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Abstract
Historically, policymakers and practitioners relied exclusively on survey and census
data to design and plan for assistive interventions; now, social media offer a timely
and cost-effective way to reach out to populations otherwise unobserved. This study
was designed to address the needs of a non-for-profit organisation to reach out to
the young unemployed individuals in Italy with educational and job opportunities via
communication channels that are more likely to appeal to younger generations. To this
extend, we developed an ad-hoc Facebook application which administers question-
naires while gathering data about the Likes on Facebook Pages. Then, we developed
a machine learning framework that successfully predicts the unemployment status of
an unseen individual (.74 AUC). However, blindly delegating to the machine learn-
ing model the communication intervention may lead to digital discrimination on the
basis of socio-demographic characteristics. Here, we propose a framework that aims
to optimising both for the prediction performance as well as the most adequate fair-
ness metric. Our framework is based on an adaptive threshold for gender, while we
show that it can be expanded for other socio-demographic attributes and generalised
for other interventions of assistive character. We present a doubly cross-validated set-
ting that achieves out-of-sample stability and generalisability of results. We compare
the behaviour of models that infer on different sets of data and provide an indepth
discussion on the most predictive features, demonstrating that the “fairness through
unawareness” approach does not suffice to achieve a fair classification since sensi-
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tive demographic information can be inferred not only via other sociodemographic
attributes but also from behavioural digital patterns. Finally, we thoroughly assess the
behaviour of the adaptive threshold approach and provide an in-depth discussion on
the advantages but also the implications of such models offering actionable insights.
Our results show that careful assessment of fairness metrics should be considered,
primarily when AI models are employed for policymaking.

Keywords Social Media · Unemployment · Fairness · Machine learning · Digital
discrimination · Data for social good

1 Introduction

Youthunemployment is oneof themost significant challengesmodern societies are fac-
ing. Direct consequences include poverty, social exclusion, and criminal behaviours,
while negative impact on the future employability and wage cannot be obscured. In
EU more than 3 million young people are unemployed, while in 2014, youth unem-
ployment in Italy reached 46% (ISTAT 2020). Today, this rate is at 37% (ISTAT 2020),
substantially lower than 2014, but still in alerting levels and well above the average
European trend1.

Policymakers and practitioners strive to reach out to the vulnerable populations of
interest in the most efficient way possible. This study was designed exactly to address
the needs of an Italian nonprofit organisation to reach out to the young unemployed
individuals with educational and job opportunities, via communication channels that
are more likely to appeal to younger generations. To this extent, we developed an
ad-hoc Facebook-hosted app whose main functionality was to administer a series of
questionnaires while at the same time gauging the participants’ Likes on Facebook
Pages. Combining survey data with social media data, and in particular likes on Face-
book Pages, we framed our design as an unemployment classification task. We trained
a machine learning (ML) classifier that, based solely on the Likes on Facebook Pages,
successfully predicts the occupational status of new individuals that did not provide
any demographic information. Those classified as “unemployed” would then be pre-
sented with the respective communication.

Social media are now a valid, complementary tool to get actionable insights on pop-
ulations that are hard to reach or even timely deploy a communication plan (Kalimeri
et al. 2020). The plentifulness of social media data combined with artificial intelli-
gence (AI) methods for processing have a huge impact in interdisciplinary fields such
as social sciences and humanities which continues to grow exponentially (Ntoutsi
et al. 2020). However, as all sources of data come with their own biases and limita-
tions (Olteanu et al. 2016), hence caution is needed when applied to social sciences, to
avoid generating or even amplifying existing social inequalities. Traditionally, in com-
puter science the performance score would be the only criterion according to which
a machine learning (ML) model would be optimised. In several domains including
social sciences though, decisions driven by AI-based insights may treat individuals

1 https://ec.europa.eu/social/main.jsp?catId=1036
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differently, based on their personal characteristics (O’Neil 2016) such as gender, age,
or other attributes, or even unfairly.

The concept of “fairness” is inherently subjective and can have different interpre-
tations and definitions depending on the specific problem under investigation (Verma
and Rubin 2018). Here, since our interventions are meant to have an assisting char-
acter, our definition of fairness focuses on parity of opportunity. This means that our
focus is on avoiding disproportionally missing individuals from certain sociodemo-
graphic groups such as some gender, age group, or geographical region, among those
who would potentially be entitled to receive the communication, hence the benefit.
We focus on automatically identifying the unemployed population as inferred from
social media traces, placing the focal point on accurate yet “fair” predictions. Hence,
our mission goes well beyond the creation of an accurate machine learning model.
The questions we ask ourselves are: do our models introduce any discrimination?
And if yes, can we account for it? and how harmful would this be? Overall, are our
predictions “fair” enough?

To answer these questions, we build a series ofMLmodels, assessing the predictive
power of digital and demographic data both in terms of accuracy (AUC2) and fairness.
Although, our MLmodels achieve a state-of-the-art performance in terms of accuracy
automatic prediction of the employment status, we dive further into highlighting the
biases and trade-offs when introducing the notion of fairness expressed as the equal-
ity of opportunity. We also discuss the limitations of the simple “fairness through
unawareness” approach, according to which fairness can be achieved when the model
simply ignores all protected attributes, i.e. gender, age, and region.

Here, we build on the seminal work of Hardt et al. (2016), introducing an adap-
tive threshold criterion on a real-life case study scenario. We thoroughly discuss the
potentials and limitations of this approach, showcasing its generalisability in other
demographic data as well as different configurations. Importantly, in line with evi-
dence from the current literature (Kalimeri et al. 2019; Pedreshi et al. 2008), we
confirm that exclusion of protected attributes from the ML model’s set of predictors
does not, per se, guarantee a “fair” model since socio-demographic attributes might
be embedded in our behavioural digital patterns. Finally, we provide key observations
aiming to help practitioners generalise this approach to other domains, for instance
for humanitarian crisis management, where AI models are increasingly more involved
in the decision-making process (Aiken et al. 2022).

2 Related work

Digital data fromwebqueries have been employed to predict unemployment rates since
more than a decade (Gao et al. 2019).More recently, other digital traceswere employed
to infer the unemployment trends. Toole et al. showed that mobile phone activity
patterns revealed valuable indicators of the socio-economical status of geographical
regions (Toole et al. 2015). At the same time, changes in the calling behaviours were
also found useful when forecasting macro unemployment rates (Sundsøy et al. 2016).

2 We conventionally refer to the AUROC values as “accuracy” throughout this paper.
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Social media data were also employed in the fight against unemployment. The Twit-
ter platform proved particularly useful in nowcasting and forecasting unemployment
rates (Bokányi et al. 2017; Llorente et al. 2015); diversity in mobility fluxes, diurnal
rhythms, and grammatical styles were associated with employment status.

Given its broad population penetration worldwide, together with the possibility to
administer targeted communications, the scientific community is increasingly more
employingdata from theFacebookplatform to assess social phenomena (Kalimeri et al.
2020). Facebook advertising data have been employed to monitor poverty (Fatehkia
et al. 2020) and social inequalities (Fatehkia et al. 2018; Rama et al. 2020). The
advertising platform is also shown to have great potentials in reaching vulnerable
and otherwise hard-to-reach segments of the population, since it allows to target
individuals based not only on their basic demographic data but on behaviours and
preferences (Eslami et al. 2018). More recently, (Urbinati et al. 2020) employed Face-
book data together with personality and moral values to further explore psychological
and cultural differences between the employed and unemployed communities in Italy.

The labourmarket has long suffered from discrimination (Becker 2010), with litera-
ture providing evidence of unfair treatment in personnel selection (Stoll et al. 2004) and
wages (Kuhn 1987) as a result of race and sex discrimination, respectively. As increas-
ingly more decisions are delegated to algorithms, digital discrimination is becoming
an important issue (Yeung and Lodge 2019; Barocas and Selbst 2016). This discrim-
ination can arise either from bias in the data or in the algorithms. In the former, it
might be the case that the sample is not representative of the target population, or
that it reflects historical discrimination patterns which the algorithm will replicate.
In the latter, the objective function used by the algorithm might prioritize the correct
classification of users in the majority class, producing unfair results. To measure the
implications of these biases, different notions of fairness have been proposed, such as
demographic parity (Calders and Verwer 2010), calibration (Kleinberg et al. 2016),
equality of opportunity or equalized odds (Hardt et al. 2016). However, it has been
shown that it is not possible in general to satisfy many of these notions at the same
time (Corbett-Davies et al. 2017; Dutta et al. 2020; Kleinberg et al. 2016). In these
cases, the correct measure to choose will depend on the application requirements. In
the context of clustering tasks, specific notions of fairness have been proposed, as
covered in Chhabra et al. (2021). Due to the social implications of unfairness many
claim that people should be involved in the datasets’ construction process through
participatory mechanisms, to ensure data inclusivity (Akintande 2021), and that good
research practices and methodologies should be developed to foster distributive fair-
ness (Leonelli et al. 2021). Logistically, such approach is not always feasible.

In machine learning, increasingly more studies address the topic of algorithmic
fairness from various perspectives which can be grouped in three major cate-
gories; pre-processing, in-processing, and post-processing (see Pessach and Shmueli
2022 for a comprehensive review focusing on classification tasks). Pre-processing
approaches include learning a representation that obfuscates the sensitive informa-
tion (Zemel et al. 2013), or suppressing the sensitive attribute, changing some labels,
or sampling (Kamiran and Calders 2012). In-processing techniques encompass using
minimax optimization (Agarwal et al. 2018), or introducing constraints (Zafar et al.
2017) and regularization terms (Kamishima et al. 2012) into the objective function to
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set the trade-off between fairness and accuracy. Finally, post-processing techniques
include flipping some decisions or using different thresholds to achieve fairness (Hardt
et al. 2016). When some assumptions can be made about the data generating process,
causal reasoning as proposed inKilbertus et al. (2017) can helpmitigate discrimination
of machine learning models.

In the context of labour market, there are still limited applied research case studies
regarding fairness aware predictive models (Desiere et al. 2018). In particular, a study
from 2020 in Flanders (Belgium) assessed the trade-off between accuracy and equity
in AI models for profiling job-seekers at high- or low-risk (Desiere and Struyven
2020) using the labour market trajectory of 288, 000 job-seekers as recorded by the
public employment service (VDAB). They showed that statistical discrimination is an
inherent feature of AI-based profiling models. Moreover, and as pointed by the same
authors (van Landeghem et al. 2021), these models might even reinforce existent
discrimination patterns of unemployment, if not controlled for bias. In a study very
close to ours, (Bonanomi et al. 2017), predicted the occupational status and in partic-
ular the NEET status of individuals and having information only about their likes on
Facebook Pages. However, they did not assess whether the predictions of their models
were biased towards a certain class which is one of the points we aim to improve in
this study.

Exploring the trade-off between accuracy and fairness, (Dutta et al. 2020), showed
that realworld data give noisier (andhencebiased)mappings for the unprivilegedgroup
due to historic differences in opportunity, representation, etc. making their positive
and negative labels “less separable”. Working on synthetic data, they concluded that it
is problematic to measure accuracy with respect to data that reflects bias, and instead,
we should be considering accuracy with respect to ideal, unbiased data. Here, we study
the trade-off between accuracy and fairness in real-world data, pointing out biases and
pitfalls. Finally, inspired by the work of Hardt et al. (2016) who studied the trade-
off between false negative and false positive rates, we propose an adaptive threshold
approach to address those shortcomings in a real application scenario.

3 Experimental design and data collection

This study was designed to address a request from an Italian non-for-profit organi-
sation aiming to reach out to the unemployed community with educational and job
opportunities via the Facebook Platform. Together with the practitioners, we cre-
ated an ad-hoc Facebook-hosted application whose major function was to administer
questionnaires. After entering the app, the participants were asked to provide basic
demographic information, namely gender, employment status and the province of res-
idence; however, they were free to proceed without filling in this information. The
app was disseminated initially via email invitations sent to the existing cohort of our
partners and successively via two nationally-wide traditional media campaign. Upon
providing their informed consent, participants agreed to provide us with their “Likes”
on Facebook Pages. The application was mainly deployed in Italy and was initially
launched in March 2016. The data used here were downloaded in September 2019.
The final aim of the practitioners was to discover the unemployed users of the app
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Table 1 Demographic
breakdown of our data according
to gender, age and occupation

Census Dataset
n = 11,393

Gender

Female 51.1% 38.1%

Male 48.4% 61.8%

Age

17–24 7.9% 43.1%

25–34 11.0% 31.2%

35–44 13.8% 13.6%

45–54 16.1% 7.1%

55–64 13.3% 4.5%

65+ 24.5% 0.3%

Occupation

Employed 77% 43.9%

Unemployed 8.7% 7.4%

Student 14.2% 48.5%

The “Census” column reports the national distribution per attribute
according to the statistics provided by the official census bureau (ISTAT
2020). The “Dataset” column reports the percentages of the total num-
ber of participants for which we have complete demographic records

- regardless of them explicitly stating their occupation - and communicate with the
educational and job opportunities.

Demographic Information. Out of the 63,980 users that entered our application,
only 11,393 provided us with full demographic records (gender3, age, and occupation)
while at the same time had a sufficient number of likes on Facebook Pages (> 50).
Table 1 presents a comparison of the official Italian Census for 2019 (ISTAT 2020) and
the respective population percentage breakdown in our sample. Our cohort presents
a slight over-representation of males and people in the 16-24 age group. In terms of
occupation, we notice that we have an over-representation of students. The Lombardy
region is over-represented, a phenomenon explained by the fact that the project was
initially launched in that region. At the same time, we notice that the area of Marche is
under-represented, while all other regions in our cohort follow the distribution of the
official Italian Census closely. 4 Gender, age, and geographic biases are expected since
the seed population for our study was a youth cohort based in the Lombardy region.
For the purpose of our study, slight deviations from a perfectly representative sample
are not influencing the results since our definition of fairness relies on addressing
equally the individuals of every socio-demographic group and not with respect to their
proportion in the population according to the official census. We consider participants
who declared their occupation status to be ‘student’ and ‘employed’ as one single

3 The gender attribute is considered to be a binary variable since very few participants opted for the “Other”
option.
4 A comparison between the geographical distribution of our sample per region and the expected values
from the official Census is shown in the Supplementary Materials.
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Table 2 Description of the
original and engineered features
in the dataset

Description # Features

Liked Pages 2,063,944

Liked Pages per Category To express how much
a participant is interested in different categories of
pages, we compute the number of pages he gave like
to inside each Category.

1.553

Normalised Categories: As the participants’ activity
can greatly vary, we normalise the Liked Pages per
Category to have sum 1.

1.553

Median Page Popularity This index shows how
much a participant likes popular pages. The popu-
larity of a Page is the number of users that gave like
to it, as reported by Facebook in the Page profile.

1

Standard Deviation of Page Popularity 1

MedianCategory Popularity This index shows how
much a participant likes popular categories.

1

Total number of Page likes One feature containing
the total number of pages liked by the participant.

1

Total number of liked Categories One feature con-
taining the total number of categorieswith pages liked
by the participant.

1

group5. The unemployed, our population of interest, consist the 7.4% of the total
population. When addressing vulnerable or minority populations, it is common to
deal with heavily unbalanced classes.

Facebook Data. We collected information about the Facebook Pages “liked” by
each participant, together with some necessary metadata about the page, such as the
name, category6, and popularity as provided by the Facebook API indicating how
many people have “liked” the specific Page. Worth mentioning is the fact that we do
no collect information about the posts or the comments of the page. The participants in
our dataset have liked approximately 2 million unique Pages; for each one of these, we
engineered a series of basic participant activity features based on the aforementioned
information (see Table 2).

4 Methods

Learning model. We postulate the study as a supervised classification task. We aim
at inferring the occupational status (unemployed vs employed) of the participants
solely from their Facebook Likes on pages, demographic features (age and gender)
and the emerging higher-level features (see Table 2). To assess the effects of “hiding”
protected attributes from the learning process, along with the previous model (Demo)
we also provide a model that excludes these features (NoDemo). The assumption

5 This choice is based on the fact that both groups do not actively search for a job.
6 Link to the list of categories: https://developers.facebook.com/docs/commerce-platform/catalog/
categories/google-product-category-to-facebook-product-category
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Fig. 1 Cross-validation pipeline for the evaluation of the classification models and thresholds. For the two
models with default threshold (Demo and NoDemo) we perform 10-fold cross-validation to compute out-
of-sample scores (AUC, precision, recall, and fairness). This is depicted through the LGBM classifier at the
bottom. To correctly assess the out-of-sample performance of the models with gender adapted threshold
(Demo+AT and NoDemo+AT), we avoid using the same out-of-sample predictions as input to determine
the thresholds. Instead, we define inner 10-fold cross-validation inside each fold, whose predictions are
used to fit the thresholds. Finally, we test these thresholds by making predictions on the fold that had been
left out in their external cross-validation step (Color figure online)

behind this model is that if the algorithm does not explicitly know the demographics
of the individual, it will not discriminate against those attributes. Figure 1 depicts the
methodological pipeline for the training and testing procedure.

The core of our framework is based on gradient boosting (Ke et al. 2017), and in
particular, the LightGBM implementation, due to its speed and ability to deal with
unbalanced classification scenarios with a large number of features as ours. To avoid
overfitting and ensure generalisation, a 10-fold stratified cross-validation scheme was
employed for training and validation. Nested cross-validation inside each training set
was employed for hyper-parameter optimisation, and the best performing LightGBM
model was used for training. The evaluation was performed on the remaining fold
so that the classifier was evaluated on data that had never seen before, even during
parameter optimisation. The explored hyperparameters were: number of estimators,
maximum depth, regularisation, and learning rate 7.

As the dataset is heavily unbalanced, we configured the LightGBM estimator to
use balanced class weighting: in this way, the loss function penalises errors with a
weight that is inversely proportional to the class sizes. The model performance was
assessed in terms of theAUC statistic (AreaUnder theReceiverOperatingCharacteris-
tic curve) (Mason andGraham2002). TheAUCwas preferred over the commonly-used
accuracy metric (i.e., the proportion of true positives and true negatives among the
total number of samples) as it takes into account the effect of unbalanced labels, which
holds true for the occupational status target 8.

7 The full ranges for each hyperparameter are reported in the Supplementary Materials.
8 All experiments are performed in Python (Van Rossum and Drake 2009) with scikit-learn (Pedregosa
et al. 2011).
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Explainability. We employed SHAP (SHapley Additive exPlanations), a game
theory approach developed to explain the contribution of each feature to the final output
of any machine learning model (Lundberg and Lee 2017a). SHAP values provide
both global and local interpretability, meaning that we can assess both how much
each predictor and each observation, respectively, contribute to the performance of
the classifier. The local explanations are based on assigning a numerical measure of
credit to each input feature. Then, global model insights can be obtained by combining
many local explanations from the samples (Lundberg et al. 2019). Asmentioned by the
authors, the classic Shapley values can be considered “optimal” in the sense that within
a large class of approaches, they are the only way to measure feature importance while
maintaining several natural properties from cooperative game theory (Lundberg and
Lee 2017b). SHAP’s output helps to understand the general behaviour of our model
by assessing the impact of each input feature in the final decision, thus enhancing the
usefulness of our framework.

Fairness. As discussed in the introduction, we are interested in assessing and
accounting for discrimination concerning specific protected attributes. In the con-
text of Fairness, bias is defined as a disparity measure of a group metric value when
compared to a reference group, as described in Saleiro et al. (2018). To ensure that
we will not disproportionately miss individuals from specific groups, we focused on
Type II parity, i.e., parity of False Negative Rates (FNR). Thus, we define the FNR
disparity of a group g from a protected attribute G as:

FNRg disp. = FNRg
FNRre f .group

= Pr
[
Ŷ=0|Y=1∧G=g

]

Pr
[
Ŷ=0|Y=1∧G=re f .group

] ,
(1)

where Y and Ŷ represent the real and predicted target values respectively, and 1
represents the ‘unemployed’ condition. We formulate disparity using the “80% rule”,
or τ = 0.80 that controls the range of disparity values that can be considered fair. This
notion of parity requires all biases FNRg disp. to be within the range defined by (τ ,
1
τ
). We set our reference groups to be the most popular ones for each demographic

feature, i.e.: ‘Male’ for gender, ‘17-24 years’ for age, and ‘Lombardy’ for geographic
region.

To ensure equality of opportunity concerning gender, we extend our originalmodels
to include an adaptive threshold (Hardt et al. 2016). The default threshold that binary
ensemble classifiers have as reference is 0.5 (i.e., predictions with a probability above
0.5 are taken as ‘unemployed’while predictions below0.5 are accepted as ‘employed’).
Here, we enforce an adaptive threshold to manage the interplay between precision and
recall, aiming for equality of opportunity for both genders. We apply the adaptive
threshold approach on our two predictive models Demo and NoDemo obtaining two
new models, the Demo+AT. and NoDemo+AT. models, respectively. Note that the
adaptive threshold is not applied directly in the training phase of each model to avoid
overfitting. Instead, and as shown in Fig. 1, we fit the threshold including a new
nested cross-validation step inside the training. Then we evaluate its performance

123



Fairness in vulnerable attribute... 2203

out-of-sample. In this way, the fitted threshold will perform equally well on out-of-
sample data. Figure 1 provides a visual representation of how the threshold stage is
incorporated in our general learning framework.

In the Supplementary Materials we reproduce this adaptive-threshold design at the
age level (i.e., obtaining different thresholds for each age-group), and we analyze the
performance in that case. Our method can also be employed to guarantee fairness for
a combination of demographic features at the same time (for example, gender+age),
but we were not able to report results for this setting due to lack of enough samples
for some of the (gender, age) groups to run the nested cross-validation procedure.

5 Results & discussion

Learning. Table 3 reports the performances for all the proposed approaches in
terms of the AUC, precision, recall, and fairness metrics. As expected when including
the age and gender features, Demo, the accuracy reaches .74 AUC, outperforming
the NoDemo model which is agnostic of the demographic information. While both
models achieve a clear improvement over the baseline9 and the current state of the
art, when looking at precision and recall we notice that while the recall is quite high,
the precision is remarkably low. Hence, the model has a high probability of retrieving
relevant samples (unemployed), but the probability of a randomly selected retrieved
sample being relevant is low. Practically, for our hypothetical scenario, this means that
both models would be very likely to reach many employed individuals too, resulting
in a cost-inefficient communication campaign.

Diving deeper into the possible demographic biases of our models, we estimated
the AUC score per gender and age group. The aim here is to assess the extent to which
our models favour a specific gender or age group while predicting the employment
status. Table 3 in the “Demographic accuracy” section, shows that both models, when
inferring the employment status, are privileging the females and the 35-44 age group.
The practical implications of this are that our hypothetical communication campaign
would more likely reach people from those demographic groups. Importantly, the
same behaviour emerges for both models, regardless of the inclusion or not of the
demographic attributes in the models’ learning phase. Such finding shows proof of the
claim that just by “hiding” a demographic attribute from the learning process does not
result in a bias-freemodel since behavioural signalsmay incorporate latent information
about these attributes. In fact, in the scientific literature, the gender attribute is shown to
be accurately predicted from a series of plain digital behaviours such as web-browsing
data, smartphone app usage, search queries, or even simple social networking features
(see Table 4).

Explainability. A natural step forward is to assess the most predictive features
of each model to evaluate whether the demographic differences are substantially
expressed there. We employed the SHAP (SHapley Additive exPlanations) technique
to assess the global and local interpretability of the predictors.

9 The baseline AUC for our tasks is .50.
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Table 3 Cross-validated (10-fold) accuracy and fairness results for the prediction of the Occupational
Status from Likes on Facebook Pages

Demo NoDemo Demo+AT. NoDemo+AT.

Global Accuracy (Metric: AUC(std))

Baseline .50 .50 .50 .50

State of the Art − .61(.01) (∗) − −
Our Approach .74(.02) .71(.02) .74(.02) .71(.02)

Precision and Recall

Precision .16(.02) .18(.01) .26(.05) .25(.03)

Recall .56(.05) .48(.02) .21(.05) .22(.04)

Demographic accuracy (Metric: AUC(std))

Gender (M) .66(.05) .64(.04) .66(.05) .64(.04)

Gender (F) .78(.02) .76(.02) .78(.02) .76(.02)

Age (17-24) .70(.08) .69(.08) .70(.08) .69(.08)

Age (25-34) .66(.05) .65(.05) .66(.05) .65(.05)

Age (35-44) .74(.09) .73(.08) .74(.09) .73(.08)

Age (45-54) .61(.17) .54(.16) .61(.17) .54(.16)

Age (55+) .46(.31) .46(.29) .46(.31) .46(.29)

Fairness (Metric: FN R
FN Rre f

)

Gender (ref.class: Male)

Female .47(.11) .58(.14) 1.0(.07) 1.02(.14)

Age (ref.class: 17–24)

25-34 .35(.08) .62(.12) .75(.09) .80(.08)

35-44 .26(.12) .49(.2) .71(.09) .73(.1)

45-54 .41(.24) .82(.35) .82(.17) .84(.19)

55+ .59(.36) .99(.42) .82(.18) .91(.19)

Bold values for precision and recall highlight the best performing models (up to one standard deviation),
while bold values for fairness highlight fair models (i.e., those within the range 0.80–1.25)
Demographic accuracy presents the AUC scores for each demographic attribute while predicting the occu-
pation. Bold numbers for fairness point out that average disparity measures were kept in the range (τ, 1

τ ).
The metric of the reference classes equals 1 and is hence not reported in the Table.We report the distribution
for each of the demographic attributes. We consider as “fair” scores that are within the range of .80-1.25 of
the Fairness Metric
(∗) (Bonanomi et al. 2017)

Figure 2a depicts the contribution of each predictor to the actual output. Each point
in this summaryplot is aShapleyvalue for a feature and an instance.The rows in the plot
correspond to themost predictive features, while the x-axis value of a point denotes the
Shapley value of a specific instance. The Shapley value represents the contribution of
the feature value to the unemployed prediction (i.e., positive Shapley values represent
that, for this instance, the feature value made the model’s prediction tend towards
the ‘unemployed’ label, while a negative value made the model tend towards the
‘employed’ label). Finally, the colour-coding represents the value of the feature, from
low to high. Overlapping points are jittered in the y-axis direction, so we get a sense
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Table 4 Related literature on gender(male/female) prediction from digital data

Related Study Gender (AUC) Data Source

Present Study 94% Facebook Likes

Kosinski et al. (2013) 93% Facebook Likes

Kalimeri et al. (2019) 90% Web-browsing & Application Usage

Malmi and Weber (2016) 90% User Applications

Goel et al. (2012) 85% Client web-browsing history

Zhong et al. (2015) 85% Location check-ins

Ying et al. (2012) 85% Smartphone Call Logs

Bi et al. (2013) 80% Search Queries

Dong et al. (2014) 80% Social Networks

Felbo et al. (2017) 79% Smartphone Call Logs

Seneviratne et al. (2015) 74% Apps - Category and Content

The bold line represents the AUC for gender prediction obtained in this study
All the above studies reported their findings in terms of AUC metric and are, hence, directly comparable

of the distribution of Shapley values per feature. We observe that for some features,
higher values are indicating an ‘unemployed’ label (e.g., Health/Beauty (cat.norm.)
feature), while for others, higher values contribute to the ‘employed’ label (e.g. Sei
allo Scientifico (page)). The features are ordered according to their importance, which
is computed as their average impact on the prediction throughout all the samples.

Basic demographic attributes, like age and gender, rank high in the list of important
predictors according to the SHAP values, indicating that the model tends to heavily
rely on them in its decision-making process. Several of the remaining predominant
non-demographic features rank high both for the NoDemo and model Demo (see
Fig. 2b). Overall, this is a desired outcome, however, looking closer at some features
we notice alerting behaviours. For instance, the Health and Beauty page is a feature
that ranks high among the top predictors for bothDemo andNoDemomodels. Accord-
ing to Urbinati et al. (2020), a possible interpretation of this is that the unemployed
population often follows such pages to get informed about promotions. At the same
time, the Health and Beauty page is one of the top predictive features of gender (as
shown in section E of the Supplementary Materials, by the SHAP values of a gender-
prediction model). Such observations contribute to the literature against the “fairness
through unawareness” concept, due to the existence of redundant encodings, paving
the way to indirectly predict protected attributes from other features (Hardt et al. 2016;
Pedreshi et al. 2008). Gender is indeed reflected in many digital behaviours as shown
by the related literature (see Table 4), making the task of “gender-fair classification”
difficult. Such findings call for attention from scientists and practitioners who should
be aware not only about the known data quality and platform issues (Kalimeri et al.
2020; Olteanu et al. 2019) but also about the behavioural patterns tight-knit with sen-
sitive personal attributes. Dutta et al. (2020), in a theoretical approach, demonstrated
that this limitation can be overcome by obtaining additional, high quality, data (e.g.,
status updates Matz et al. 2019). They showed that in this way separability between
groups is increased, alleviating the inherent accuracy-fairness trade-off.
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(a) (b)

Fig. 2 Feature contributions (via SHAP values). The higher the SHAP value (x-axis) the more the feature
contributes to the occupation prediction (unemployment status) in a specific sample. Note that green colors
represent higher feature values (Color figure online)

Moving down to the contributions list in Fig. 2, we can see interesting insights
emerge. Work-related pages such as Lavoro e Concorsi (“work and public service
exams”, in Italian) and Cliclavoro (popular job search portal) are among the most
important predictors providing evidence that the models’ reasoning is indeed making
decisions based on work-related features. Unemployed users also tend to be more
interested in App pages as well as retail and home supply pages.

For the employed population, we notice that two trends emerge; one related to
the university and schooling and the other on brand and spare time activity pages.
For instance, ‘University (cat.norm)’, ‘Io studio’ (aka. I study), and ‘Sei allo sci-
entifico’(aka. Studying in the Italian technology-oriented High-School) pages are
expected since - due to the initial administration of our app - we have an over-
representation of students in our dataset which of course are falling under the
“employed” label. Spare time activity pages like sports (Amateur sports team), trav-
elling (e.g., 1988), and satyric content Il Superuovo (an italian blogger with over half
a million followers), and NGO related pages are indicative of employed individu-
als. Some brand pages were also found as indicative of employment (e.g. Nike and
Bittersweet Paris) in line with findings by Bento et al. (2018) regarding brand engage-
ment and employment in Facebook. The above insights are of particular importance
since the adaptive threshold approach does not alter the predictors; hence, the mod-
els Demo+AT. and NoDemo+AT. have the same predictors as the respective simple
models.

Fairness. To ensure that the algorithm will make the fairest decisions possible with
respect to our basic demographic attributes, we opted for an adaptive threshold applied
to the internal decision-making step of the LightGBM classifier (see Method section).
Figure 3 illustrates the interplay among fairness, precision, and recall, when altering
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Fig. 3 Fairness threshold optimisation. Curves show the precision (red) and false negative rate (FNR, in
green) scores as a function of threshold for the general, male and female population (solid, dotted, and
dashed lines, respectively). Blue lines represent the gender thresholds that give the same FNR as the one
that maximizes the F1/2 score. The numbered points indicated in the graph represent: (1) our starting point,
that is, the threshold value that maximises the F1/2 score. For this point, we estimate the FNR. Then, (2)
we estimate the thresholds that produce that same FNR value for both genders (in the example, .57 for male
and .82 for female) (Color figure online)

(a) (b) (c)

Fig. 4 a bf b Regional fairness of the models. Fairness is computed as the FNR in each region, relative to
the FNR of the Lombardy reference region. The color extremities are both unfair. c Unemployment level
per region (Color figure online)

the internal decision threshold of themodel. The purple line represents the Fβ score for
β = 1/2. We chose this value as it prioritises precision over recall (Baeza-Yates and
Ribeiro-Neto 1999), according to our depicted scenario of a cost-efficient campaign.
At its maximum (see step (1) in the figure) the general FNR is 0.79, so in step (2)
we set the gender thresholds that get this FNR for each gender. These thresholds are
depicted in dark blue lines for males and females, respectively.

This approach aims at providing equal opportunities to people from both gender
groups while maintaining the accuracy of prediction. As seen in Table 3, the respective
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AUC score for the Demo+AT and NoDemo+AT models naturally remains invariant
with respect to the models without the adaptive threshold, as well as the accuracy
of each demographic category. However, by satisfying our fairness criterion while
prioritizing precision, a trade-off with recall was inevitable.

Table 3 reports the fairness metric scores obtained by each model. Notice that fair-
ness is always reported with respect to a reference group, as described by Equation (1).
Hence, we only report the scores for the remaining classes. The disparity intolerance
percentage is empirically set to τ = 0.80. If the fairness metric for a group with
respect to the reference group is within the (τ, 1

τ
) range, then the model is said to be

fair to this specific group (see fairness scores in bold in Table 3). The fairness scores
of the Demo and NoDemo models are both very biased towards women since they
have approximately half the false negative rates of the males (i.e. the reference group);
this bias almost vanishes in the models with adaptive threshold. At the same time, the
FNRmetric is also improved for all age categories in the NoDemo+AT.model, which
is the fairest model with respect to gender and all but one age groups.

Figure 4(c) depicts the unemployment rate in Italy per region as reported in the
official statistics. Green areas represent regions with higher unemployment rates,
while purple areas represent regions with less unemployment. Interestingly, the basic
model NoDemo is often favouring some regions while disfavouring others, as seen
in Fig. 4(a). Both extremities of the scale signal that we are missing people from cer-
tain regions disproportionately. More specifically, when values are in deep purple in
Fig. 4(a), it implies that we privilege the unemployed in those regions (they are more
represented by our predictive model than in the reference region of Lombardy). Thus,
ideal fairness values are around 1.0 and have light colour. Hence, the more intense the
colour, the more intense the discrimination, while the more transparent the colour, the
fairer the model.

When looking into the gender biases of the predictions at a regional level, we notice
that the models without adaptive threshold have strong gender biases in almost every
region (see Fig. 5(a)), which fade out when the adaptive threshold is applied (see
Fig. 5(b)). This is of major importance since we achieve age and geographic fairness
while aiming for equal gender representation within the unemployed community. The
remaining gender biases in the Sardinia region may be due to uneven population
representation in some areas combined with the small population size in our sample.

Generalisability and Limitations. The choice of β depends on the requirements
of the specific application. To demonstrate the generalisability of our approach, in
the Supplementary Materials we showcase an alternative hypothetical scenario where
recall was privileged by design β = 2.

Another implementation alternative regards the choice of the fairness criterion.
Chouldechova (2017) explored the trade-off between fairness measures and, for a
binary classification task where the target prevalence is different across groups –like
in our case– they showed that a calibrated algorithm cannot guarantee equal false
negative and false positive rates in all of them, and one score must be privileged. To
guarantee equality of opportunity across groups, we opted for equal FNR. However,
this criterion should bemodified according to the task; for instance, when interventions
have a punitive character equality of opportunity should be replaced by equal false
positive rates (FPR) (Saleiro et al. 2018).

123



Fairness in vulnerable attribute... 2209

(a) (b)

Fig. 5 Gender fairness per region in the NoDemo (left) and NoDemo+Thresh. (right) models. Gender
fairness is computed as the FNR of females in relation to that of males. The color extremities are both unfair
(Color figure online)

Similar to the related literature (Dutta et al. 2020; Hardt et al. 2016), a limitation
of our approach is the requirement for the sensitive attributes at the individual level
to be accessible while training the model, for the estimation of the corresponding
thresholds. At this point, we need to clarify that once the thresholds are set, these
attributes are not required for the further deployment of the models. Alternatives to
this have been proposed in the literature employing adversarial learning (Zhang et al.
2018) or regularization (Beutel et al. 2019).

6 Conclusions

Traditionally, researchers and practitioners employed basic demographic information
like age, gender, and geography (Goyat 2011; Wood et al. 2019) to gain insights on
the population under investigation or maximise the efficiency of their communication
campaigns. Today, several socioeconomic attributes and behaviours are assessed by
machine learning predictive models to drive actions.

Moreover, AI-driven decision making is increasingly more considered both in pol-
icy making and in humanitarian crisis management (Aiken et al. 2022), with the ML
models to compete for the highest prediction accuracy often as the sole metric of per-
formance, neglecting to account for fairness metrics. A common ground for all data
science for social good predictive tasks is that the vulnerable populations of interest –
in our case, the unemployed– consist of significantly fewer samples with respect to the
majority class. Often the focus is on developing predictive models that outperform the
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state of the art accuracy score, overlooking whether these models introduce or amplify
existing discrimination in society.

To achieve “fairness” a solution is to invest in better and more data; however, this is
almost never possible in practice.Here,we propose a simple and efficient approach that
provides fair classifications regardless of the demographic attribute of choice while
the method can be extended to a combination of attributes.

The study presented herewas specifically designed to address a not-for-profit organ-
isation’s need, whose aim was to communicate educational and job opportunities
within the younger unemployed community. To this end, we designed and developed
an ad-hoc Facebook-hosted application, reaching out to approximately 64k partici-
pants. To automatically predict the occupational status of these users, we postulated
the study as a supervised classification task. Our models, inferring solely on users’
“Likes” on Facebook Pages, were able to predict the occupational status (employed
vs unemployed) with an AUC of .74. Despite achieving a satisfactory accuracy in
prediction, we dived further into the demographic breakdown of the obtained insights,
discovering biases in both gender and age attributes. We showed that the straightfor-
ward solution of “hiding” those sensitive information from the model does not ensure
a fair prediction as they are often embedded not only in other demographic but also in
our digital behavioural patterns and are likely to influence the models’ decision.

Hence, we proposed an approach based on adaptive thresholding of the predic-
tive model’s decision-making step. This method ensures that the model makes as fair
predictions as possible, according to the most adequate fairness metric for the task,
which in our specific case is the parity of opportunity (FNR), or else ensuring that
the model will not disproportionately miss individuals from specific protected groups.
Interestingly, minor inequalities (i.e., geographical) are likely to improve when assess-
ing the substantial ones (i.e. gender). Our framework includes a double out-of-sample
evaluation providing stability in unseen elements for real-life applications.

This simple modification can be directly applied to assistive interventions that rely
on AI for their communication campaigns or policy design to provide fair and explain-
able results. Most importantly, the method is flexible, both, to be extended in other
demographic features, and, to other scenarios and concepts of “fairness”. Preserv-
ing the privacy of potentially vulnerable populations is essential since increasingly
more new data sources are employed to complement traditional methods for targeting
humanitarian assistance, particularly in crisis settings.

Supplementary Information The online version contains supplementary material available at https://doi.
org/10.1007/s10618-022-00855-y.
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