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Motivation Metrics Data Collection

e Social effects of recommendation systems (RSs) are not Controversy Score: Content Diversity: e We analyze YouTube as it is a very popular industrial
well understood CT e fren s e s e s 0 2 - Category: attribute provided by YouTube recommendation system, and has been under intense

e Recommendation systems are usually optimized for S Eg. “Science & Technology”, “Entertainment” scrutiny for it's possible negative effects recently.
engagement using “traditional” metrics such as: Popularity: - Topic Modeling: TF-IDF and NMF topics o Surf graph: depth first search for a subject (consisting

- Viewing time - Number of views - B8 Av_‘e”gersn' i D T FeeEE g of 10 search terms). Graph is created by taking top 6
- Click Through Rate - Recommendation Prevalence: . Compilations videos from a search query and exhaustively DFS to
M ol d i . Attributes used to compute P(a,=a,) where a, and a, are

SR N ‘ In-degree of item vin RN attributes of videos v and u. Sim(y,u) used to determine depath 6.

e Improving an RS with respect to traditional metrics can Recommendation Diversity similarity: e We selected 19 subjects, for a total of 190 surf graphs.
lead to formation of “filter bubbles’ and “echo Assortativity Coefficient Foravideo o oy s e In total collected data on 5,064,291 videos, capturing
chambers’ by the RS pigeonholing users into specific shasa, s st = e € Blsmtey = 1] 12,884,067 recommendations on YouTube
clusters of content. - Sim methods: “Category’, “Topic 1", “Topic 3"

. RQ.ICan we em:)om;e.r.users and thlr: p?rtles to Walk Strategies:

xplore w. ing recommendation m i it i i
tehpt% eld atyhs OR:u 1 gte';o s a: o _sYste 'sl Random: picks an arbitrary video in the from the first 20 recommendations Diversity: Assortative Mixing
at holds the RS accountable as an actor in a social ) ; ; ; » ; ;
T Top-K: picks a video from the first k ranked recommendations (k=1 ... 6) Assortative Mixing Matrix describes recommendation
milieu? frequency between item attributes.

Hybrid Human-Al Recommendation Systems Results: An introduction

e Field of Machine Behavior aims to regard algorithms i N ' :
within the framework of sociotechnical, or “hybrid” A= L v \ = i
systems = N S

Key insights:
e Uncertainty collapses as the user reaches a lower depth.
e On average the RS does not suggest controversial videos, or, videos which are
" " . - recommended are not controversial.
Feral” recommendation system: an actor in a o The RS steers users towards highly viewed videos first, before leading them to less
complex social milieu that is governed by opaque popular content.
metrics which do not model the interests of the users

beyond engagement-centered objectives. Table 1: Assortativity coefficients for YouTube Categories and Topics.
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Key insight: lack of sociality. Can a RS be your friend? Key Results w05 o oo
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Recommendation Networks: an analysis i
framework < ]
The Recommendation Network (RN) is a representation - - S Conclusions and Takeaways
of a set of recommendations made by the RS under test. e Top-3 surfer trends: e = o Conclusions: Large scale algorithmic auditing tools are one of
o Top-2 and Top-3 walkers, progressively lead to more several frameworks for effective scrutiny of large industrial RSs.
Problem Formulation: RN and Random Walk controversial content*. o Need for third party audits which go beyond critiques of
A RN is defined as a directed graph G = (V. E) with no self-loops, where v € V' is a video with o Top-2 walker at shallower depths lead to on average higher individual cases of content moderation failure, anecdotal evidence,
associated metadata (likes, dislikes, views, etc.), and a directed edge (u,v) € E is a recorded instance. -t ] her first-order ob "
of video u recommending video v viewed videos, while Top-3 leads to less viewed videos. - GRS eSENETe,
We define a random walk as an ordered list of nodes vy, va, v, ..., vg, where vy is a root video and o Toprz walker has a much h]gher preva[ence in our surfgraph, e Limitations: Use more directed subject selection to understand
vk is a leaf node. The transition function from one node 1o another Necrt(v) is at the heart of our different topics.
analysis. We look at a multitude of transition functions, hinging on the ordering of recommendations. the RS proposed as a recommendation more often.
hile th q f | e Future work:
Allows for the use of complex network analysis to o While the Top-2 and Top-3 surfer consistently get o Incorporate real user data for creating walk strategies, and
understand dynamics of RS. recommended content of the same category, the Top-3 surfer running them on the platform.
Random walker model is a simplified user interaction sees more diverse “topics”. o Open source so other interested third parties and researchers
model to study effects of browsing patterns on Why? Third video plays a special role for recs -- familiar vs. novel PRI R i e can leverage our tool.

recommendations.




