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Abstract

Recommender systems in two-sided matching platforms are commonly optimized for immediate engagement signals such as click-
through rate, reply rate, or the total number of successful matches. However, in real-world marketplaces, maximizing matches alone
may be misaligned with business goals such as user churn rate and platform revenue, especially when users with fewer matches are at
substantially higher risk of churn. In this paper, we study a real job matching platform and show that users with very few recent matches
are indeed much more likely to leave the platform, while additional matches for already successful users provide limited marginal value
for retention. Motivated by this empirical finding, we formulate a retention-aware recommendation problem and implement a simple
post-processing method that adjusts the baseline match-focused ranking to prevent user churn. Specifically, the implemented method
gives a score boost to churn-risk users with the goal of increasing their likelihood of obtaining matches and improving retention. We
evaluate this practical approach in an online experiment on a real job-matching platform. The treatment group showed directionally
lower user churn than the control group, although the estimated effect was not statistically significant at conventional levels, while
company-side churn showed no evidence of deterioration. To our knowledge, this is among the first online experimental studies to

investigate retention-focused recommendation in a real reciprocal job-matching platform.
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1. Introduction

Recommender systems in two-sided matching platforms
are often optimized for immediate engagement signals such
as click-through rate, reply rate, or the total number of
successful matches [1, 2, 3]. This design is reasonable be-
cause these objectives are directly measurable and closely
related to short-term platform activity. However, in real-
world matching markets, optimizing only the total number
of matches may not align with the platform’s business ob-
jectives. This is because additional matches generated for
users who have already achieved sufficient matching suc-
cess often contribute little to retention, whereas users with
few matches remain at high risk of churn and may benefit
much more from additional matches [4, 5, 6].

This paper is motivated by a case study of a job matching
service, Wantedly Visit!, where a recruiter views recom-
mended candidates in the context of a specific job opening
and may send scouting messages to selected candidates
(Figure 1 illustrates the platform’s recommendation prob-
lem). A prior recommendation policy implemented on the
platform ranked users for each company in descending or-
der of predicted match probability estimated by a machine
learning model. While this strategy was effective in max-
imizing the total number of matches, it also concentrated
exposure on users who were already likely to match, leaving
a substantial number of users with fewer matches under-
served, a phenomenon that is broadly consistent with prior
observations in marketplace recommendation and recipro-
cal recommendation [2, 7, 6]. As shown in Figure 2, our
analysis indeed revealed that users with very few recent
matches were substantially more likely to churn, whereas
providing additional matches to users who have already
obtained sufficient matches had only limited marginal value
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for retention. This empirical observation suggests that the
recommendation problem should not be framed solely as
maximizing aggregate matches. Instead, the platform should
explicitly account for retention risk and prioritize users in a
high-risk churn region. In other words, the key objective
is not simply to create one more match anywhere in the
platform, but to allocate opportunities so as to reduce the
number of users whose match count remains below a critical
churn-risk threshold.

Based on this insight, we implement a simple retention-
focused post-processing strategy on top of the baseline
match-probability ranking. Specifically, for relevant users
judged to be at risk of churn, the method gives a score
boost, thereby allocating them greater exposure than they
would otherwise receive under the baseline ranking. For
other users, the baseline ranking is left unchanged. This
lightweight intervention aims to improve user retention
without sacrificing other key business metrics.

We conducted a large-scale online experiment on Want-
edly Visit, a real job-matching platform. The treatment
group exhibited directionally lower user churn than the
match-maximizing baseline, although the estimated differ-
ence was statistically inconclusive at conventional levels,
while we found no evidence of deterioration in company-
side churn. To the best of our knowledge, this study pro-
vides one of the first online experimental investigations
of retention-focused recommendation in a real reciprocal
job-matching platform.

2. Related Work

Our work is related to several lines of research in recom-
mender systems and marketplace design. First, our study
is related to the literature on recommender systems for
matching markets and reciprocal recommendation. In such
environments, a successful interaction depends on the pref-
erences and behaviors of both sides, and naive one-sided rel-
evance optimization can produce inefficient or unbalanced
outcomes. Prior work has shown that explicitly modeling
both sides is essential for improving matching quality and
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Figure 1: An example of the reciprocal recommendation setting
considered in this study. The platform recommends a list of users
for companies (or their recruiters), and companies then decide
whether to send scouts to some of the users. Users who receive a
scout then decide whether to respond. Users who receive a scout
may in turn respond to it. Matches are recorded according to
the platform’s operational definition. We omit platform-specific
details of the reply interface and match definition, as they are
not essential to the setting studied here.

1.0 4

I o o
IS o 3
L L L

Relative churn rate
match count 0 = 1.0)

(
o

T 23 15 57 8 sty
Match count
Figure 2: Relationship between users’ recent match counts and
churn risk. Users with very few matches are much more likely
to churn, whereas the marginal retention gain from additional
matches is limited for users who have already obtained several
matches.

marketplace health [2, 1, 3].

Second, our work is connected to long-term and retention-
aware recommendation. While many industrial recom-
mender systems optimize short-term engagement, prior
studies have emphasized the importance of delayed out-
comes such as satisfaction, continued participation, and
long-term user value [4, 5, 8, 7, 6, 9]. Our approach belongs
to this family of methods but differs in two respects. First,
it emphasizes a simple operational intervention that prior-
itizes users whose recent match volume places them in a
high-risk churn region, and second, it evaluates this inter-
vention through an online experiment on a real two-sided
matching platform.

Finally, our method is also related to exposure allocation
and fairness in recommendation [10, 11, 12, 13, 14, 15, 16].
Methods such as FairRec [17] and FEIR [18] explicitly coun-
teract concentration induced by relevance-only ranking by
considering the distribution of exposure, utility, or competi-
tive disadvantage across both sides of a marketplace. Our
objective differs from these fairness-oriented approaches,
i.e., rather than optimizing an exposure-parity constraint
or another formal fairness criterion, we allocate a limited
amount of additional exposure according to an empirically
defined retention-risk signal.

3. Problem Formulation

We consider a two-sided job matching platform with a set of
users % and a set of companies &. For each user u € % and
company ¢ € %, the system estimates a match probability

Pmatch(,€) = Pscout(t,€) - Preply(ua o) €[0,1].

Here, pgcout(t,c) denotes the probability that company ¢
sends a scout to user u after the user is recommended, and
Preply(, ¢) denotes the conditional probability that user u
replies to the scout from company c, given that a scout is
sent. Their product ppgen(u,c) therefore represents the
probability that recommending user u to company c leads
to a successful match as operationally defined above.

In the standard formulation, including our previous rec-
ommender, the system ranks users for each company in
descending order of paten(u, ¢) and optimizes the expected
total number of matches,

m,?'xz Z Pmatch (%, €), 1

ceBuen(c)

where 7(c) denotes the ordered list of recommended users
for company (or recruiter) c.

Although this objective is reasonable from the perspective
of short-term engagement, it does not capture user reten-
tion. Let m,(r) denote the number of matches obtained by
user u under 7 in a predefined observation window. The
empirical analysis for the target service, shown in Figure 2,
suggested that users with very small values of m,(r) were
substantially more likely to churn, whereas the marginal
retention gain from increasing m,,(rr) for already successful
users was limited. A similar trend was recently reported
using real-world data from an online dating platform by
Kishimoto et al. [6].> Thus, in a real matching platform,
there often exists a churn-risk threshold 7, defined as the
minimum recent match count above which churn risk de-
creases substantially, such that users with m,(r) < r are
considered to be at risk of churn.

This observation motivates a different optimization per-
spective compared to Eq. (1). Instead of treating every addi-
tional expected match equally, we seek to reduce the number
of users whose match volume remains below the critical
threshold 7. More specifically, let

churn_risk(u; 7) = I[m,(7) < 7]

be an indicator of whether user u is at risk of churn. Then,
the platform-level objective can be formulated as minimiz-
ing the number of churn-risk users as follows.

min Z churn_risk(u; ) (2)
=

The challenge is that the recommendation policy must strate-
gically prioritize users who are at risk of churn to optimize
this objective, even when they are not the users with the
highest immediate match probability for companies. We
examine this interesting trade-off between user-side churn
and company-side satisfaction in the experiment section
(Section 5).

*Depending on the platform implementation, c may represent either a
recruiter evaluating candidates or a particular job opening. Whether
cis defined at the recruiter or job-opening level does not affect our
formulation, main contributions, or conclusions.

3Unlike our work, Kishimoto et al. [6] did not evaluate their retention-
focused recommendation method through an online experiment on a
real-world matching platform.
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Figure 3: lllustration of the proposed retention-focused post-
processing strategy. Starting from the original recommendation
list produced by a baseline model, the method boosts the scores
of users identified as being at risk of churn, while leaving other
users unchanged. As a result, some churn-risk users move upward
in the recommendation list after post-processing, increasing their
chance of being exposed and obtaining a match.
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4. Implemented Retention-Focused
Strategy

This section describes our practical post-processing inter-
vention for retention-focused recommendations. Rather
than replacing the baseline recommender with an en-
tirely new optimization procedure, we implement retention-
focused recommendation as a lightweight post-processing
step on top of the existing match-probability ranking model.
This design choice keeps the method operationally simple
and allows smooth deployment on the production system.

Let s(u, ¢) denote the baseline recommendation score for
user u and company c, which is often derived from the pre-
dicted match probability. Our method modifies this score
only for users who are judged to be at risk of churn. Section 3
formulates retention risk in terms of the recent match count
my,. Since a match requires both a scout and a reply, the stage
that the ranking most directly affects is scout receipt: it de-
termines which candidates a recruiter sees. We therefore use
s, the number of scouts a user received in the recent win-
dow, as the operational risk signal in the production system.
A churn prediction model fit on historical log data with a
range of pre-treatment behavioral features identified low re-
cent scout receipt as a leading indicator of churn, and we ac-
cordingly treated users with fewer than three recent scouts
as the high-risk region, % = {u € % | s, < 3}. This
cutoff was chosen from that analysis rather than through
a formal breakpoint test, and the underlying relationship
is predictive rather than causal; it should be interpreted as
a platform-specific design choice rather than a universal
churn threshold.

For users in %5, we apply a score boost to give more
exposure to those users. More specifically, let score_cutoff
denote the minimum baseline score required to apply the
boost, and let n(u) denote the number of times user u has
appeared in top-ranked positions (up to a predefined ranking
cutoff) across rankings for all companies. Then, for each
(u, ¢)-pair, we update the score as

clip(s(u,¢) + By nw) _q, 1),

s(wc) = if u € Usx and s(u, ¢) > score_cutoff,

s(u, ), otherwise.

where f is the base boost factor, y is the diversity decay
factor, and clip(-, —1, 1) truncates the final score to the valid

range. The values of and y can be selected through offline
parameter tuning to optimize a predicted retention objective.
After the post-processing step, users are ranked in descend-
ing order of the modified score s’(u, c). Figure 3 illustrates
the intuition of the proposed post-processing intervention.

This post-processing rule has three important properties.
First, the boost is applied only to churn-risk users, reflecting
our retention-oriented objective. Second, churn-risk users
are not boosted indiscriminately; the boost is applied only
when the predicted match probability for a (u, ¢)-pair is at
least score_cutoff because boosting is of little value if the
pair is unlikely to match. Third, the boost decays with the
user’s overall exposure across companies, which prevents
the method from excessively concentrating the boost on
users who are already widely visible in the platform’s rank-
ings. Thus, the method increases exposure for users who
are at risk of churn but still have a reasonable likelihood of
obtaining matches, while avoiding severe congestion in the
recommendation space.

The main advantage of this approach is its practicality.
Because the implemented method only adds a small adjust-
ment to sufficiently promising users and leaves the rest
of the ranking unchanged, it does not require retraining
the underlying recommendation model or directly optimiz-
ing a complex retention objective. Instead, it introduces
an interpretable and readily deployable intervention that
strategically biases the ranking toward users with greater
retention need.

5. Online Experiment

We conducted a large-scale online experiment on a recom-
mender system implemented on Wantedly Visit to evaluate
whether retention-focused recommendation can reduce user
churn without sacrificing other key business indicators.

5.1. Experiment Design

The online experiment was conducted on the platform be-
tween November 10, 2025, and December 8, 2025. We ran-
domized at the recruiter level (with each company poten-
tially having multiple recruiters), resulting in approximately
3,000 recruiters per group. The analysis focused on users
who had been active* on at least one day during the 28-day
pre-period (2025/10/13-2025/11/09) and received at least one
impression from either a control or a treatment recruiter
during the test period. Under this definition, the population
consisted of approximately 20.9k user observations in the
control-exposed group and 20.4k in the treatment-exposed
group. Because randomization was performed at the re-
cruiter level while the primary outcome was measured at
the user level, a user could in principle be exposed to both
groups. We therefore report a primary analysis allowing
such overlap, as well as a robustness analysis restricted to
users who were exposed to only one experiment group; in
the latter sample, the analysis included approximately 6.6k
control-only users and 6.0k treatment-only users.®

The baseline policy followed the conventional match-
maximization strategy described in Eq. (1), whereas the

*A user is considered active on a given day if at least one login to the
platform is recorded on that day.

SNote that the reported user and recruiter counts should be interpreted
as approximate sample sizes for the AB-test analysis population, not
as platform-wide totals.



Table 1

Effects of the implemented post-processing method on user churn.
Bold values indicate estimates in the intended direction. None
of the estimates is statistically significant at conventional levels.

Sample / subgroup Effect (Odds Ratio)  p-value
Panel A: Main analysis

Overlap allowed 0.957 0.128
Mutually exclusive only 0.948 0.223
Panel B: By prior number of received scouts

0 scouts 0.956 0.200
1-2 scouts 0.948 0.359
3+ scouts 1.015 0.893
Panel C: By prior number of impressions

0 impressions 0.845 0.139
1-5 impressions 0.903 0.095
6-20 impressions 0.973 0.564
21+ impressions 1.013 0.817

treatment policy applied the post-processing method pre-
sented in Section 4, which gives a score boost for churn-risk
users while applying a smaller boost to users who already
appear frequently in recruiters’ rankings. Our primary out-
come was a binary churn flag, that is, among users who
were active at least once during the pre-period, a user was
considered to have churned if they did not become active at
least once during the test period.

To estimate the treatment effect on user churn, we fit a
user-level logistic regression with the treatment assignment
indicator and 14 pre-treatment covariates. All continuous
covariates were standardized before fitting the model. The
covariates covered user attributes and preference settings,
such as student status, scout acceptance preferences, and
willingness for career change or side jobs; recent behavioral
signals, such as the number of applications, matches, and
received scouts; exposure volume, such as the number of
ranking impressions; and activity-history variables, such
as the number of days since the last active date. Because
treatment was randomized, the coefficient on the treatment
indicator can be interpreted as the average treatment effect
up to the potential contamination induced by cross-group
exposure, while the covariates improve estimation precision.

In addition to the churn outcome, we examined company-
side guardrail metrics, including actual company churn
and a model-based company churn score, to verify that
improving user retention did not come at the expense of
company-side outcomes. To the best of our knowledge, this
is among the first online experiments that directly compare
a retention-focused recommendation policy with a match-
maximization policy in a real two-sided matching platform.

5.2. Results

This section reports and discusses the results of the online
experiment.

Panel A of Table 1 summarizes the regression results for
the user churn outcome. In both specifications, the esti-
mated effect of the implemented post-processing method is
in the desired direction: the odds ratio is below 1, indicat-
ing lower estimated odds of churn in the treatment group
than in the control group. In the primary specification al-
lowing overlap, the estimated odds ratio is 0.957, and in
the mutually exclusive robustness sample, the odds ratio is
0.948. Although neither estimate is statistically significant

at conventional levels, the point estimates are direction-
ally consistent across specifications. We therefore interpret
these results as directionally positive but statistically incon-
clusive evidence regarding the effect of the intervention on
user churn.®

We next conducted exploratory subgroup analyses to
examine whether the estimated effects were directionally
consistent with the intended target population (Panel B in
Table 1). When users are grouped by the number of scouts
received during the pre-period (Panel B in Table 1), the
point estimates are more favorable among users with 0-2
prior scouts: the odds ratio is 0.956 for users with 0 prior
scouts and 0.948 for users with 1-2 prior scouts, compared
with 1.015 for users with 3 or more prior scouts. Panel C
shows a similar descriptive pattern by prior impressions:
the odds ratio is 0.845 for users with 0 prior impressions and
0.903 for those with 1-5 prior impressions, compared with
0.973 for users with 6-20 impressions and 1.013 for those
with 21 or more impressions. These exploratory patterns
are consistent with the intended targeting of underexposed
users, but none of the subgroup estimates is statistically
significant at conventional levels, and they should not be
interpreted as evidence of treatment-effect heterogeneity.

We next examined overall matching outcomes. After co-
variate adjustment using Poisson regression with company-
level controls, the point estimate for the total number of
matches was 5.4% higher in the treatment group than in
the control group. However, this difference was not sta-
tistically significant, and we therefore do not interpret it
as evidence that the intervention increased overall match-
ing performance. Importantly, the retention-focused inter-
vention was not designed to increase the total number of
matches, and the observed positive point estimate should be
regarded as exploratory. One possible interpretation is that
redistributing recruiter attention may alleviate congestion
caused by repeated exposure of the same users and thereby
affect conversion opportunities, consistent with prior work
on congestion in job recommendation settings [21, 22].

We also assessed whether the proposed method harmed
company-side retention. For this purpose, we analyzed
companies whose contracts ended during the observation
window among companies participating in the online experi-
ment. Using weighted least squares with company-clustered
robust standard errors, we found no evidence of deterio-
ration in either actual company churn or a model-based
company churn score: the estimated treatment—control co-
efficient difference was +0.006 for actual churn (p = 0.77)
and —0.007 for the churn score (p = 0.34). Hence, within the
precision of the current experiment, the user-side gains were
not achieved at the expense of company-side outcomes.

6. Limitations

This study has several limitations. First, the experiment was
conducted on a single job-matching platform over a four-
week period, and the results may not generalize to other

®Qur product decision criterion does not rely exclusively on the conven-
tional p<0.05 threshold. Recent work on experimentation programs
argues that product decisions may also account for estimated effect
sizes, opportunity costs, and other business considerations [19, 20].
Importantly, this decision criterion is distinct from statistical inference:
the present estimates should be regarded as statistically inconclusive
under conventional significance thresholds. We therefore separate
our practical deployment decision from the strength of the statistical
evidence reported in this paper.



marketplaces, recommendation interfaces, or longer-term
retention outcomes.

Second, randomization occurred at the recruiter level,
while outcomes were measured at the user level, and some
users received exposure from recruiters assigned to both ex-
perimental arms. Although we report a mutually exclusive-
user analysis as a robustness check, cross-arm exposure
limits a clean user-level causal interpretation.

Third, the estimated effects on the primary churn out-
come were not statistically distinguishable from the null
with respect to p < 0.05, and the subgroup analyses were ex-
ploratory and insufficiently powered to establish treatment-
effect heterogeneity. We also did not directly verify the
mechanism through which the reranking intervention may
affect retention. In particular, we did not separately es-
tablish whether boosted users received more effective ex-
posure, scouts, or matches, nor whether changes in these
intermediate outcomes mediated the estimated churn effect.
Therefore, the observed churn estimates and the increase
in aggregate matches should not be interpreted as causal
evidence for a specific mediation pathway.

Fourth, the churn-risk threshold and score-boosting pa-
rameters were chosen from offline analyses rather than
learned through a fully specified retention objective. Figure
2 is observational and does not strictly establish a causal
effect of additional matches on churn.

Fifth, we compared the intervention only with the ex-
isting production baseline. We did not perform a head-
to-head comparison with alternative congestion-aware or
fairness-aware allocation methods that are relevant to our
work; consequently, the experiment does not establish su-
periority over those approaches. Rather, the experiment
is intended to illustrate the practical potential of the im-
plemented retention-focused approach for a real matching
platform.

Our intervention also raises fairness and transparency
considerations. Because the method intentionally reallo-
cates exposure toward users identified as being at risk
of churn, some users with higher baseline match scores
may receive less exposure than they would under a match-
maximizing ranking, creating a potential trade-off among
user retention, candidate-side exposure, and company-side
utility. Although our company-side guardrail analysis found
no evidence of deterioration in company churn, this does
not by itself establish that the intervention is fair or that
recruiters and users would perceive the policy as accept-
able. We did not directly evaluate perceived fairness, trans-
parency, or reactions to disclosure of the reranking policy;
examining these aspects, as well as possible fairness-aware
constraints, is an important direction for future work. Fi-
nally, privacy and commercial constraints limit the release
of production logs and parts of the baseline model.

7. Conclusion and Future Directions

In this paper, we seek to design practical recommender sys-
tems that improve user retention rather than maximize total
matches or satisfy fairness objectives. In the target plat-
form, maximizing predicted matches alone was not well
aligned with the business goal, because users with too few
matches were more likely to churn. To address this issue,
we formulated a retention-aware ranking problem and im-
plemented a simple post-processing method that adjusts
the baseline match-focused ranking for churn-risk users

through a small, controlled score boost. The proposed post-
processing method yielded directionally lower user churn in
the online experiment, although the estimated effect was sta-
tistically inconclusive at conventional levels. These results
provide an initial industrial case study of retention-focused
recommendation in a real reciprocal job-matching platform.
More broadly, this case study suggests that marketplace
recommenders should be carefully optimized for the true
downstream objective rather than only for an immediate
proxy like the number of matches.

As future work, we plan to extend the framework to op-
timize company retention as well as user retention, since
company-side retention is more directly linked to platform
revenue through mechanisms such as fees for job postings
and user messaging. One possible approach is to apply a
similar score-boosting intervention to systems that recom-
mend companies or job postings to users. We also plan
to improve the identification of users at risk of churn by
incorporating a broader range of signals, as churn risk may
depend on factors beyond the recent number of matches.
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