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Extended Abstract
The last few decades have seen a growing interest in the impact of social media [7, 8]. One
of the reasons for this is their increasing impact on social and political dynamics [4], which
raises concerns about several hypothetical phenomena [2]: echo chambers, polarization, filter
bubbles, extremism, etc. Furthermore, research indicates that the recommendation algorithms
might play a role in some of those phenomena [10, 11].

While past research has focused on the outputs of the recommendation algorithms [1], our
work aims to focus on the algorithm itself and on the process of computation used to create
the recommendations. By doing this we integrate our work in the growing literature around
algorithmic interpretability and explainability [9]. And we put the basis for further work on
algorithmic audit and transparency highly researched by the Europeans public institutions [3].

In this work we focus on User-Content recommendation algorithms (algorithm predicting
which content will fit for a given user) because of their vast use in the market. Content rec-
ommendation algorithms from the state of the art mainly work in 2 steps [5]. The first step
consists in estimating from the interaction between users and the content an embedding (of the
users and the content) which takes into account those interactions. The second step (usually
computationally simpler than the first) estimates, from the embedding, the probability that a
given user likes a given content. We argue that this embedding is trained to be a meaningful
dimension reduction from the original data that give us information on which aspects of the
data are leveraged by the algorithms to build recommendations.

Recent work by Ramaciotti Morales et al. [12] has shown that it is possible to estimate the
political attitudes of twitter users from the members of the parliament (MPs) they follow. We
extract users from the french twitter sphere, and estimate their political attitudes on 2 axes :
left-right and attitude toward elite (see fig 1).

Taking those users and the URLs they shared as data, we develop a recommendation algo-
rithm able to predict which URLs will be shared. We used a standard method of non-negative
matrix factorisation [6], based on collaborative filtering methods (which assumes that similar
users will like similar content). We trained the algorithm on the twitter data and evaluated it
using the classical Hits@10 metric.

We then compare the algorithmic embedding of the users with their political attitudes and
their socio-demographic profile. We finally show that there is a statistical relationship between
those quantities. In particular we see (fig 2) that some algorithmic dimensions are sorting
people by political attitude. Furthermore we show (fig 3) that the political attitudes have a
clear impact on the algorithm embedding. We can confirm our hypothesis by seeing (tab 1)
that the contents associated with those particular dimensions are commonly known in France
as left-wing (or right-wing) medias.

Our work aims to propose a proof of concept for a new method of explanation for rec-
ommendation algorithms and open the possibility to a new branch of studies where suspected
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social media issues (as polarization or filter bubbles) can be studied directly by looking at the
recommendation mechanism. Furthermore our work gives a new light to the sociological de-
bate around algorithmic feedback loops and machine habitus.
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Figure 1: Distribution of our user sample on the 2 political attitudes axes. Left-Right refers
to the standard political measure, Anti-elite Salience expresses a negative attitude toward elite.
(image from [12])
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Figure 2: We show that some dimensions of the algorithm embedding select users only from
some part of the political spectrum. Here we see the variation of the distribution on the Left-
Right ax of the top users for 2 algorithm embedding dimensions (l 4, l 3). Being classified as
”high l 4” by the algorithm highly augments the probability that a user is left wing (or right
wing for l 3).
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(a) Average l 4 (algorithm embedding dimension
4) as a function of political attitude.

(b) Average l 3 as a function of political attitude.

(c) Average l 1 as a function of political attitude. (d) Average l 5 as a function of political attitude.

Figure 3: We can see from these graphs that the political attitudes of users influence the ex-
pected position in the algorithmic embedding for some specific dimensions.

5



REFERENCES
9th International Conference on Computational Social Science IC2S2

July 17-20, 2023, Copenhagen, Denmark REFERENCES

Top content : l 4 Top content : l 3
1 politis.fr tvlibertes.com
2 revolutionpermanente.fr adoxa.info
3 alternatives-economiques.fr lefigaro.fr
4 monde-diplomatique.fr causeur.fr
5 change.org actu17.fr
6 bastamag.net bvoltaire.fr
7 mediapart.fr fr.sputniknews.com
8 blogs.mediapart.fr francais.rt.com
9 humanite.fr fdesouche.com

10 reporterre.net valeursactuelles.com

Table 1: Here we can see the domains with the highest values of l 4 (expected left-wing) and
l 5 (expected right-wing) in the algorithmic embedding.
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