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Abstract

Recommendation systems have traditionally relied on short-
term engagement signals, such as clicks and likes, to person-
alize content. However, these signals are often noisy, sparse,
and insufficient for capturing whether a recommendation sup-
ports future return to the platform. We introduce Retentive
Relevance, a novel content-level survey-based feedback mea-
sure that directly assesses users’ intent to return to the plat-
form for similar content. Unlike other survey measures that
focus on immediate satisfaction, Retentive Relevance tar-
gets forward-looking behavioral intentions and provides a
stronger predictor of next-day retention. We validate Reten-
tive Relevance using psychometric analyses suited to our
single-item measures, establishing convergent, discriminant,
and behavioral validity. Through large-scale offline model-
ing, we show that Retentive Relevance significantly outper-
forms both engagement signals and other survey measures in
predicting next-day retention, especially for users with lim-
ited historical engagement. We develop a production-ready
proxy model that integrates Retentive Relevance into the final
stage of a multi-stage ranking system on a social media plat-
form. Calibrated score adjustments based on this model yield
improvements in engagement, retention, and content quality
during a 14-day A/B experiment. This work links content-
level user perceptions to short-horizon retention outcomes in
production systems. We offer a scalable, user-centered ap-
proach with implications for responsible Al development.

Introduction

Recommendation systems are the backbone of modern dig-
ital platforms, guiding users through vast content libraries
every day (Ricci, Rokach, and Shapira 2022). Yet, the core
challenge remains: how do we transform sparse, noisy en-
gagement signals into reliable predictions of user prefer-
ences and future return behavior (Herlocker et al. 2004)?
Most large recommendation systems rely on user engage-
ment signals such as clicks, likes, comments and dwell time,
operating under the assumption that these actions accurately
reflect user interests and will result in future engagement and
retention (Hu, Koren, and Volinsky 2008; Koren, Bell, and
Volinsky 2009). Yet, this engagement-centric approach is
fundamentally limited. Large-scale studies reveal that users
who interact with content do not always want more of the
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same (Sharma and Cosley 2013a; Hasan et al. 2024), and
engagement signals are systematically biased toward pop-
ular items, often missing users’ latent interests (Abdollah-
pouri, Burke, and Mobasher 2017; Raza et al. 2024). This
disconnect is especially problematic when optimizing for re-
tention, as short-term engagement frequently fails to predict
sustained platform usage (Jannach et al. 2015; Gomez-Uribe
and Hunt 2015; Xue et al. 2025).

To address these limitations, survey-based feedback has
emerged as a promising alternative, offering direct insights
into user preferences (McNee, Riedl, and Konstan 2006; Pu,
Chen, and Hu 2011; Hasan et al. 2024; Lv et al. 2025). How-
ever, existing survey measures focus on capturing the im-
mediate value of the recommendation for the user, lacking
the forward-looking perspective required to optimize for re-
tention. These retrospective measures, while informative, do
not capture the behavioral intentions that drive users to re-
turn to platforms in the near term.

To bridge this gap, we introduce Retentive Relevance,
a novel content-level survey measure designed to capture
users’ intent to return for similar content. By asking users
immediately after a recommendation, “How likely or un-
likely are you to return to [platform] to view more posts like
this?”, Retentive Relevance directly measures the value of a
recommendation as it relates to users’ intent to return, while
maintaining the clarity and interpretability of survey-based
self-reported feedback.

Our comprehensive evaluation—encompassing offline
analyses, large-scale production deployments, and A/B
experiments—demonstrates that Refentive Relevance con-
sistently surpasses both traditional engagement signals and
alternative survey measures in predicting next-day retention.
In a 14-day online experiment, this leads to improved user
retention, increased engagement, and measurable gains in
content quality and integrity metrics. Notably, our approach
is particularly effective for low-signal users, where conven-
tional metrics are sparse or unreliable. The key contributions
of this paper are:

* Novel survey construct with predictive validity for re-
tention: Retentive Relevance is the first content-level
survey measure empirically validated to predict next-day
user retention in recommendation systems.

* Complete operational framework: We present an end-
to-end methodology and framework— from survey de-



sign to production model deployment— for designing,
validating, and operationalizing Retentive Relevance at
scale in recommendation systems.

¢ Large-scale experimental validation: We provide ro-
bust evidence from live A/B experiments deployed in a
large social media platform demonstrating that Retentive
Relevance drives significant improvements in user reten-
tion, engagement, and content quality.

* Theoretical and practical insights: We highlight the
superior predictive power of forward-looking behavioral
intent, with implications for the design of more user-
centered and responsible Al systems.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work and situates our contribution
within the literature. Section 3 details our survey design,
data collection, and bias correction methodology. Section 4
summarized the findings on the relationships between Re-
tentive Relevance and other survey measures and engage-
ment signals. Section 5 presents our offline retention model-
ing results and compares predictive performance of Reten-
tive Relevance with other alternative survey measures. Sec-
tion 6 covers our approach to building a proxy based on sur-
vey, integrating into ranking production system and results
of our online A/B testing. Section 7 discusses implications
and future directions.

Related Work

We structure our review of related work around four key
areas: user feedback in recommendation systems, survey-
based feedback mechanisms, retention prediction and long-
term value, and methods for cold-start and low-signal users.
This structure clarifies the landscape and highlights how our
work advances the field.

User Feedback in Recommendation Systems

Recommendation systems utilize both implicit feedback
(e.g., clicks, dwell time (Rendle et al. 2009)) and explicit
feedback (e.g., ratings, thumbs up/down (Resnick et al.
1994; Adomavicius and Kwon 2012)). While implicit sig-
nals are abundant, they are often noisy and biased (Marlin
etal. 2007; Joachims et al. 2005). Explicit feedback provides
more direct signals but is less frequent and can be affected
by response and popularity bias (Konstan and Riedl 2012).
Most prior work focuses on immediate reactions to content,
limiting the ability to predict long-term engagement (Chen,
Zhang, and Zhou 2019; Zhang et al. 2014).

Survey-Based Feedback Mechanisms

Within explicit feedback, survey-based methods have gained
prominence for their ability to directly capture user satisfac-
tion and interest (Knijnenburg et al. 2012; Raza et al. 2024;
Hasan et al. 2024). Surveys can complement behavioral met-
rics, address data sparsity, and improve model explainabil-
ity (Lv et al. 2025; Covington, Adams, and Sargin 2016;
Butmeh and Abu-Issa 2024). Research in this area explores
optimal survey design, question framing, and timing (Kumar
and Tomkins 2005; Liu, Dolan, and Pedersen 2010). How-
ever, most surveys are retrospective, evaluating the current

206

consumption value of content rather than capturing forward-
looking intent, a gap our work aims to address.

Retention Prediction and Long-Term Effectiveness

As digital platforms increasingly prioritize sustainable
growth, accurately predicting user retention has emerged
as a central challenge (Jhawar, Dharwadker et al. 2023;
Sun et al. 2022). Recent research has introduced a range
of advanced techniques to address this problem. Reinforce-
ment learning frameworks have been developed to optimize
cumulative long-term rewards (Zheng et al. 2018), while
causal inference methods help disentangle the effects of spe-
cific content on user retention (Schnabel et al. 2016). Graph
neural networks further enable the modeling of complex
user-item-time interactions (Wu et al. 2019). In addition,
multi-task and sequential modeling approaches have been
proposed to balance short- and long-term objectives (Wang
et al. 2018; Li et al. 2017). Adaptive retention optimiza-
tion frameworks (Xue et al. 2025) and generative flow net-
works (Liu et al. 2024a,b) have demonstrated significant
improvements in next-day return prediction and overall en-
gagement, with large-scale deployments validating the prac-
tical impact of retention-focused systems (Cai et al. 2023).
However, despite these advances, most existing methods
continue to rely on noisy engagement signals and often
lack explainable, recommendation-level approaches that can
bridge the temporal gap between immediate user actions and
future behavior.

Cold-Start and Low-Signal Users

The cold-start problem remains a fundamental challenge in
personalization, particularly for new users or those with lim-
ited interaction history (Schein et al. 2002). Collaborative
filtering methods are especially vulnerable to data sparsity,
while content-based approaches may fail to capture valu-
able collaborative signals (Burke 2002). Hybrid models at-
tempt to mitigate these issues by integrating multiple signal
types, but they often still rely heavily on noisy implicit feed-
back (Adomavicius and Tuzhilin 2005). Recent advances
have explored meta-learning, few-shot, and transfer learn-
ing techniques to address cold-start and low-signal scenar-
ios (Vartak et al. 2017; Lee et al. 2019; Elkahky, Song, and
He 2015). Additionally, large language models and graph-
based methods have shown promise in extracting richer rep-
resentations from auxiliary data (Zhang et al. 2025; Li et al.
2024). However, most focus on auxiliary data, more prone
to accuracy issues, rather than capturing ground truth pref-
erences via direct user feedback. Survey-based methods of-
fer a distinct advantage in cold-start contexts by enabling the
immediate collection of explicit user preferences, even in the
absence of substantial behavioral history.

Our Contribution

This paper advances the field at the intersection of survey-
based ground truth signal collection, retention prediction,
and production-scale integration with recommendation sys-
tems. We introduce an end-to-end framework that is rig-
orously validated through large-scale offline analyses and



Name (Construct) Survey Question

Sample size

How likely or unlikely are you to return to [Platform] to view more posts like this?

Retentive Relevance . . . . . . . N = 63,708
(Likelihood to return) Very likely, Likely, Neither likely nor unlikely, Unlikely, Very unlikely
. To what extent does this video match your interests? .

Interest Matching A great deal, A lot, A moderate amount, A little, Not at all N = 58,872
(Interest relevance)

. Was this video worth your time? .
Worth Your Tl.me Completely, Mostly, Somewhat, Barely, Not at all N =176,263
(Recommendation
value)

Table 1: “Retentive Relevance” was compared with two other survey measures. Each survey was administered under equal
conditions but separately. Data collection occurred between December 2024 and January 2025 across 18 countries on a large
social media platform targeted to a personalized video recommendation feed.

live online experiments. Our approach enables the direct
integration of forward-looking user intent into algorithmic
optimization, providing a scalable and interpretable signal
for improving user retention. Beyond technical impact, our
framework offers practical implications for broader respon-
sible Al systems, supporting more user-aligned algorithmic
systems and sustainable platform growth.

Survey Implementation, Data Collection and
Bias Correction

In this section we discuss the theoretical foundation for this
work and the approach for developing the survey instrument,
validating it, collecting data and correcting bias.

Theoretical Foundation

We designed Retentive Relevance to capture users’ forward-
looking intentions to return to a recommendation platform
based on the value they perceive in the content. Unlike other
survey-based measures that focus on immediate value or in-
terest relevance (See Table 1), Retentive Relevance specif-
ically targets the antecedents of retention behavior. The
item design is informed by the Theory of Planned Behav-
ior (Ajzen 1991), which posits that behavioral intentions
are strong predictors of actual behavior, as well as estab-
lished research on behavioral intention measurement (Fish-
bein and Ajzen 1975). The key theoretical distinction be-
tween Retentive Relevance and other constructs lies in its
temporal orientation and behavioral specificity. For exam-
ple, Interest Matching (see Table 1) captures cognitive align-
ment between content and user preferences, while Worth-
Your-Time assesses retrospective value. In contrast, Reten-
tive Relevance explicitly probes the likelihood of future be-
havior, aligning more closely with the retention outcomes
we aim to predict.

Survey Instrument Development

Following  best  practices in survey develop-
ment (Tourangeau, Rips, and Rasinski 2000; Willis
2005; Groves et al. 2009), we employed a theory-driven,
backwards-design approach. The survey item was for-
mulated as: "How likely or unlikely are you to return to
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[platform] to view more posts like this?” where [platform]
refers to the large-scale social media app where the survey
was conducted. Responses were collected on a balanced
5-point Likert scale ranging from Very unlikely (1) to Very
likely (5), with a neutral midpoint. The question wording
was carefully crafted to specify the behavioral target
(return to [platform]”), clarify content specificity (“posts
like this”), and capture likelihood rather than certainty,
acknowledging the inherent uncertainty in predicting future
behavior.

Construct Validation Protocol

To establish content validity (Brown 2015) and ensure com-
prehension across diverse user populations, we conducted
cognitive testing following standardized protocols (Willis
2005; Tourangeau, Rips, and Rasinski 2000). Literature
suggests that 5—12 participants are sufficient to identify
most comprehension issues (Willis 2005). We recruited
N 8 participants from the United States, stratified
by gender (50% female), age (18-24: 25%, 25-40: 50%,
41-65: 25%), and platform usage (active vs. infrequent
users: 50%/50%). Each think-aloud session lasted approxi-
mately 30 minutes. Using standardized cognitive interview-
ing methods (Tourangeau, Rips, and Rasinski 2000), we
systematically assessed four cognitive processes underlying
survey response. We evaluated 1) Comprehension by ask-
ing participants “What does this question mean to you?” to
assess understanding of the forward-looking, behavioral na-
ture of the question. 2) Retrieval processes were examined
through “What specific content were you thinking about?”
to evaluate whether participants referenced the intended rec-
ommendation. 3) Judgment formation was assessed by ask-
ing “How did you decide on your rating?” to examine the
decision-making process and influencing factors. Finally, 4)
Response mapping was evaluated through “Was it easy to
select from the provided options?” to assess the appropriate-
ness of the scale and response burden. Results indicated con-
sistent understanding of the Retentive Relevance construct,
with an average inter-rater agreement of 87.5% on key com-
prehension items. Participants reliably distinguished Re-
tentive Relevance from alternative measures (e.g., Interest



Matching and Worth Your Time) with 87.5% accuracy, as
measured by the proportion who consistently identified the
intended construct in comparison scenarios. Importantly,
participants demonstrated clear conceptual differentiation
between immediate content evaluation (“Was this good?”)
and future behavioral intention (“Will I come back for more
like this?””), supporting the theoretical basis of our construct.

Survey Implementation

Surveys were implemented as a contextual overlay, appear-
ing immediately after a video recommendation to mini-
mize recall bias and maximize ecological validity. This tim-
ing ensures that users evaluate content while their experi-
ence and emotional response are still salient, reducing the
cognitive burden and potential bias of retrospective evalu-
ation (Tourangeau, Rips, and Rasinski 2000). The survey
interface displayed a playable video thumbnail above the
question (see example in Figure 1), allowing users to ref-
erence the content while responding. To mitigate response
bias (Groves et al. 2009), we incorporated several design
features including randomized response order to counteract
order effects, balanced scale anchors to prevent directional
bias, and a neutral midpoint to accommodate genuine am-
bivalence. Survey triggers were programmed to appear ran-
domly across all video recommendations by feed position
and regardless of user interaction (e.g. watched, engaged
or skipped), ensuring unbiased sampling across the con-
tent valuation spectrum and preventing systematic exclusion
of skipped content. Survey questions and response options
were translated into users’ local languages following estab-
lished internationalization practices, with back-translation
validation to ensure construct equivalence. The implemen-
tation was designed to ensure that data collection did not
significantly disrupt the experience and always provided the
option to skip the survey.

Data Collection

We collected survey responses N 63,708 for Reten-
tive Relevance, N = 58,872 for Interest Matching, and
N = 76,263 for Worth Your Time under equivalent con-
ditions and statistical treatment between December 2024
and January 2025 across 18 countries using stratified sam-
pling by user engagement levels (active vs. less active users).
For each survey response, we collected multi-level features
at the user level (e.g. historical engagement, same-day en-
gagement, next day engagement and demographics), content
level (e.g. content topic, content age, overall content level
engagements and popularity) and user-content level interac-
tions (e.g. likes, comments, shares, watch time, skip, etc.).

Bias Correction

To address nonresponse bias, we implemented covariate
balancing propensity scores following established prac-
tices (Schnabel et al. 2016; Joachims, Swaminathan, and
Schnabel 2017). Our propensity score model incorporated
user demographics (age cohorts, geographic regions, plat-
form tenure), behavioral patterns (engagement and con-
sumption levels), and platform features (tenure on platform).
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How likely or unlikely are you to
return to [Platform] to watch more
videos like this?

Text

Very unlikely

Unlikely

Neither likely or unlikely
Likely

Very likely

Figure 1: Schematic representation of the Retentive Rele-
vance survey implementation. The interface maintains vi-
sual reference to the content being evaluated while captur-
ing forward-looking behavioral intentions. ’Platform” was
replaced with the name of the social media app where the
survey was deployed.

The Covariate Balancing Propensity Score (CBPS) opti-
mization balances covariate distributions while estimating
propensity scores:

E[r(X;)(1-m(X;))Xi] =

3=

Z(Zi—W(Xi))Xi =0

where 7(X;) represents the propensity to respond
to surveys and Z; indicates survey completion. Post-
weighting evaluation achieved standardized mean differ-
ences |[SMD| < 0.1 across all covariates (Austin 2009),
with trimming applied for extreme propensity scores follow-
ing established practices (Crump et al. 2009).

Retentive Relevance vs. Alternative Surveys
and Engagement Signals

To ensure that Retentive Relevance both captures the value
of recommendations and remains distinct from other survey
and engagement measures, we rigorously validated its psy-
chometric properties —specifically, its convergent and dis-
criminant validity— using established principles.

Convergent Validity and Relationships with Other
Survey Measures

Convergent validity assesses whether measures that are the-
oretically related exhibit strong positive correlations, while
still maintaining distinct conceptual boundaries (Campbell
and Fiske 1959; Nunnally and Bernstein 1994). Follow-
ing established validation protocols (Cohen 1988; Nunnally
and Bernstein 1994), we evaluated convergent validity by



analyzing correlations between user-level survey responses
within similar content types. To enable meaningful cross-
sample comparisons, we first computed each user’s mean
response for a given measure within a content category, and
then correlated those user-level category means across mea-
sures. The resulting correlations revealed significant posi-
tive associations among all measures, providing evidence for
convergent validity. Notably, Retentive Relevance showed
substantial correlations with Worth Your Time (r = 0.63,
p < 0.001, 95% CI [0.61,0.65]) and Interest Matching
(r = 0.58, p < 0.001, 95% CI [0.56, 0.60]). These values
fall within the optimal range for convergent validity (Co-
hen 1988), indicating meaningful conceptual overlap while
remaining sufficiently below the threshold (» < 0.85) that
would suggest redundancy (Kline 2015).

Discriminant Validity: What Makes Retentive
Relevance Distinct

Discriminant validity requires that measures of theoretically
distinct constructs display different response patterns across
varied contexts (Campbell and Fiske 1959). We assessed this
by examining how our survey measures differentiated be-
tween types of recommendation value across content cate-
gories. Our analysis revealed clear contextual differences in
the relationships between measures. For content with imme-
diate utilitarian or emotional value (e.g., motivation, learn-
ing, DIY), Retentive Relevance correlated more strongly
with Worth Your Time (mean r = 0.69) than with Inter-
est Matching (mean » = 0.55). In contrast, for interest-
driven content (e.g., celebrities, technology, fashion), Re-
tentive Relevance was more closely aligned with Interest
Matching (mean » = 0.65) than with Worth Your Time
(mean 7 = 0.51). This pattern suggests that Retentive
Relevance adapts to different content contexts, capturing a
broader spectrum of recommendation value. We further val-
idated these differences using Fisher’s z-transformation to
compare correlation coefficients across content types. All
observed differences were statistically significant (z > 2.58,
p < 0.01), confirming that the measures respond systemati-
cally differently to distinct content topics.

Orthogonality to Existing Engagement Signals

To establish Retentive Relevance as a valuable and action-
able signal for recommendation systems, it is crucial to
demonstrate that it provides incremental information be-
yond what is captured by traditional engagement signals.
We quantified the dependence between Retentive Relevance
and standard engagement signals using mutual informa-
tion, which measures how much knowing one variable re-
duces uncertainty about the other. As shown in Figure 2,
the heatmap of mutual information coefficients reveals that
Retentive Relevance consistently exhibits low mutual infor-
mation with all traditional engagement signals (M < 0.15
for all signals), indicating substantial independence from be-
havioral indicators. This finding suggests that user-stated in-
tentions, as measured by Retentive Relevance, provide dis-
tinct and complementary information that is not fully cap-
tured by observed engagement alone, while also reflecting
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Figure 2: Heatmap of Mutual Information Matrix shows that
Retentive Relevance captures information about recommen-
dation that is distinct from engagement signals.

the fact that survey and behavioral measures arise from dif-
ferent measurement modalities.

Predictive Performance of Survey-Based
Signals in Retention Models

Having established that Retentive Relevance is a valid mea-
sure of personalized recommendation quality-demonstrating
convergent validity while remaining distinct from other sur-
vey and engagement measures—we now evaluate its pre-
dictive power for next-day retention behavior. This analysis
is designed to establish the behavioral validity of Retentive
Relevance by comparing its predictive performance against
alternative survey measures.

Modeling Approach

We formulate next-day retention prediction as a binary clas-
sification problem to assess the incremental value of survey
responses. For each user ¢, the retention outcome y; € {0, 1}
indicates whether the user returns the following day, where
y; = 1 represents retention defined as video recommenda-
tion views exceeding the Sth percentile threshold of active
user distributions. This operationalization distinguishes gen-
uine retention behavior from accidental or minimal platform
engagement.

We construct feature vectors x; € R that capture mul-
tiple dimensions of user behavior and context. The fea-
ture vector is composed of five distinct components: x; =
[h;,r;,u;,c;,d;], where h; represents historical engage-
ment features aggregated over 28 days, r; captures real-
time signals including same-day activity patterns, u; encom-
passes user-content interactions through both explicit and
implicit feedback, c; includes content metadata such as topic
classification and creator characteristics, and d; provides de-
mographic and usage controls including age cohort and plat-
form tenure.



Overall Sample

Low-Signal Users

Model Accuracy (%) ROC AUC Accuracy (%) ROC AUC
Baseline (No Survey) 78.0+0.3 0.830 4+ 0.005 73.0+13 0.630 + 0.013
+ Retentive Relevance 83.0 £ 0.3***  (.860 + (0.005%** 76.0 £ 1.5%%*  0.700 £ 0.025%%*
+ Worth Your Time 780+ 04 0.828 + 0.006 732+ 14 0.632 4+ 0.015
+ Interest Matching 782 +0.3 0.838 4+ 0.005 73.1+13 0.635 +0.014

Table 2: Predictive performance for next-day retention models shows that Retentive Relevance yields substantial and statistically
significant gains in both accuracy and ROC AUC, while models with alternative survey measures do not show any statistically
significant improvements. Results show mean + 95% CI from stratified 10-fold cross-validation. ***p < 0.001 compared to
baseline via paired t-test. Bold indicates best performance for each metric.

We employ XGBoost gradient boosting classifiers opti-
mized for log-loss, leveraging their robust performance with
heterogeneous features and built-in regularization capabili-
ties. The model prediction is formulated as:

K
ji=o (Z fk<xi>>
k=1

where fj represents the k-th tree in the ensemble, K de-
notes the total number of trees, and o(-) is the sigmoid
function mapping ensemble outputs to probability space.
To assess the incremental value of each survey measure
s € {RR,WYT,IM} (Retentive Relevance, Worth Your
Time, Interest Matching), we construct paired model com-
parisons:

@)

P(y; = 1]x4, ;) “

where s; represents the survey response for user ¢. This
paired design enables direct quantification of survey signal
contributions while controlling for all other predictive fac-
tors.

We employ 10-fold cross-validation to maintain out-
come class proportions across folds. For each fold j €
{1,...,10}, we compute performance metrics M includ-
ing accuracy and ROC AUC for both baseline and aug-
mented models. The incremental predictive value is quan-
tified as the mean performance difference across folds:

Mipaseline :
Maugmented :

110

augmented
AM =53 (e
Jj=1
Statistical significance is assessed using paired t-tests
across folds, with effect sizes calculated using Cohen’s d.
Bootstrap confidence intervals with 1000 iterations provide

robust uncertainty estimates for performance improvements.

_ M?aseline) (5)

Predictive Performance Results

Table 2 presents the cross-validated performance results for
next-day retention prediction with and without the survey
measures. The results demonstrate that Retentive Relevance
provides substantial and statistically significant improve-
ments in both accuracy and ROC AUC. For the overall sam-
ple, incorporating Retentive Relevance into the prediction
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model increased accuracy by 5.0 percentage points (from
78.0% to 83.0%) and ROC AUC by 0.030 points (from
0.830 to 0.860), with significant effect sizes (Cohen’s d =
2.1, p < 0.001).

The predictive gains were more pronounced for low-
signal users, i.e. those with limited historical engagement
data. For this user segment, Retentive Relevance increased
accuracy by 3.0 percentage points and ROC AUC by 0.070
points (Cohen’s d = 3.2, p < 0.001). The magnitude of these
gains is particularly meaningful in large-scale recommenda-
tion systems, where even modest percentage increases can
translate to additional retained users, especially consider-
ing these effects result from a single recommendation in-
teraction. In contrast, neither Worth Your Time nor Interest
Matching surveys provided significant predictive value for
next-day retention, underscoring that Retentive Relevance
captures unique behavioral intentions specifically relevant to
retention decisions, rather than general content satisfaction
or interest alignment captured by existing survey measures.

Feature Importance and Model Interpretation

We conducted feature importance analysis using SHAP
(SHapley Additive exPlanations) values (Lundberg and
Lee 2017), quantifying each feature’s marginal contribu-
tion to individual predictions, expressed as percentage point
changes in predicted retention probability(See Figure 3).
For the general population, ”Unlikely” Retentive Rele-
vance responses emerge as the second most important nega-
tive predictor (-2.1 pp), ranking immediately after same-day
engagement controls. This substantial negative impact val-
idates the behavioral connection between stated intent and
actual retention outcomes, demonstrating that users who ex-
press low likelihood of returning indeed exhibit lower like-
lihood of returning for video views the next day. The effect
becomes dramatically amplified for low-signal users, where
”Very Likely” Retentive Relevance responses constitute the
strongest positive predictor after controlling for same-day
activity (+8.3 pp). This effect size substantially exceeds
any traditional engagement factor, including likes, shares
and comments. The magnitude of this impact underscores
the particular value of direct intent measurement for users
where behavioral signals are limited or unreliable. Across
both user populations, Retentive Relevance responses con-
sistently demonstrate superior predictive importance com-
pared to traditional engagement measures. This disparity in-



Feature Importance for Retention Model via SHAP Values
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Figure 3: Feature importance analysis via SHAP values shows that Retentive Relevance significantly improves retention pre-
diction—especially for low-signal users and with survey signals proving more predictive than engagement signals.

dicates that direct user intent signals provide substantially
more predictive information than preferences inferred from
behavioral observation alone.

These results establish that Retentive Relevance provides
both statistically significant and practically meaningful im-
provements in retention prediction, with effect sizes that jus-
tify the implementation costs of survey-based feedback col-
lection in production recommendation systems. The supe-
rior performance compared to established survey measures
demonstrates that Retentive Relevance captures unique as-
pects of user experience specifically relevant to retention
behavior, establishing its criterion validity as a forward-
looking measure of user intent.

Production Integration and Online Evaluation

Having established the predictive validity of Retentive Rel-
evance through comprehensive offline analysis, we now de-
scribe the end-to-end process of operationalizing survey sig-
nals within large-scale production recommendation systems.
Our framework consists of three key phases: (1) develop-
ment of production-ready proxy models that translate survey
insights into real-time predictions, (2) integration of these
predictions into existing ranking infrastructure through cal-
ibrated score adjustments, and (3) validation through large-
scale online experimentation.

Survey Signal Proxy Model

We formulate survey signal prediction as a binary classifi-
cation problem to estimate user retention intent for unseen
user-item pairs. Let ¢/ and V denote the sets of users and
items, respectively. For any user-item pair (u,v) € U X V,
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we aim to predict the probability that user v would express
positive retention intent for item v. Given the 5-point Lik-
ert scale survey responses, we adopt a binary classification
framework where positive intent corresponds to “Likely”
or ”Very Likely” responses (ratings 4-5), and negative in-
tent corresponds to Unlikely” or ”Very Unlikely” responses
(ratings 1-2). Neutral responses (rating 3) are excluded from
training, as their inclusion decreased discriminative perfor-
mance by 2.3% AUC. The proxy model is formulated as a lo-
gistic regression classifier optimized for production deploy-
ment:

P(RRy,» = 1xy) = O'(WTX%U +b) 6)

where o(-) is the sigmoid function, w represents learned
weights, b is the bias term, and x,,, € R? is the feature
vector for user-item pair (u,v). The feature vector incorpo-
rates multiple signal categories following established prac-
tices (Covington, Adams, and Sargin 2016; Cheng et al.
2016):

Xu,v = [pu,va €y, Cy), iu,v; nu,v] @)

where p, ., represents behavioral prediction scores in-
cluding learned probabilities for engagement actions, e,
captures temporal engagement rate features, c, includes
content metadata, i, , represents user-content interaction
patterns, and n,, , encompasses negative feedback indica-
tors. The model is trained to minimize regularized logistic
loss:



| X
L(w,b) = NZ[:‘/ilngi

i=1
+(1— yi) log(1 - 1)

where N is the number of training samples, y; € {0, 1} is
the binary survey label, p; = P(RRy, »;, = 1|Xy; »,), and A
is the L2 regularization parameter.

@®)
+ w3

Ranking Integration Architecture

Survey signal predictions are integrated into the final rank-
ing stage of our multi-stage recommendation system on a
large social media platform serving video recommendations.
Let scorep,se (u, v) denote the baseline ranking score for user
u and item v. The survey-augmented ranking score is com-
puted as:

SCOre€final (U, V) = SCOrepyse (U, v)+boost(u, v)+demote(u, v)

9
where boost and demotion factors are defined as:
boost(u,v) = a - I[Py.4 > Thoost] (10)
dem0t6<u7 U) =—0- H[ﬁu,v < 7—demote] : (Tdemole - ﬁutv)
(11)

Here, p,,, is the predicted retention intent probability,
a > 0and B € (0,1) are tunable parameters, and Thoos
and Tgemote are precision-calibrated thresholds with Tgemote <
Thoost -

Threshold calibration follows a data-driven approach op-
timizing for precision and coverage. The boost threshold
Thoost achieves 80% positive precision at p,, , > 0.76, ensur-
ing only high-confidence positive predictions receive rank-
ing boosts. The demotion threshold 7gemote targets 60% neg-
ative precision at p, , < 0.38, balancing sensitivity and
specificity. Items with predicted probabilities in the neutral
ZONe [Tdemote, Thoost] TECEIVE NO treatment, maintaining rank-
ing stability for uncertain predictions.

Online Experimental Results

We conducted large-scale online A/B experiments on a ma-
jor social media platform with personalized video recom-
mendations. The experimental design follows established
best practices for recommendation system evaluation, incor-
porating comprehensive statistical rigor and multiple valida-
tion approaches.

We evaluated system performance across three primary
metric categories: (1) User retention measured by sessions
per user, (2) Engagement activity measured by metrics such
as communication activity, like rates, and skip rates; (3)
Content quality and integrity, measured through prevalence
of reported content, negative feedback indicators, and es-
tablished metrics based on quality and integrity classifiers.
All metrics were tracked continuously throughout the ex-
periment window, with statistical significance assessed us-
ing two-sample t-tests and effect sizes calculated using Co-
hen’s d. Bootstrap confidence intervals provided robust un-
certainty estimates for observed differences.
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Table 3 summarizes the statistically significant changes
observed across key platform metrics during the 14-day ex-
perimental period. The results demonstrate consistent im-
provements across user engagement, retention, and content
quality metrics.

Category Metric Change (% A *
95% CI)
Retention Sessions per User  +0.030 + 0.026
Communication +0.052 £ 0.039
Engagement Activity
Like Rate +0.169 £ 0.100
Skip Rate —0.188 +0.085
Reported Content  -1.36 +0.11
Negative  Feed- —1.527 +0.095
Content Quality back
”Not Interested” -2.6+1.3
Feedback
Reports to Likes —0.825+0.075
Ratio

Table 3: Results from online A/B testing show that integrat-
ing Retentive Relevance into ranking leads to significant
improvements in retention, engagement, and content qual-
ity metrics.All changes reported as percentage point differ-
ences with 95% confidence intervals. Negative values indi-
cate reductions; positive values indicate increases. All re-
ported changes are statistically significant at p < 0.05.

The treatment group showed enhanced user interaction
patterns, with communication activity increasing by 0.052
percentage points (+0.039), like rates by 0.169 percentage
points (£0.100), and skip rates decreasing by 0.188 percent-
age points (£0.085). Note that users often show their lack
of interest in content via skip. Most critically, sessions per
user increased by 0.030 percentage points (+0.026), reflect-
ing improved retention.

Additionally, Retentive Relevance integration yielded im-
provements in content quality metrics. Prevalence of re-
ported content decreased by 1.36 percentage points (+0.11),
negative feedback declined by 1.527 percentage points
(x0.095), and "not interested” signals dropped by 2.6 per-
centage points (+1.3). These reductions demonstrate the sys-
tem’s enhanced ability to identify and demote low qual-
ity content while improving user experience. The results
demonstrate that optimizing for Retentive Relevance creates
natural alignment between improved user experience, plat-
form growth as well as improved content quality.

Discussion and Implications

Building on our results, we now explore the broader impli-
cations, limitations, and future directions of Retentive Rele-
vance for recommendation systems and Al applications.

User-Centered Paradigm: Shifting the Foundation

Our work establishes a user-centered paradigm for recom-
mender systems by empirically validating the connection



between content-level user perceptions and retention out-
comes, aligning with the growing emphasis on intent-based
Al systems. We show that survey responses capturing users’
future intent are stronger predictors of actual behavior than
traditional survey or engagement signals. The Theory of
Planned Behavior (Ajzen 1991) informs this item design and
interpretation by motivating the focus on behavioral inten-
tion, though our analyses should be understood as predic-
tive validation rather than a full test of that theory. This the-
oretical framing distinguishes our approach from content-
based and collaborative filtering methods that rely heavily
on past interactions (Xu et al. 2025). The unique, orthogonal
predictive power of Retentive Relevance—distinct from ex-
isting engagement metrics—demonstrates that intent-based
feedback reveals different aspects of user preferences, ad-
dressing the limitation that users who interact with content
do not always want more of the same (Hasan et al. 2024;
Sharma and Cosley 2013b). This insight empowers plat-
forms to move beyond optimizing for short-term engage-
ment and to incorporate a forward-looking signal that is in-
formative for near-term user retention.

Practical Impact and Industry Applications

We present an end-to-end framework, from survey de-
sign to production deployment, validated through large-
scale online A/B testing. This production-ready approach
is broadly applicable to other Al systems beyond recom-
mendations, wherever user feedback and intent can help
optimize or calibrate complex models. We show that op-
timizing for user intent drives simultaneous improvements
in platform retention, engagement, and content quality met-
rics. These results demonstrate that user-centered optimiza-
tion can resolve longstanding trade-offs between growth
and responsibility—a critical consideration as organizations
scale Al across multiple departments and business pro-
cesses (IBM 2024). The measured improvements in con-
tent integrity metrics provide empirical evidence that intent-
based optimization creates natural alignment between user
experience and platform growth and quality.

Implications for Responsible AI Systems

Incorporating user feedback directly into Al systems has
significant implications for responsible Al development. In
our approach users directly express their intent, making al-
gorithmic decisions more interpretable compared to sys-
tems that infer preferences from opaque behavioral signals.
By enabling users to express their intent and preferences,
recommendation algorithms become more transparent, ac-
countable, and aligned with individual values. Ultimately,
user-centered feedback mechanisms represent a step toward
building Al systems that are not only effective but also better
aligned with users’ stated interests and values.

Limitations and Future Directions

While Retentive Relevance demonstrates strong effective-
ness, several limitations present opportunities for future re-
search. First, the empirical horizon in this paper is limited
to next-day retention modeling and a 14-day online experi-
ment. Accordingly, our results support Retentive Relevance

213

as a useful forward-looking signal for short-horizon return
behavior, but they do not by themselves establish longer-run
user value effects. Currently, our approach also captures the
value of a single recommendation interaction, missing the
broader context of user sessions and sequence of recommen-
dations. Future work could explore session-level and expe-
rience survey designs that can be used directly as optimiza-
tion objectives rather than as additive signals, potentially in-
corporating advances in sequential modeling and multi-task
learning (Raza et al. 2024). Longitudinal tracking can fur-
ther illuminate the evolution of user intent over time, ad-
dressing how preferences shift across different contexts and
temporal patterns. Additionally, expanding the framework to
cross-modal recommendations and other Al systems could
broaden its applicability.

Conclusion

In this paper, we introduce Retentive Relevance, a survey-
based measure that advances the evaluation of the rec-
ommendation system from retrospective satisfaction to
forward-looking user intent. By directly capturing the like-
lihood of users returning, we show that Retentive Relevance
outperforms both traditional engagement signals and alter-
native survey measures to predict the next-day return to the
platform. Integrating Retentive Relevance into ranking and
validating it through a 14-day online A/B test, we show that
it provides valuable additional signal on user preferences
and improves retention, engagement, and content quality in
the short horizon we study. Retentive Relevance offers a
scalable, model-agnostic approach that bridges user percep-
tion research and production for more user-centered Al per-
sonalization.
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centered survey signal for recommender evaluation us-
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Survey Implementation, Bias Correction, and Discus-
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Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes, the abstract/introduction claim an intent-to-return
survey signal and we validate it via psychometrics, of-
fline retention prediction, and online A/B tests.

Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes, and we
describe an end-to-end approach (survey design + val-
idation, bias correction, offline modeling, and produc-
tion integration) matched to the claims (see Methods
sections throughout).

Do you clarify what are possible artifacts in the data
used, given population-specific distributions? Yes, we
discuss population and context artifacts via multi-
country sampling, low-signal vs overall analyses, and
nonresponse-bias correction with propensity weight-
ing (see Data Collection and Bias Correction).

Did you describe the limitations of your work? Yes, we
describe limitations and future directions (e.g., single-
interaction focus, need for session-level/longitudinal
extensions) in Discussion and Limitations/Future Di-
rections.

Did you discuss any potential negative societal im-
pacts of your work? Yes, we discuss risks such as
optimizing for retention at the expense of well-being,
survey burden, and potential representation issues; we
also report content-quality impacts in online tests (see
Discussion and Online Experimental Results).

Did you discuss any potential misuse of your work?
We discuss potential biases with self selection bias po-
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our approach to mitigate bias
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tion, responsible release, access control, and the re-
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internationalization/back-translation, bias correction,
interpretable calibration thresholds, and limiting re-
porting to aggregate results; data/code access is con-
trolled (see Survey Implementation, Bias Correction,
and Ranking Integration Architecture).

Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes, and we
have reviewed the ICWSM ethics guidelines and de-
signed the study to minimize user risk, protect privacy,
and avoid disclosure of sensitive platform details.
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e.g., Theory of Planned Behavior, but not as compet-
ing hypothesis tests).
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nations that might account for the same outcomes ob-
served in your study? NA (we focus on empirical val-
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cating alternative causal mechanisms).

Did you address potential biases or limitations in your
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sults).

3. Additionally, if you are including theoretical proofs...

(a)
(b)
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hyperparameters, how they were chosen)? No, because
some training specifics (e.g., complete feature defi-
nitions and internal hyperparameter choices) are not
fully disclosed; we do specify the model families, la-
bel definitions, and validation approach (see Modeling
Approach).
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dom seed after running experiments multiple times)?
Yes, and we report uncertainty via 95% confidence in-
tervals and cross-validation summaries (e.g., Table 2;
Table 3).

Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? No, because total compute
and resource details (e.g., internal clusters) are not re-
ported in the manuscript.
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Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? Yes, and
the evaluation triangulates psychometric validation,
offline predictive performance (overall and low-signal
users), and online A/B testing, matching the claims
(see Sections on Validation, Retention Modeling, and
Online Experimental Results).

Do you discuss what is “the cost* of misclassification
and fault (in)tolerance? Yes, and we operationalize
fault tolerance via precision-calibrated thresholds for
boosting/demotion (e.g., targeting 80% positive preci-
sion for boosts and 60% negative precision for demo-
tions), which encodes the cost of false positives/neg-
atives in ranking (see Ranking Integration Architec-
ture).

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a)

(b)

(©)

(@

(e)

®

(2)

If your work uses existing assets, did you cite the cre-
ators? Yes, and we cite relevant prior work throughout
Related Work and Methods (e.g., recommender eval-
uation, survey methodology, SHAP, and learning-to-
rank literature).

Did you mention the license of the assets? NA (we
do not release or rely on externally licensed dataset-
s/code; the data and implementation are internal/pro-
prietary).

Did you include any new assets in the supplemental
material or as a URL? No, because we do not include
new datasets or code artifacts due to proprietary con-
straints; we do include the survey questions/options
and a schematic of the UI in the paper (Table 1 and
Figure 1).

Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes, and survey participation was optional (users could
skip), and the study follows the platform’s standard
consent and privacy processes for product research
(see Survey Implementation and Data Collection).

Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? Yes, and we avoid sharing person-
ally identifiable information and report only aggregate
analyses; the platform contains user-generated con-
tent, so content-quality and safety considerations are
evaluated via reported-content and negative-feedback
metrics in online tests (see Online Experimental Re-
sults).

If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see ?)? NA (we are not curating or releasing a new
dataset).

If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see ?)? NA (we are
not curating or releasing a new dataset).

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
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anonymity...

(a)

(b)

(c)

()

Did you include the full text of instructions given to
participants and screenshots? Yes, and we include the
exact survey items and response options (Table 1), and
provide an interface schematic (Figure 1) and cogni-
tive testing protocol description (Construct Validation
Protocol).

Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? Yes, the study is designed to be minimal risk
and privacy-preserving.

Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation?

answerNoNo, the survey data was collected as in-
product intercepts, were optional and were not com-
pensated.

Did you discuss how data is stored, shared, and dei-
dentified? No, the operational details on storage/shar-
ing/deidentification is propriety and these processes
are governed by company internal access controls and
privacy standards.



