
Balanced Public Service Media Recommendation Trade-offs with
a Light Carbon Footprint

Marcel Hauck

marcel.hauck@ard.de

ARD Online

Mainz University of Applied Sciences

Mainz, Germany

Michael Huber

michael.huber@ard.de

ARD Online

Mainz, Germany

Juri Diels

juri.diels@ard.de

ARD Online

Mainz, Germany

David Wittenberg

david.wittenberg@ard.de

ARD Online

Mainz, Germany

Dietmar Jannach

dietmar.jannach@aau.at

University of Klagenfurt

Austria

Abstract
Public service media (PSM) providers commonly face the challenge

of balancing user engagement metrics and public value. In this

case study, we report on the insights obtained at ARD, Germany’s

largest PSM provider, when investigating the effectiveness of dif-

ferent collaborative filtering techniques on their video-on-demand

platform ARD Mediathek. While an offline evaluation indicated

that a modern model based on a denoising auto-encoder might

lead to the best prediction accuracy, A/B testing revealed that an

item-based nearest-neighbor technique excelled both in terms of

engagement and public value metrics. Our findings thus suggest

that traditional, light-weight models should not be easily dismissed,

given also their comparably limited resource requirements and

light carbon footprint. To enable future research on this topic, we

provide a real-world dataset with usage data from our platform.
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1 Introduction
ARD is Germany’s largest public service media (PSM) provider,

operating the video-on-demand platform ARD Mediathek, which
reaches around 2.7 million people every day [3]. To enhance the
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quality of personalized recommendations on our platform, we con-

tinuously research, explore, and refine existing and new algorithmic

recommendations that coexist alongside the editorial recommenda-

tions on our platform. Typically, video recommender systems (RS)

on commercial platforms such as Netflix are optimized to maximize

engagement and customer retention [13]. The situation is however

different for PSM providers, who have a mandate to ensure that

they act in public interest and that their services benefit all mem-

bers of society [1, 5, 8, 14]. Consequently, our goal is to align the

optimization of our RS with metrics that reflect public value.

Closely following research on RSs, we continuously explore al-

gorithmic proposals put forward in the literature. In this process,

we consider both traditional and comparatively simple recommen-

dation techniques, as well as more recent and more sophisticated

models. According to the academic literature, more recent models

are generally considered superior to earlier ones in terms of accu-

racy, however often at the price of a significantly larger carbon

footprint [27]. Given these developments, the question arises if

these improvements that are usually observed in offline evaluations

would translate to better recommendations in our PSM environ-

ment, where factors other than accuracy are relevant as well. This

question is highly important, because several previous studies sug-

gest that notable gaps between offline and online evaluations can

exist [4, 12, 13, 24].

This paper is a case study giving insights into the exploration

of personalized recommendation approaches of varying complex-

ity for PSM providers. In this study, we consider algorithms from

three different families: (i) a traditional collaborative item-based

nearest neighbors approach (ItemKNN) [7], (ii) a matrix factoriza-

tion model based on Alternating Least Squares (ALS) [15], and (iii)
a more recent neural model based on a denoising auto-encoder

(Mult-dae) [19]. Among the various neural models, we considered

Mult-dae both because of its effectiveness as reported in [10] and

due to promising results in our offline evaluations.

In a subsequent real-world A/B test, we then assess both user

engagement, measured by click-through (CTR) and playback rates,

defined as the average duration of a playback divided by the length

of the content, and public value metrics. For the latter, we focus

on (i) coverage, measured as the number of unique items recom-

mended divided by number of recommendable items, (ii) diversity,
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calculated by the average pairwise cosine similarity of item meta-

data embeddings, and (iii) popularity bias [18], determined by the

percentage of recommended items that are among the 2% most

popular items. Furthermore, we compare the observed results to

non-personalized editorial and to random recommendations.

As expected, we find that all three personalized recommenda-

tions outperform the non-personalized editorial and random recom-

mendations considering CTR and the playback rate. To our surprise,

however, the traditional ItemKNN method exhibited the best per-

formance in our test, leading to a significantly higher playback rate

compared to ALS and Mult-dae. In addition, the analysis of the

public value metrics also suggests that ItemKNN can be a good

choice for PSM providers, as it demonstrates both high coverage

and low popularity bias while having a comparably light carbon

footprint. The main takeaway of our case study is that while var-

ious modern neural models have been successfully applied in in-

dustry [6, 26], established non-neural recommendation techniques

should not be easily dismissed in practical settings only because of

their assumedly lower performance in offline experiments
1
.

2 Experimental Design
For our real-world study, we collected usage data from logged-in

users for twoweeks in April andMay 2025. Users receive recommen-

dations in one single list on the front page of the ARD Mediathek
app and inside the “My ARD” section. Each user was randomly

assigned to one of the following five groups.

The first three groups received personalized recommendations

from the examined algorithmic recommendation models (ItemKNN,

ALS,Mult-dae). The last 500 usage events of the last 90 days for each

user were used to train the models. We used a Bayesian approach to

tune the hyperparameters of the models with 20 trials and a 80:20

temporal global data split.
2
During the online test, the models were

retrained every other day within the given two weeks. We directed

90% of the traffic to these three groups, i.e., 30% for each model.

The last two groups received non-personalized recommendations

and were each assigned to 5% of the users. In the fourth group, users

received recommendations from an editorial curated highlight list.

This list was static and not updated throughout the test. Users were

presented random subsets of this editorial list. In the fifth group,

users received random recommendations from the available pool

of available content.

3 Results and Discussion
In this section, we first present results from an offline evaluation

that preceded our field test and then move to real-world evaluations,

where we focus both on engagement and public value metrics.

3.1 Offline Results
For the offline evaluations, we calculated the common performance

measures Normalized Discounted Cumulative Gain (NDCG), Preci-

sion, Recall, and Mean Average Precision (MAP) for recommenda-

tion lists with a length of 10. The evaluation was based on a 80:20

1
In fact, a number of recent studies suggest that traditional models are still competitive

with more recent neural approaches [2, 9, 10, 17, 20, 22, 23, 25].

2
Final hyperparameters: ALS (latent factors: 600, iterations: 15, 𝛼 : 200, reg.: 0.01);

Mult-dae (intermediate_dim: 520, latent_dim: 190, epochs: 10, regularization_lambda:

0.25, learning_rate: 0.008); ItemKNN (k: 10, weight.: TF-IDF, cosine sim.)

train-test split of the data of the last 90 days preceding the online

study as described above.

Table 1 shows the results for the three personalized recommen-

dation models on the test set. We find that for the order-sensitive

NDCG and MAP metrics, Mult-dae outperforms the other mod-

els. For NDCG@10, the gap between the Mult-dae and the other

models is at around 5%. The performance results for Precision and

Recall are quite similar for all models. Overall, we concluded from

the offline experiments that Mult-dae might be a good choice to

improve the recommendations on the platform.

Table 1: Offline ranking metrics for personalized recommen-
dation algorithms; highest values are shown in bold.

Model NDGC@10 PREC@10 REC@10 MAP@10

ItemKNN 0.094 0.048 0.112 0.060

ALS 0.095 0.049 0.121 0.062

Mult-dae 0.099 0.050 0.122 0.064

3.2 A/B Testing Results
The A/B test with the five competing groups was conducted in

April 2025, and it lasted for two weeks. In total, we gathered us-

age data from 109, 318 registered users who received 1, 429, 439

item recommendations. We note that the recommendations in each

group were post-processed using business rules that ensure high

quality content. As an example, already watched content or news

content that was older than 48 hours was removed. For TV series,

only the first episode of the first season was recommended, because

recommending individual later episodes is not considered to lead

to a good user experience.

Engagement Metrics & Computational Complexity. The results
for the engagement metrics (CTR and playback rate), and the time

needed to train each model
3
are shown in Table 2.

Table 2: Real-world engagement metrics by group, ordered
by engagement metrics; best values are shown in bold.

Group CTR Playback rate Training time

Random 0.95% 36.8% ./.

Editorial list 1.20% 32.7% ./.

Mult-dae 3.60% 44.7% 03:50:13

ALS 3.60% 45.3% 00:47:01

ItemKNN 3.87% 49.7% 00:13:57

We observe that all personalized models are markedly more ef-

fective than the editorial and random baseline models both in terms

of the CTR and the playback rate. Among the personalized models

ItemKNN turned out to be outperforming both the ALS and the

Mult-dae model in terms of our relevant engagement metrics. This

was surprising, given that the the offline experiments suggested

Mult-dae as the most effective model.

3
The training of ItemKNN consists of pre-computing item similarities.

https://www.ardmediathek.de/
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To assess if the observed differences are statistically significant,

we conducted multiple statistical tests. We use Levene’s test for

homogeneity of variances based on median [21] showing that vari-

ances of the CTR and playback rate are not equal across our five

groups (𝑝 < .001). Therefore, we use robust omnibus one-way

Welch ANOVAs [11] to test whether group means are equal. We

find significant differences between the groups (𝑝 < .001) for both

metrics. Given that the omnibus result is significant, we conduct

pairwise post hoc Welch t-tests with Bonferroni correction to test

for significant differences between all groups [11] for both metrics.

Regarding the CTR, results indicate that there are only signifi-

cant differences between the three personalized recommendation

groups and the non-personalized recommendation groups. The dif-

ferences among the personalized groups did not reach the required

significance level of 0.05.

For the playback rate, we find that the rate of the best-performing

ItemKNN model was significantly higher than for all other condi-

tions (𝑝 < .001). Considering effect sizes, there is a medium effect

when comparing the personalized and the personalized recommen-

dations, with Cohen’s |𝑑 | lying between 0.2 and 0.5. The effect size

when comparing ItemKNN with the other personalized models is

modest, with Cohen’s |𝑑 | reaching 0.2 in the best case.

Considering the times for training the models
4
, we find pro-

nounced differences between the personalized models. ItemKNN,

despite its competitive performance in terms of engagementmetrics,

is the computationally most effective model. Training the model

needs less than 15 minutes on a CPU. This is approximately 3 times

faster than ALS and 18 times faster than Mult-dae, even though

the computations for the latter were done on a GPU. We note that

computational complexity represents a relevant factor in our envi-

ronment, because the models must be frequently retrained on the

media platform. Overall, lower training times can help to signif-

icantly reduce both costs and the carbon footprint of generating

recommendations.

Public Value Metrics. As a PSM provider, we are interested to

evaluate our algorithms not only on engagement metrics but also

on our public value metrics coverage, diversity, and popularity bias.

Ideally, our recommendations demonstrate high coverage, high

diversity, and low popularity bias. In general, the maximization of

public value metrics such as high coverage or low popularity is

usually seen to be in conflict with accuracy in offline evaluations

and with engagement metrics such as CTR and playback rates in

online tests. Table 3 shows the results of the three metrics for the

five groups of our online test.
5

Considering coverage, we, as expected, find that the random

recommendations cover the entire catalog, i.e., each catalog item

was recommended to at least one user during the field test. Anal-

ogously, the manually created and static editorial list comprises

only a fraction of the catalog. Among the personalized models, we

however find that the ItemKNNmodel leads to the highest coverage

values. At the same time, the ItemKNN model leads to the lowest

popularity bias among the personalized models. In terms of the

4
In terms of prediction times, all compared models were able to match the real-time

serving constraints on the platform.

5
We recall that we use a 2% threshold for popularity. Popularity bias numbers are rela-

tively high because the pool of recommendable items is usually a subset of comparably

popular items of the entire content pool.

Table 3: Public value metrics results, with groups ordered by
engagement metric performance; best values in bold.

Group Coverage Diversity Popularity

Random 100.0% 0.71 44.5%
Editorial list 3.6% 0.64 98.0%

Mult-dae 74.4% 0.60 84.2%

ALS 70.4% 0.62 80.8%

ItemKNN 78.6% 0.59 79.4%

popularity metric, the random recommendations naturally exhibit

the lowest popularity bias, given that this method randomly picks

items from the entire popularity range. The editorial recommenda-

tions, in contrast, are designed to be relevant for a large fraction of

the user population, and thus by design comprise content that is

highly popular among the platform’s user base.

Overall, when considering the public value metrics coverage

and popularity bias, we actually observe that these metrics do not

represent the expected trade-off with engagement metrics. Instead,

the ItemKNN method turned out to be both favorable from the

perspective of the engagement metrics and these two public value

metrics.

Looking at the diversity metric, the random recommendations

again by design lead to high diversity and represent an upper bound

unless an algorithm is designed that explicitly focuses solely on

diversity. The editorial list also exhibits a high level of diversity.

This is expected as well, because the editorial selections are not

only made in a way that they target generally popular content

but also match the diverse interests of the user base. The diversity

results for the personalized methods are very close to each other,

with the ALS method leading to the highest diversity, and ItemKNN

exhibiting the lowest diversity. It has to be noted here, however,

that the spread of the intra-list diversity metric, which theoretically

ranges from negative to positive one, is generally rather narrow in

practice [16].

4 Conclusions
In this study, we compared three personalized recommendation

approaches of varying complexity in terms of engagement metrics

and public value metrics, finding that the computationally and con-

ceptually light-weight ItemKNN technique can be a relevant choice

in practice. Specifically, the method enables a remarkable synergy

between multiple goals: maximizing platform engagement, signifi-

cantly contributing to public value, and simultaneously reducing

both CO2 emissions and operational costs. On a more general level,

our case study emphasizes the importance of keeping potential

offline-online evaluation gaps in mind, where the most accurate

offline model may not be the optimal choice in terms of the actual

key performance indicators that an organization aims to improve

with a recommendation system. Future work may thus involve the

identification and design of offline metrics which are better proxies

of the online success of an algorithm. To encourage research in this

area, we publish a novel real-world dataset with usage data from

our platform at kaggle.com/datasets/ardonlinedata/ard-mediathek-

recsys-2025.

https://www.kaggle.com/datasets/ardonlinedata/ard-mediathek-recsys-2025
https://www.kaggle.com/datasets/ardonlinedata/ard-mediathek-recsys-2025
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