power. Hence we performed a feature selection 
procedure; for more details, see the Supplementary Material. As a result, the most 
important nine features left in the feature set are:

Features describing the complexity and information density of the responses:

1.	 Number of words
2.	 Variation of punctuation
3.	 Ratio of numbers to all tokens
	   Features describing the linguistic structure of the responses:
4.	 Ratio of punctuation
5.	 Ratio of verbs
6.	 Ratio of proper nouns
7.	 Ratio of pronouns
8.	 Ratio of determiners
9.	 Ratio of adpositions

3.6 � N‑gram features based model (model 2)

Our second model used the text of the emails directly, or more precisely, it started 
with the n-grams that make up the text, and then assigned importance values to 
them, thus defining features that can be used in prediction. For this purpose, we used 
TF-IDF weighted (term frequency—inverse document frequency: high values are 
given to terms that are present in only a few documents) vectorization. We fitted 
separate vectorizers on the whole corpus and on the Roma and non-Roma subcor-
pora, i.e. responses written only to purportedly Roma or non-Roma clients sepa-
rately. This way, we provided the model not just with the most frequent tokens in 
the corpus but also with the most frequent distinctive ones (i.e. the ones that are 
most distinctive between emails written to Roma or non-Roma). This allows us to 
build a relatively effective model despite the small data size. To construct the dic-
tionary, we first selected the most frequent n-grams of each subcorpora (the number 
of the most frequent features that we selected was tuned during the hyperparameter 
search). Then we discarded those that are also amongst the most frequent n-grams 
in the other subcorpus (the number of the most frequent n-grams considered here 
is provided as a ratio of the feature selection number, and was tuned during the 
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hyperparameter search). Finally, we combined the two separate dictionaries with the 
most frequent n-grams in the whole corpus.

3.7 � Stacking model (model 3)

To obtain an estimate for how much the combination of the two feature sets could 
improve the performance of the classifier, we also built a stacking ensemble model 
with a logistic regression algorithm (see ‘stacking model’, Fig. 1). This model is a 
logistic regression classifier that predicts the probability of an answer being writ-
ten to a purportedly Roma requester based on the predicted probability of the two 
previously built models (hence the name ‘ensemble’). The hyperparameters were 
set based on a cross-validation grid search carried out on the same training data on 
which the two base models were trained. It would have been preferable to train the 
ensemble model on a separate training set, but this was not feasible due to our sam-
ple size limit.

3.8 � Model explanation

As mentioned in Sect. 3.3, predictive models often produce hard-to-interpret results, 
i.e. it is difficult to understand why the model makes a certain prediction (‘black box 
models’), which is due to the fact that the models were developed to identify high 
dimensional underlying structure in the data, and, contrary to social science applica-
tions, the aim of a typical industrial research project is not to provide an interpreta-
tion but simply to find the optimal predictive model. We considered interpretability 
to be important as it can help us learn more about why and how a model is working, 
i.e. better understand the phenomenon at hand. New methods to interpret black-box 
machine learning models are being developed and published (for a summary, see 
Molnar, 2019). These are indirect methods in the sense that they do not (and cannot) 
give a direct meaningful relationship between the input and the output.

Fig. 1   The flow of the analytic process
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To see how important the features individually are, we examined their SHapley 
Additive exPlanations (SHAP) values (Lundberg & Lee, 2017). SHAP assigns each 
feature an importance value for a particular prediction, which can be used to rank 
the features in order of importance, and to infer the nature of the effect of the feature 
based on the sign of the SHAP value.

To gain additional information on the importance of the features we also con-
ducted a depletion study on the descriptive statistics model: during the study we left 
out each feature one-by-one to see how the performance of the models built on the 
remaining features would change. In addition to testing the importance of individual 
features, we also tested sets of features (ones describing the complexity and infor-
mation density of the responses, and ones describing the linguistic structure of the 
responses) separately.

4 � Results

4.1 � Model performances

Table 1 presents the performance measures for the three models: precision, recall, 
F1-score, and accuracy (for the exact definition of these measures and more details 
see Eisenstein, 2019).

Precision for “Roma emails” is better than for “non-Roma emails” in the case of 
each model, i.e. there are fewer false positives among those predicted to be “Roma 
emails.” On the contrary, recall is consistently greater in the case of the “non-Roma 
emails”, which shows that the models are more capable of finding the relevant “non-
Roma emails” in the corpus. By accuracy, both the descriptive statistics and the 
n-gram feature based models performed significantly better than a random classifier 
would have, with no significant difference between the accuracy score of the two 
models: 58% (p = 0.024) and 58.5% (p = 0.016) respectively. Only in 64.5% of the 
cases were the predictions of the two models the same. This suggests that the two 
feature sets grasp different sides of the differential treatment present in the emails.

4.2 � The most important linguistic features

Figures 2 and 3 show the features’ SHAP values for the descriptive statistics based 
model. Figure  2 describes the magnitude of the feature’s effect (mean absolute 

Table 1   Performance of the three models on the whole test set (200 responses)

Model 1 (descriptive 
statistics)

Model 2 (n-gram) Model 3 (stacking)

Prec Recall F1 Acc Prec Recall F1 Acc Prec Recall F1 Acc

Non-roma 0.56 0.71 0.63 58% 0.56 0.78 0.65 58.5% 0.59 0.72 0.65 61%
Roma 0.61 0.45 0.52 0.64 0.39 0.48 0.64 0.50 0.56
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values for each feature). The figure lists the most important variables in descending 
order, the top variables having the highest predictive power.

In addition to their importance, the sign of the relationship of the features with 
the target variable is also informative. Figure  3 presents signed SHAP values for 
each individual prediction when predicting the probability of an email being writ-
ten to a purportedly Roma client. A dot in this graph represents the SHAP value for 
one feature in one individual prediction. The color scale indicates the feature values, 

Fig. 2   Mean absolute SHAP values for each feature in the descriptive statistics model (feature impor-
tance)

Fig. 3   SHAP values of each feature for each individual prediction. (Sign of the relationship of the fea-
tures with the target variable)
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which range from low (blue) to high (red). A positive SHAP value (x axis) contrib-
utes to classifying the email as “Roma”, while a negative one contributes to classi-
fying it as “non-Roma”. For example, if a feature’s positive values are colored blue 
or its negative valued are colored red, then the feature’s smaller values contribute to 
classifying the email as “Roma,” and its larger values contribute to classifying the 
email as “not Roma”, that is, the feature shows a negative correlation with “being 
Roma”.

Based on these values, the length of a response is the most important feature 
(Fig. 2). According to Fig. 3, this feature has a negative effect, as its larger values are 
coloured blue: longer emails are less likely to be written to purportedly Roma cli-
ents. The ratio of proper nouns and the ratio of determiners have similar but smaller 
effects on the predictions, as does the ratio of adpositions. The ratio of number 
tokens and the variability of punctuation seems to have the opposite effect. These 
results suggest that when a purportedly Roma client receives an answer, it is often 
briefer, or even concise, with the information provided in fewer words.

The results of the depletion study can be seen in Table 2 in the Supplementary 
Material. We searched for the best hyperparameters for each feature set with separate 
cross-validation on the train set (see mean CV values averaged over folds in Table 2 
in the Supplementary Material), and tested the performance of the best model on the 
test set (Test accuracy and Test F1 in the table).

According to these results, the model’s performance is practically not affected by 
the dropping of the ratio of pronouns or the ratio of verbs. This suggests that these 
features mostly encode information that are present in other features. In accordance 
with our previous findings, without a feature describing the length of the reply, the 
model’s performance is not much better than that of a random classifier (accuracy 
of 0.525). This is also true for the ratio of number tokens and the ratio of adposi-
tions, which is slightly surprising since the ratio of adpositions has a relatively small 
mean absolute SHAP value. As we can see in Fig. 3, although most of the time this 
feature has a small impact on the predictions, there are several instances when it has 
a large effect on them. Therefore we can say that although this feature is only impor-
tant in a few cases, in those few cases it contains information that is not present in 
other features. This is also backed up by its low weight value (the number of times 
a feature is used to split the data across all trees) in the full model. In the case of the 
other features (ratio of proper nouns, ratio of punctuation, ratio of determiners, and 
variability of punctuations), although they have a relevant impact on the model’s 
performance, the model performs better even without them than a random classifier 
would.

Turning to the n-gram model: a relevant proportion of the most important 
tokens in terms of their SHAP-value can be sorted into three groups. (1) Greetings 
and salutations (for example.: ‘respected’ (‘tisztelt’, a more formal salutation than 
‘dear’), ‘sir’ (‘uram’), ‘madam’ (‘hölgyem’), ‘inquirer’ (‘ érdeklődő’), ‘addressee’ 
(‘címzett’), and ‘dear’ (‘kedves’); (2) official titles, which are mostly part of 
the signature, such as ‘public notary’ (‘jegyző’), ‘office’ (‘hivatal’), ‘registrar’ 
(‘anyakönyvvezető’); and (3) reference to other information or contact information, 
such as ‘on the internet’ (’interneten’), ‘at this phone number’ (’telefonszámon’), 
‘contact information’ (’elérhetőséget’), and ‘on the phone’ (‘telefonon’).
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Examining the sign of the SHAP values (Fig.  4), it seems that purportedly 
Roma clients received more formal and rather reserved replies: The presence of 
more ‘respected’ and ‘addressee’, and fewer name tokens, lead to a higher pre-
dicted probability of classifying the email as one written to a purportedly Roma 
client. (Whereas ‘Tisztelt’ + the name of the person being addressed is a fre-
quently used formal salutation in Hungarian, ’Tisztelt címzett’ translates some-
thing like ’respected addressee’: It is more friendly to address somebody by using 
their name, or even with ‘kedves’—Hungarian for ‘dear’—plus their name.) 
This is also backed up by the fact that the token ‘szívesen’, which translates 
as ‘I am happy to…’, has a negative effect on the predicted probability of the 
email being classified as one addressed to a purportedly Roma client. Further-
more, some forms of addressing with which the writer of the email can avoid 
using the name of the client—‘addressee’ (‘címzett’); ‘madam’ (‘hölgyem’); 
‘inquirer’ (‘érdeklődő’))—come from the part of the dictionary that is distinc-
tive to the emails written to purportedly Roma clients. The fact that many phone 
number tokens and many town name tokens affect a smaller predicted probability 

Fig. 4   SHAP values of the most important tokens in the n-gram model. The colours indicate the values 
of the features



1564	 J. Buda et al.

1 3

also suggests that purportedly Roma clients received emails that contained less 
information.

4.3 � Potential effect modifiers

To better understand where the differential treatment identified by the models is 
stronger, we examined the performance of the models by the gender of the client and 
the size of the town addressed by the client. The role of these potential effect modi-
fiers can be examined by assessing the prediction for the subgroups separately. For 
this analysis we divided the towns into two groups, with a cut point defined by the 
median.

Both models perform better among men than women (7 and 18 percentage points 
better accuracy for descriptive statistical and n-gram models respectively) and in 
smaller towns than larger ones (4 and 15 percentage points better accuracy). This 
means that the differential treatment found by these models prevails stronger against 
men and in smaller municipalities. Table 3 in the Supplementary Material presents 
details of the models’ performance by these background variables.

The models’ better performance in smaller settlements and among men is even 
more obvious if we plot the population against the absolute error of each model. 
(See Figs. 5 and 6 in the Supplementary Material).

This result was also confirmed when we compared the two models according to 
their individual predictions on the test set. We found that in the test set of 200 emails 
there were 48 in which the two models gave the same wrong predictions: these may 
be considered as hard cases, where the discrimination was not present (or at least it 
was very subtle). The ratio of women among these was high (60%) as was the ratio 
of bigger settlements (20% is from the top decile). There were 81 cases where both 
models gave the correct predictions: these are probably cases where the differential 
treatment is the least subtle. Here the ratio of women was relatively low (42%) as 
was the ratio of large towns (5%).

5 � Discussion

In our study we assessed the responsiveness of Hungarian local governments to 
requests for information by Roma and non-Roma clients relying on a nationwide 
correspondence study. The methodological novelty of our paper is that we showed 
that it is possible to detect discrimination in textual data in an automated way with-
out human coding, and that machine learning may detect features of discrimination 
that coding guidelines do not cover. We employed natural language processing and 
machine learning techniques to automatically predict the ethnicity of the clients, 
based only on the text of the responses sent to them by public officials, and opera-
tionalized the measure of discrimination as the accuracy of this prediction.

Our first model took some of the descriptive statistical properties of the 
emails’into account, the second model worked with the texts themselves, and the 
third (ensemble) model combined the former two approaches. We detected a certain 
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level of attention discrimination: our models worked significantly better compared 
to the random classification, confirming the differential treatment of Roma clients. 
We found that even our first model, with only a few variables, was able to capture 
discrimination.

The accuracy of the best model was only 61%, implying that unequal treatment 
of Roma clients is not rampant in Hungary. In our previous paper (Simonovits et al., 
2021), we used a Heckman selection model with randomly assigned follow-up as 
an excluded predictor of the selection equation when comparing “Roma” and “non-
Roma emails” based on human coding. At that time we found a significant and mod-
erate size of discrimination both regarding politeness and information content: a 
6.4 [3.3–9.4] and a 5.2 [2.5–7.8] point difference on a 100-point scale, respectively. 
When comparing our present results with those of our previous study, a similar con-
clusion arises: there is empirical evidence for the differential treatment of Roma cli-
ents, but we cannot conclude that there is rampant discrimination.

Our models consistently have shown that precision for Roma clients is better 
than for their non-Roma counterparts, while recall is greater in the case of the non-
Roma emails. This can be interpreted as such that the models detected linguistic 
features that—if used by officials—are used mainly in emails to Roma clients but by 
no means in all emails written to Roma clients. However, the better recall for “non-
Roma” as opposed to “Roma emails” may also be partly due to the higher a priori 
probability of a response being given to a non-Roma than to a Roma client, which 
is reflected in the unbalanced training set. The role of potential modifiers was also 
examined by assessing the prediction for certain subgroups separately. Higher levels 
of discrimination were detectable against male senders and in smaller settlements. 
The plausible explanation for this might be that (1) social norms prescribing behav-
iour towards women may override ethnic discrimination, and that (2) administration 
is more standardized in larger settlements.

In addition to measuring subtle forms discrimination, we also aimed at under-
standing the linguistic distinctions we detected. Hence we tried to identify linguistic 
features that the algorithm considers most important when distinguishing between 
responses written to Roma or non-Roma clients. These features may include a num-
ber of features that human coding would either not take into account, or that are 
outside the researchers’ horizon. In other words: our algorithmic procedure to find 
distinctive linguistic patterns that distinguish emails written to Roma or non-Roma 
clients can be considered an inductive one compared to the deductive method based 
on human coding, which makes its objectivity more justified from this point of view. 
The analysis of the linguistic features showed that the answers sent to purportedly 
Roma clients are not only shorter, but their tone is rather reserved and less polite. 
It is important to note that the discrimination we found is not overtly negative: an 
email with a rather reserved and distant wording is perhaps showing signs of over-
compensation that the official is using to avoid the appearance of discrimination.

From a conceptual point of view we conclude that subtle forms of discrimina-
tion emerging from the texts of replies may be best interpreted in the framework of 
attention discrimination (Bartos et al., 2016), meaning that officials at local govern-
ments pay less attention (with shorter and less polite answers) to purportedly Roma 
clients. As the unequal treatment of clients was detected on the digital platforms 
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of administration, we may also call this kind of behaviour as digital discrimina-
tion, following Edelman and Luca (2014). Our results support findings by Edelman 
et  al. (2017) and Cui et  al. (2020), according to whom discrimination remains an 
important policy concern not only in online marketplaces, but in online adminis-
tration processes. When it comes to policy relevance, we may assume that public 
awareness of the EU directives have an effect on the behaviour of public bodies. Our 
recent research (see the results of Simonovits et al., 2021) showed that cooperation 
between NGOs and scholars is an important and effective tool to reduce discrimi-
natory behaviour by local governments. In the present paper we have shown that, 
based on the applied NLP methods, differences in linguistic style and pattern imply 
that subtle forms of digital discrimination (as opposed to more overt manifestations) 
still exist in Hungary, similarly to other European countries (see Adman & Jansson, 
2017; Ahmed & Hammarstedt, 2019 and Hemker & Rink, 2017) and to the US (Ein-
stein, 2017; Giulietti, 2015), where discrimination is legally banned. In fostering the 
work of anti-discrimination bodies (e.g. governmental bodies devoted to promote 
equal opportunities, human rights NGOs, and private sector actors) to uncover the 
more covert forms of discrimination, introducing experimental methods may prove 
to be useful in uncovering discriminatory selection mechanisms. Rorive (2009) 
pointed out that after the adoption of the above mentioned EU Directives, there were 
certain member states—primarily France, Belgium, and Hungary—where situation-
testing (based on field experimental methods) has become a recognised tool by the 
courts as a potential means of evidence. The report highlights that proving discrimi-
nation in court as well as in various spheres of social life remains a major challenge, 
as in many cases there is no clear evidence for unequal treatment.

Our analysis also has its limitations. (1) Any correspondence study is negatively 
impacted by a certain level of nonresponse rate. Comparisons of response quality 
conditionals on observing a response may lead to post-treatment bias (Coppock 
et al., 2019). We found a higher non-response rate towards Roma clients (Simono-
vits et al., 2021). Based on this, we may assume that most officials harboring anti-
Roma attitudes tend not to write a response, so an under-estimation rather than an 
over-estimation of discrimination is more likely in our data. (2) What a computa-
tional text analytic procedure can detect is differential treatment, but not necessar-
ily negative discrimination. We tried to approach this issue by detecting which text 
patterns play the most important role in this differential treatment, but this limitation 
has to be taken into account when interpreting the results. (3) Since the analysis of 
potential effect modifiers is based on a relatively small test set, and are not sepa-
rately tested on an independent set, our findings should be considered exploratory, 
with further research needed to provide conclusive results. In this vein, it is impor-
tant to note, that with the application of NLP technique we are only able to assess 
subtle forms of discrimination (in contrast to direct forms of discrimination which 
can be mostly identified by ignorance of clients).

To the best of our knowledge, our study is the first attempt to assess discrimina-
tion using ML techniques. According to our findings, ML is a suitable tool to detect 
subtle forms and ways of digital discrimination. As textual data also occur in many 
other areas, our methods can be generalized to domains other than public services, 
e.g. to the labour market (e.g. in the selection of future employees), to the housing 



1567

1 3

The language of discrimination: assessing attention…

market (e.g. in the provision of loans), in education (in the admissions process), or 
to the academy (e.g. in the scholarly reviewing processes). We believe that our study 
will contribute to this new research direction.
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