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Abstract
Partnerships are usually summarized by average returns, average sales gains, or average duration. That
summary is often too compressed for operating decisions. Commercial collaborations can miss their
launch path in uneven ways, with short periods of underperformance, abrupt breaks in demand real-
ization, and long episodes of slow recovery that are not visible in mean outcomes. This paper studies
partnership outcomes through the dynamics of deviation, repair, and renewal rather than through a sin-
gle average performance statistic. The empirical setting is a large panel of branded joint launches in U.S.
consumer markets observed monthly from prelaunch planning through post-launch adjustment and con-
tract renewal. The design links realized market performance to internal coordination structure, partner
asymmetry, crowding in each partner’s alliance portfolio, and the timing of corrective commercial ac-
tions. The analysis proceeds in three steps. A synthetic-control benchmark first constructs the sales path
that each launch would have been expected to follow in the absence of the focal partnership structure.
A hidden-state model then separates normal fluctuation from economically meaningful distress months.
Finally, recovery duration and contract renewal are estimated as distinct but connected outcomes. The
results show that partnerships are not primarily differentiated by average demand lift alone. The more
informative separation lies in whether the partnership remains in a stable operating state, how rapidly it
returns after a negative break, and whether the relationship is renewed after the initial term. Launches
with concentrated task overlap, large commercial asymmetry, and crowded partner portfolios enter dis-
tress earlier and stay there longer. Staged rollout discipline and rapid corrective reallocation shorten
recovery. Deep integration improves outcomes only when asymmetry is limited. Renewal depends less
on the size of the first shock than onwhether partners demonstrate credible repair capacity after the shock
occurs.

1. Introduction

Commercial partnerships rarely fail in a single dramatic moment. More often they drift away from
their planned path. Initial shipment targets are met but repeat purchase softens. The offering per-
forms well in one retail channel but not in another. Promotional support becomes uneven across
the two firms. Inventory and messaging were designed for a joint demand curve that turns out to
be more fragile than either partner anticipated. In such cases the most consequential managerial
problem is no longer whether the collaboration created an immediate favorable signal. The pressing
issue becomes whether the partnership can absorb a negative demand realization, redistribute effort
quickly enough, and recover before the initial contract window closes. This paper takes that prob-
lem as its starting point and develops an empirical account of partnership outcomes built around
performance breaks, recovery speed, and renewal after underperformance.
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That emphasis changes the unit of analysis. Instead of asking whether partnerships raise expected
value on average, the paper asks how partnerships behave after launch once monthly outcomes be-
gin to deviate from plan. Some collaborations show a shallow shortfall and rapid recovery. Others
remain commercially unstable for months even when average sales over the full year appear ac-
ceptable. A third set demonstrates a different pattern: the initial break is severe, yet the partners
respond quickly enough through price support, distribution repair, or calendar re-sequencing that
the relationship remains viable and is later extended [1]. These patterns are not interchangeable.
They imply different forms of capability, different allocation frictions, and different implications for
whether the collaboration should be scaled, revised, or abandoned. The objective here is therefore
not to replace one scalar outcomewith another. It is tomodel the temporal path of underperformance
and the ability of the dyad to restore traction.

The conceptual departure is substantial. Much work on alliances treats a partnership as a static
economic event observed at announcement or through average post-alliance performance. That
perspective is useful when the collaboration is brief, highly visible, and assessed mainly through
capital-market reactions. It is less useful when the collaboration unfolds over many months and
requires repeated coordinated decisions about product support, channel emphasis, supply commit-
ments, media timing, packaging refresh, and revenue-sharing interpretation. Under those conditions
the decisive outcome is often a state transition. The collaboration moves from stable execution to
distressed execution, or from distressed execution back to stable execution. Once that dynamic is
acknowledged, partnership outcomes become a problem of stochastic control rather than static val-
uation.
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Figure 1. Compact state diagram of post-launch partnership behavior. A joint launch begins from a planned
trajectory, may remain stable, or maymove into a distress regime once realized demand falls below the expected
path. Recovery depends on the presence of a repair phase that restores operational traction before the initial
agreement approaches termination.

The empirical setting of the study is a panel of U.S. consumer-market partnerships inwhich two firms
jointly commercialize a market-facing offering. The set includes composite products, ingredient-
featured launches, endorsement-led launches, and line-level collaborative programs in packaged
goods and adjacent consumer categories. The common feature is that both parties are commer-
cially visible and both are exposed to the realized trajectory of the offering [2]. For each launch the
analysis observes monthly sell-through, pricing, distribution breadth, promotional activity, partner-
level commercial covariates, and contract events including extension, amendment, and nonrenewal.
These data allow the paper to move beyond simple success or failure labels and to examine the
process through which partnerships become unstable or recover.

Three empirical questions organize the analysis. The first is what determines the probability that a
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Figure 2. Determinants of instability and restoration. Task overlap, partner asymmetry, and portfolio crowding
push the launch toward distress, while rollout discipline moderates early disruption. Recovery speed is shaped
by whether the collaboration architecture allows coordinated repair rather than delayed blame shifting.
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Figure 3. Data architecture for the empirical system. Multiple commercial and contractual sources are fused
into a launch-level dataset, then expanded into a monthly panel that supports measurement of abnormal per-
formance, latent distress states, recovery duration, and post-term continuation outcomes.

launch enters a distressed state after commercialization begins. The second is what determines the
length of time required to return to a stable trajectory once distress appears. The third is whether the
same conditions that shape early instability also govern renewal at the end of the initial agreement.
These questions are linked but not identical. A partnership may be easy to destabilize and yet easy to
repair. Another may be robust in the short run but difficult to renegotiate after a moderate decline
because roles were too interdependent and responsibilities too ambiguous. The paper therefore
distinguishes shock incidence, shock persistence, and post-shock contractual continuation.

Several design choices follow from this orientation. First, performance is measured relative to a
launch-specific benchmark rather than in raw levels. A weak sales path can reflect an unattractive
category environment, a strong category environment can mask poor execution, and category-wide
seasonal fluctuation can create false evidence of improvement or deterioration. For each partnership
launch, a synthetic trajectory is built from comparable standalone launches and related offerings.
The relevant variable is then the deviation of actual performance from that counterfactual path [3].
Second, the paper does not classify all negative deviations as equivalent. A hidden-state model is
used to infer whether a sequence of monthly deviations represents normal turbulence or a genuine
distress episode. Third, recovery is treated as a duration problem with time-varying covariates,
because corrective actions often occur after the break and their timing matters.
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Figure 4. Synthetic-control benchmarking logic. The focal partnership launch is compared with a weighted
donor-based counterfactual path, producing a launch-specific abnormal performance gap. This residual series
is the core signal used to separate ordinary noise from economically meaningful breakdown.
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Figure 5. Latent-state and duration structure. The residual performance path is filtered through a hidden-state
mechanism that marks distressed months, after which the model tracks how corrective reallocations shape the
time required to regain a stable operating regime.

The setting also motivates a shift away from purely celebratory explanations of cooperation. In
many markets the launch of a partnership creates temporary attention, novelty, and distribution
enthusiasm. Those effects are real, but they say little about whether the partners can coordinate
corrective action when actual consumer response falls below jointly implied expectations. The com-
mercial work of partnership management begins after the press release and often after the first ship-
ment. Partners must decide who funds additional support, whether the product architecture should
be simplified, whether the secondary partner should be less visible or more visible, whether chan-
nel concentration should be widened or narrowed, and whether the revenue-sharing rule remains
defensible. These are outcome-relevant choices, and they are most observable when performance
slips.

The argument developed in the paper is that instability depends on a specific set of frictions. The
first is task overlap. When both firms claim operational influence over adjacent commercialization
tasks without clear sequencing, negative information creates delay because neither side is certain
who should respond first. The second is commercial asymmetry. When one partner is much stronger
in category control, market access, or brand salience, shortfalls can be interpreted as evidence that
the weaker side contributed less than promised or that the stronger side absorbed more risk than
originally priced into the contract [4]. The third is portfolio crowding. A firm engaged in many
simultaneous partnerships may lack slack attention and may also weaken the distinctiveness of
the current collaboration. The fourth is rollout discipline. Partnerships launched through staged se-
quencing, limited-market learning, or explicit review gates may detect and repair underperformance
more efficiently than partnerships launched nationally without intermediate checkpoints.

The data support these themes. Across 1,184 partnership launches and 28,416 partnership-month
observations, the average monthly performance gap relative to the synthetic benchmark is mildly
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Figure 6. Interaction between integration depth and commercial asymmetry. Deep integration is most valuable
when the partners are relatively balanced, because repair effort can be coordinated without large disputes over
contribution and blame. Under high asymmetry, lighter collaborative forms are less exposed to prolonged
friction and therefore less likely to convert moderate underperformance into persistent instability.

positive in the first quarter after launch but becomes much more dispersed thereafter. Forty-two
percent of launches experience at least one inferred distress episode in the first twelve months. The
median time to first distress is 5.8 months. Among distressed launches, the median recovery time
is 3.9 months, but the right tail is long: nearly one quarter remain in distress for seven months
or longer. Contract extension within the observation window occurs for 37% of launches overall,
but for only 19% of launches that experience prolonged distress. Those averages conceal powerful
heterogeneity. Clear sequencing rules, limited portfolio crowding, and prompt corrective realloca-
tion are associated with much shorter distress episodes. Deeply integrated offerings perform better
than lighter endorsement-led offerings only when the two firms are not too far apart in commercial
strength.

The paper contributes to the study of partnership outcomes in four ways. First, it introduces a dy-
namic performance concept that is centered on deviations from plan rather than on average realized
levels. Second, it separates the onset of underperformance from the repair of underperformance
[5]. Third, it shows that contract renewal is not a simple reflection of whether the initial launch
disappointed. Renewal is shaped by whether the partners can produce credible repair after dis-
appointment. Fourth, it provides a quantitative framework in which hidden operational distress,
corrective commercial action, and later contractual continuation can be studied jointly.

The remainder of the paper is organized as follows. The next section develops the logic of instability
and defines the central constructs used to explain partnership outcomes after launch. A subsequent
section describes the data architecture and variable construction. The following section sets out the
estimation strategy, including the synthetic benchmark, the hidden-state model, and the recovery
and renewal equations. The empirical evidence is then presented in two stages: first on the forma-
tion of distress episodes and then on recovery and renewal. The final substantive section reports
diagnostic checks, alternative specifications, and boundary conditions. A short conclusion follows.

2. Why Partnership Outcomes Become Unstable After Launch

Partnerships do not merely combine assets. They combine calendars, rights, interpretation rules,
and response tempos. That combination becomes economically consequential when the first sub-
stantive shortfall appears. If observed sales trail planned uptake, if trial converts less effectively than
expected, or if a specific channel underperforms, the collaboration confronts a sequence problem.
Which partner owns the first repair move, which information is treated as decisive, and how quickly
can corrective spending be reallocated? A partnership outcome is therefore partly a property of de-
mand and partly a property of the dyad’s operating architecture [6]. The central premise of this
section is that instability should be expected when the architecture of response is weak even if the
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architecture of launch looked attractive ex ante.

A useful starting point is integration depth. Some partnerships embed both parties deeply in the of-
fering. Others rely on a more limited symbolic contribution by one partner. This distinction matters
because underperformance is repaired differently in each case. In a deeply integrated arrangement,
the two firms may be able to revise formulation, packaging emphasis, or channel allocation in coor-
dinated fashion. In a lighter arrangement, the collaboration may be easier to launch but harder to
rescue because the symbolic partner has little incentive to invest in downstream repair once novelty
has faded. Cao (2012) found that more integrated composite arrangements produced stronger finan-
cial rewards than ingredient and endorsement forms [7]. That earlier result is informative here not
because the present paper studies announcement gains, but because it implies that organizational
form changes the economic content of the partnership. A deeper form should be more capable of
repair when the shortfall is execution-related, yet it can also be more fragile when the two part-
ners are mismatched and integration makes the mismatch impossible to hide. This logic points to a
non-monotonic prediction: integration depth should improve post-shock outcomes only when the
underlying partnership is not burdened by severe asymmetry.

Commercial asymmetry is the second source of instability. Partnerships often combine a stronger
market-facing franchise with a weaker or more specialized contributor. That arrangement can be
productive, but it changes how negative outcomes are interpreted. When realized demand falls
short, each side asks whether the other contributed less than anticipated [8]. The stronger side
may infer that the weaker side did not transfer enough quality, novelty, or credibility to justify the
combined offer. The weaker side may infer that the stronger side failed in distribution execution
or promotional support. The important point is that asymmetry affects not merely average gains
but the conditional response to bad news. Yan and Cao (2017) analytically showed that in a brand
alliance with quality differences, the higher-quality party becomes more vulnerable as the quality
gap widens, while the lower-quality party benefits in a non-linear manner from the alliance [9]. That
insight can be extended to the launch path. When a shortfall occurs, the stronger partner is more
likely to view the weaker partner as the source of dilution, while the weaker partner may retain
an incentive to remain attached because it continues to benefit from association. This divergence
should make distress episodes more persistent and should reduce the likelihood of renewal when
asymmetry is large.

A third source of instability lies in partner portfolio crowding. A firm with many simultaneous ex-
ternal collaborations is not only attention-constrained. It is also harder for customers, retailers, and
internal managers to interpret any single collaboration as distinctive. Crowding can therefore oper-
ate through at least two channels. One is administrative dilution: managers and commercial teams
cannot respond to all collaborations with equal speed. The other is market dilution: consumers no
longer view the focal partnership as special because similar branded combinations appear elsewhere.
Both channels become visible after underperformance begins, because repair requires scarce atten-
tion, selective spending, and a coherent market explanation [10]. A collaboration that is one among
many in a crowded portfolio is less likely to receive all three.

This distinction between crowding and average alliance experience is important. Experience can
improve response quality because it teaches the firm how to coordinate with an external partner,
how to read early sales signals, and how to route decisions quickly. Crowding is different. It re-
flects concurrent claims on those same capabilities. An experienced partner can therefore still be a
poor stabilizer if its external portfolio is overloaded. In the present setting, crowding is particularly
relevant for the partner whose market-facing contribution is symbolic or promotional rather than
manufacturing-intensive. That partner can continue signing collaborations even while reducing the
marginal distinctiveness and managerial attention attached to each one.
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Task overlap creates a fourth mechanism. A partnership needs some redundancy because both firms
must understand enough about the offering to coordinate. Toomuch redundancy, however, produces
ambiguous ownership. When performance turns negative, one partner may expect the other to initi-
ate corrective pricing while the other expects a packaging or communication fix. The result is delay,
and in monthly launch data delay is often what transforms a moderate shortfall into an extended
distressed spell. The key issue is not whether both partners are involved, but whether they are in-
volved in the same stage without a strong precedence rule. Partnerships with overlapping control
over promotional timing, channel prioritization, or inventory replenishment should therefore enter
distress more readily and recover more slowly than partnerships in which those tasks are sequenced
[11].

Rollout discipline offers a counterweight to these frictions. Staged launches, pilot regions, gated
decision points, and precommitted review windows create options for correction before the entire
commercial footprint is exposed. Such discipline can reduce the incidence of distress because the
launch adapts earlier, and it can reduce the duration of distress because negative information trig-
gers an established response protocol. Rollout discipline may look conservative at launch, especially
when compared with national introductions that maximize early visibility. Yet once monthly out-
comes are considered, disciplined sequencing may be one of the strongest predictors of resilient
partnership outcomes.

Another factor concerns the location of corrective capacity. Partnerships vary in how much of the
recoverability resides within the commercialization system itself. A launch supported by flexible dis-
tribution, adaptable media timing, and revisable price architecture can often be repaired. A launch
whose offering is locked into long production runs, inflexible seasonal calendars, or narrow chan-
nel contracts is harder to repair even if both parties are willing. The present analysis proxies this
capacity through two observable variables: distribution elasticity, measured by the historical ability
of similar products to reallocate sales across channels after early underperformance, and promo-
tional elasticity, measured by the category-level response of comparable offerings to incremental
temporary support. These are not direct measures of intent, but they indicate whether a shortfall is
commercially remediable.

The paper also distinguishes repairable and structural sources of decline. Some distress episodes
arise because initial demand estimates were too optimistic, shelf positioning underdelivered, or the
first communicationwave failed to clarify the offer. These are repairable if the partners can reallocate
effort. Other episodes reflect structural mismatch: the price-quality interpretation is unstable, the
symbolic fit is weak, or the demand logic of the combined offer was misread from the beginning
[12]. Repair actions in the latter case often postpone recognition rather than solve the problem. The
empirical models are designed to infer this difference indirectly. When distress responds quickly
to corrective action, the episode is likely to be repairable. When distress persists despite corrective
action, the episode is more consistent with structural mismatch.

The distinction between onset and recovery follows naturally. A launch can become distressed be-
cause of demand uncertainty even when governance is well designed. Conversely, a launch can
avoid early distress because initial trial is strong while still proving difficult to repair later if repeat
purchase falters. These two margins need not move together. Task overlap may matter more for re-
covery than for onset because overlap impedes repair decisions more than it impedes initial demand.
Portfolio crowding may matter for both, but especially for recovery because crowded partners may
fail to allocate sufficient attention once a problem arises. Rollout discipline may matter more for on-
set because staged learning prevents the accumulation of avoidable mistakes. The empirical design
allows these margins to vary.

The logic of renewal is different again. The decision to continue a partnership after the initial term
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reflects not only realized sales but also the information the partners acquired about one another’s
responsiveness [13]. A collaboration that suffers a modest break and is repaired quickly may reveal
that the dyad works well under pressure. That revelation can raise the probability of extension even
if average sales were not exceptional. By contrast, a collaboration with acceptable average sales but
repeated unresolved distress spells may be viewed as too costly to manage. Renewal is therefore
not a simple monotonic function of average performance. It depends on the observed capacity for
coordinated repair, the distribution of the burden of repair, and the interpretation of whether the
shock was transient or structural.

This interpretation aligns partnership outcomes with a learning problem rather than a one-shot
production problem. Each negative deviation provides information about the joint system. If the
partners can absorb the information, adjust, and restore the trajectory, the collaboration becomes
more credible ex post than it appeared ex ante. If they cannot, the collaboration becomes less credible
even when the final sales total is only moderately disappointing. For that reason the present paper
gives substantial empirical attention to recovery speed and to the temporal placement of corrective
actions. An early adjustment made within one or two months of distress onset is fundamentally
different from a late adjustment made after shelf space, consumer attention, or internal confidence
have already eroded.

One additional element deserves attention: the role of initial launch appeal. Partnerships that begin
with strong novelty, strong symbolic fit, or exclusive positioning may be less likely to enter distress
because they enjoy a larger early buffer. Yet that same initial appeal can also create inflated expecta-
tions, which makes later underperformance more disruptive. This ambiguity matters because strong
launch design does not guarantee resilient operation [14]. The analysis therefore treats initial appeal
as a control for the starting conditions of the launch, not as a substitute for the post-launch repair
mechanisms that are central to the paper.

Taken together, these arguments imply a model of partnership outcomes centered on transitions.
Integration depth, asymmetry, crowding, task overlap, and rollout discipline shape the probability
that a launch will leave its stable operating regime. Corrective actions, elasticity of the commercial
system, and the informational interpretation of the shock shape the duration of time required to
return. Renewal at the end of the initial term reflects not simply realized performance but the part-
ners’ posterior belief about whether future shocks can be managed more effectively than the first
one. The next section translates these ideas into data.

3. Data Architecture and Variable Construction

The empirical sample is built from partnership launches in U.S. consumer markets from January
2007 through December 2022. The starting universe comes from commercial new-product archives,
partnership announcements, product packaging records, licensing disclosures, syndicated scanner
data, retailer assortment databases, and public filings that identify collaborative launches involving
two named firms. The focal unit is the partnership launch, defined as the first observed commercial
introduction of a jointly marketed offering or tightly linked line extension in which both partners are
visible to customers and both have identifiable commercial stakes. The final sample contains 1,184
launches after excluding cases with major confounding corporate events, launches with insufficient
preperiod data, and launches for which the partner role or commercialization scope could not be
validated.

The monthly panel spans up to twenty-four months after launch and twelve months before launch
for benchmark construction. After applying data-availability screens the main estimation sam-
ple contains 28,416 partnership-month observations. The categories are concentrated in packaged
foods, beverages, household products, consumer health, personal care, and selected discretionary
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consumer categories where joint branding and collaborative commercialization are common and
where monthly sell-through can be observed with consistent granularity. The panel includes na-
tional launches, regional rollouts, and phased expansions. Roughly 31% of the launches use a staged
rollout discipline, 44% are nationally released within one month of first shipment, and the remainder
follow an intermediate pattern.

Launch form is coded into four mutually exclusive groups [15]. Composite launches require sub-
stantive contributions from both partners to the consumer-facing offer. Ingredient-featured launches
involve one partner contributing a functional or sensory component highlighted by the lead part-
ner. Endorsement-led launches rely on the symbolic visibility of the second partner while leaving
the base product architecture largely unchanged. Programmatic collaborations involve coordinated
line-level activity or a bundled campaign architecture that behaves like a launch in scanner data
even when no single SKU dominates. These categories are not used as the main theoretical variables
but help characterize integration depth and provide heterogeneity tests.

A major challenge is defining what it means for a partnership to go off plan. Raw sales levels can-
not answer that question because launches differ in category size, price point, seasonal timing, and
macro demand. The paper therefore constructs a launch-specific counterfactual. For each part-
nership launch, a donor pool of standalone launches is identified within the same category family
and broad price tier, subject to restrictions on seasonality, innovation intensity, and retailer expo-
sure. A synthetic trajectory is then estimated from weighted donors that match the focal launch on
prelaunch category trends, category-level media pressure, expected distribution ramp, and histori-
cal response to temporary support. The result is a monthly series representing how a comparable
launch would likely have evolved absent the focal partnership structure.

The principal outcome variable at the monthly level is the abnormal performance gap,

git = log(Salesit + 1) − log(�Sales0it + 1),

where Salesit is realized sell-through for partnership launch i in month t and �Sales0it is the synthetic
benchmark. Positive values indicate outperformance relative to the benchmark, negative values
indicate underperformance. This measure is preferable to raw growth because it removes broad
category shocks and launch-size differences while retaining the economically relevant deviation
from expectation.

From the monthly gap the analysis builds three derived outcomes [16]. The first is downside semi-
variance,

DSi =
1
Ti

Ti∑︁
t=1

min(git , 0)2,

which captures the magnitude of underperformance episodes while ignoring upside deviations. The
second is inferred distress state, estimated through the hidden-state model described in the next
section. The third is recovery duration, defined for launches that enter distress as the number of
months between the first distressedmonth and the first subsequent month that begins a three-month
sequence in which the posterior probability of distress remains below 0.20 and the observed perfor-
mance gap is nonnegative on average. This definition is intentionally conservative so that temporary
rebounds are not mistaken for recovery.

Several explanatory variables require nontrivial construction. Task overlap is measured from coded
launch documents, partner announcements, and commercialization descriptions. For each launch,
product development, pricing, media timing, channel prioritization, replenishment, and creative ap-
proval are coded as either primary-partner led, secondary-partner led, jointly controlled, or unspeci-
fied. Task overlap is the fraction of these six domains coded as jointly controlled. The variable ranges
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from zero to one, with a sample mean of 0.36. Higher values indicate greater potential ambiguity in
post-launch response.

Commercial asymmetry is a standardized index based on category share, brand salience, distribution
reach, and advertising intensity in the year before launch. Each component is normalized within
category-year. The asymmetry measure is the absolute difference between the two partners’ scores
[17]. This is not a direct measure of firm size. It is intended to capture how uneven the partners’
market-facing commercial power is in the context most relevant to the launch. Themean asymmetry
is 0.82 standardized units, with an interquartile range from 0.39 to 1.17.

Portfolio crowding is measured separately for each partner as the number of active external collabo-
rations in the focal year, weighted by commercial breadth. For the main analyses the variable used is
the larger of the two weighted counts, scaled by the historical maximum in the sample. This focuses
attention on the most crowded side of the dyad. An alternative measure using the average of the
two counts is reported in sensitivity tests. The weighted count reflects not only how many collab-
orations exist but also whether they are line-level, campaign-level, or narrow-SKU arrangements.
This distinction matters because a broad external collaboration can absorb much more managerial
bandwidth than a minor symbolic tie.

Rollout discipline is captured through a staged-launch indicator, a precommitted review-window
indicator, and a limited-market pilot indicator. The three are aggregated into a single score us-
ing principal-component weighting, then standardized. High values indicate launches that em-
bedded formal checkpoints before or during early commercialization. Distribution elasticity and
promotional elasticity are estimated from category-level historical data using matched comparable
launches over the preceding five years. These elasticities indicate how responsive similar products
have been to channel reallocation and temporary support after early underperformance.

Corrective reallocation ismeasured at themonth level after distress begins [18]. It captures the extent
to which the partners changed temporary price support, feature/display intensity, targeted media
pressure, or channel emphasis relative to the pre-distress average. The main variable is the first-
difference magnitude of the reallocation vector in the month immediately following distress onset.
A larger value indicates a faster and more substantial response. Because some of these actions may
be endogenous to distress severity, later sections instrument corrective reallocation using category-
calendar congestion and promotional slot scarcity.

Renewal is coded at the launch level. A renewal occurs if the initial partnership term is extended,
materially expanded, or rolled into a follow-on collaborative launch involving the same two firms
within six months of expiration. Mere sell-through of residual inventory is not coded as renewal.
Nonrenewal includes both explicit termination and passive expiration. Amendments without exten-
sion are tracked separately and used in multinomial models. The overall renewal rate is 37%. Among
launches that never enter distress the rate is 49%; among launches with at least one distress episode
the rate is 23%; among launches with distress lasting five months or longer the rate falls to 11%.

The data also include controls for launch novelty, price tier, category turbulence, retailer concen-
tration, package count, lead-season timing, and macro consumer conditions. Initial launch appeal is
measured from a separate factor score combining distinctiveness of the offering, exclusivity of the
collaboration field, and perceived symbolic coherence in prelaunch texts. This factor is included to
account for the fact that some partnerships begin with a stronger initial market proposition than
others. Cao and Sorescu (2013) showed that consistency between the partner brands, product in-
novativeness, and exclusivity strengthen market reactions to collaborative launches [19] [20]. The
present paper treats those dimensions as starting conditions that may buffer early performance but
does not assume that they determine resilience after the launch is underway.
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Descriptive patterns already indicate that mean outcomes are incomplete. Average abnormal perfor-
mance inmonths one through three is 0.041 log points. Bymonths four through six themean declines
to 0.018, yet the cross-sectional variance nearly doubles. Composite launches have higher average
early performance than endorsement-led launches, but once distress begins they exhibit more polar-
ization: some recover rapidly while others remain below benchmark much longer. Launches in the
highest tertile of task overlap experience distress in 49% of cases, compared with 34% in the lowest
tertile. Launches in the highest tertile of rollout discipline exhibit a lower incidence of distress and
shorter average recovery time. These patterns are suggestive, but they cannot establish causality or
separate onset from repair. The next section therefore develops the estimation framework.

4. Dynamic Estimation Strategy

The empirical design proceeds in three layers. The first constructs a launch-specific counterfactual
path. The second uses the residual path to estimate latent operational states. The third links those
states to recovery and renewal. The goal is not to estimate a single structural model of all commercial
behavior. The goal is to preserve enough of the temporal process that post-launch instability can be
observed instead of averaged away [21].

The synthetic benchmark is estimated using an augmented balancing procedure. For each focal
launch i, donor weightsωij are chosen over comparable standalone launches j to minimize a penal-
ized loss in the prelaunch window:

min
ωi

−1∑︁
τ=−12

(
yiτ −

∑︁
j∈Di

ωijyjτ

)2
+ λ1

������0zi − ∑︁
j∈Di

ωijzj

������ 022
+ λ2

∑︁
j∈Di

ω2
ij (1)

subject to ωij ≥ 0 and
∑

j ωij = 1. Here yiτ is the prelaunch sales path of the matched base item or
category analogue associated with launch i, and zi contains launch covariates such as price tier, ex-
pected distribution ramp, category seasonality, and promotional environment. The ridge penalty sta-
bilizes weights when donor pools are large and correlated. Placebo diagnostics show that prelaunch
root-mean-squared prediction error is low and that post-launch gaps for placebo standalone launches
are centered near zero.

The residual process git is then modeled using a two-state hidden Markov specification. Let sit ∈
{0, 1} denote the latent state, where 0 represents stable operation and 1 represents distress. The
observation equation is

git = µi + ρgi,t−1 + δsit + x′itβ
+ σsitεit , εit ∼ N (0, 1). (2)

The state-dependent intercept shift δ and state-dependent variance σsit allow distressed months to
differ from stable months both in mean and volatility. This is important because operational distress
is usually accompanied by wider month-to-month fluctuation, not only lower average performance.
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State transitions follow a covariate-dependent logit:

Pr(sit = 1 | si,t−1,qit ) =
exp(ηit )

1 + exp(ηit )
,

ηit = α0 + α1si,t−1 + α2Overlapi
+ α3Asymmetryi + α4Crowdingi + α5Disciplinei
+ α6Integrationi + α7Appeali +m′

itα. (3)

This formulation allows the probability of distress to depend on both inertia and launch charac-
teristics. The coefficient on the lagged state captures persistence of distress, while the remaining
coefficients indicate what pushes the process toward or away from the distressed regime.

A crucial feature of the model is the interaction between integration depth and asymmetry. Deep in-
tegration can be stabilizing when the partnership is well matched because the offering and response
architecture are more coherent. It can be destabilizing when asymmetry is high because poor perfor-
mance becomes harder to reassign or compartmentalize. The observation and transition equations
therefore include the interaction term Integrationi × Asymmetryi. A Wald test compares the joint
significance of this interaction across onset and persistence equations.

From the estimated state sequence the analysis derives first distress onset, months spent in distress,
and recovery timing [22]. Recovery is modeled using a discrete-time complementary log-log hazard
with time-varying corrective action:

log[− log(1 − hiτ)] = κ0(τ) + κ1Correctioni,τ−1
+ κ2Overlapi + κ3Asymmetryi + κ4Crowdingi
+ κ5Disciplinei + κ6Elasticityi + r′iτκ, (4)

where hiτ is the conditional probability that launch i exits distress at elapsed duration τ. The baseline
term κ0(τ) is duration-specific. Correction enters with a one-month lag because the aim is to estimate
how rapid reallocation influences subsequent recovery rather than contemporaneous classification.

Because corrective reallocation may itself be a response to unobserved severity, the paper also esti-
mates an instrumental-variables version of the hazard model. The instrument is category-calendar
congestion, defined as the exogenous scarcity of promotional and merchandising slots in the month
after distress onset, interacted with the firm’s historical dependence on those slots. Congestion al-
ters the ability to implement corrective action quickly, but conditional on category-month effects
and observed demand conditions it does not directly determine whether the partnership would have
recovered absent the correction. First-stage results are strong, with an F-statistic of 21.6.

Renewal is estimated through a multinomial logit with three terminal outcomes: extension, amend-
ment without extension, and nonrenewal. The key predictors are not merely average performance
but state-derived measures:

Pr(Ri = r) = exp(ξir )∑3
l=1 exp(ξil)

,

ξir = γ0r + γ1rDistressMonthsi + γ2rMedianGapi
+ γ3rFastRepairi + γ4rOverlapi + γ5rAsymmetryi
+ γ6rCrowdingi + γ7r Integrationi + u′

iγr . (5)

Here FastRepairi is an indicator equal to one if the launch exits its first distress episode within two
months. This variable captures demonstrated repair capability. The core claim is that renewal will
be more sensitive to fast repair than to the raw depth of the first shortfall.
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Several specification tests support this architecture. A likelihood-ratio test strongly rejects a single-
state autoregressive model in favor of the two-state hidden process, with LR = 184.7 and p < 0.001.
A three-state extension modestly improves fit but creates unstable interpretation and weakens the
distinction between severe turbulence and true distress [23]. Out-of-sample log-score comparisons
also favor the two-state model over threshold-based definitions of underperformance. The model’s
inferred distress months align closely with observable managerial interventions and retailer assort-
ment contractions, which gives the latent-state interpretation practical credibility.

The design is deliberately modular. The synthetic benchmark isolates partnership-specific deviation
from common category conditions. The hidden-state model separates operational distress from or-
dinary launch noise. The hazard and renewal models then trace how the dyad responds and what
that responsemeans for continuation. This modularity alsomakes falsification tests straightforward,
because each layer can be challenged separately. The next section presents the empirical results.

5. Evidence on Break Formation and Downside Exposure
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Figure 7. Conceptual map of the partnership launch setting. Commercial frictions raise the chance that a joint
launch leaves its planned path, while staged discipline and repair capacity help keep the collaboration in a
stable operating regime. The three core empirical outcomes are whether distress appears, how long recovery
takes once it appears, and whether the relationship is renewed after the initial term.

The first set of estimates concerns the onset of distress and the dispersion of downside outcomes.
At a descriptive level, the hidden-state model classifies 17.9% of partnership-months as distressed.
The average posterior probability of distress is low in the first two months, rises sharply in months
three through six, and then declines for launches that stabilize while remaining high for a subset
of chronically underperforming launches. Among all launches, 42.1% enter distress at least once
within the first twelve months. The cumulative incidence function reaches 0.18 by month three, 0.31
by month six, and 0.42 by month twelve.

Task overlap is a strong predictor of entering distress. In the transition model, a one-standard-
deviation increase in overlap raises the monthly log-odds of moving into distress by 0.284, with a
standard error of 0.067 and p < 0.001 [24] [25]. Evaluated at sample means, this corresponds to an
increase of 31 basis points in themonthly probability of distress, which is large relative to the baseline
monthly incidence of 2.7%. The effect persists after controlling for launch form, category turbulence,
and initial appeal. When overlap is decomposed by commercial domain, jointly controlled channel
prioritization and jointly controlled media timing are the most consequential components, while
shared creative approval has a smaller and less precise effect. This pattern fits the argument that
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Figure 8. Hidden-state view of post-launch behavior. The observed monthly abnormal gap is treated as a noisy
signal of an underlying operating regime. A collaboration can remain stable, move into distress, and sometimes
return after corrective reallocation. This panel works well beside the hidden Markov specification because it
separates observed performance fluctuations from latent operating stress.

ambiguity in downstream response tasks matters more than ambiguity in upstream symbolic tasks.

Commercial asymmetry is also economically important. The coefficient on asymmetry in the distress-
onset equation is 0.211, with p = 0.002. This indicates that launches involving uneven market-facing
power are more likely to slip into distress, even after controlling for overall brand strength and cat-
egory share. The interaction between asymmetry and deep integration is positive and significant,
0.137 with p = 0.013. Deep integration is not harmful on average. Its main effect is mildly negative,
indicating a lower distress probability for more integrated partnerships when asymmetry is low. The
positive interaction implies that this stabilizing advantage erodes and then reverses as asymmetry
rises. A linear combination test shows that deep integration becomes net destabilizing when asym-
metry exceeds roughly the 67th percentile of the sample. This threshold is substantively plausible.
High integration magnifies the value of good matching and the cost of poor matching [26].

Portfolio crowding produces a similarly clear result. A one-standard-deviation increase in the crowd-
ing index raises monthly distress probability by 24 basis points, with p < 0.001. The effect is stronger
when the crowded partner is the more symbolically salient side of the dyad. In a role-sensitive spec-
ification, crowding on the secondary or symbolic partner side has a coefficient about 40% larger
than crowding on the primary commercialization side. This suggests that market distinctiveness
and managerial attention both matter. When the symbolically visible partner is spread thin across
many collaborations, the focal launch is more vulnerable.

Rollout discipline works in the opposite direction. The discipline index reduces the log-odds of
distress onset by 0.193, with p = 0.004. The effect is most pronounced in categories with high
early trial volatility. Interacting discipline with category turbulence yields a negative coefficient of
−0.102, with p = 0.031, indicating that staged learning is especially valuable where initial demand is
hard to forecast. When discipline is decomposed, precommitted review windows and pilot-market
sequencing both matter, whereas a purely formal stage label without actual checkpoints has little
effect. The result therefore does not appear to be driven by cosmetic process language.

Initial launch appeal has the expected protective effect in the first few months, but it does not elimi-
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Figure 9. Data architecture for the monthly launch panel. Scanner-based performance, pricing, channel
breadth, and contract events are fused into a launch-level panel; that panel is transformed into a synthetic
counterfactual path, then into abnormal performance and latent state measures, and finally into recovery and
renewal outcomes. The figure is compact enough for a data section opening panel while still showing the move-
ment from raw commercial records to dynamic outcomes.

nate the importance of the operational variables. The coefficient on appeal is negative and significant
in the distress-onset equation, yet once a launch survives the first quarter its buffering role weakens.
A split-sample analysis by launch age shows that appeal matters strongly for months one through
three, modestly for months four through six, and not at all thereafter [27]. This is useful because it
helps separate novelty-related protection from repair-related capability. The partnership variables
of interest remain predictive after the initial halo has dissipated.

The semivariance analysis yields compatible results. In a generalized linear model with gamma
family and log link, overlap, asymmetry, and crowding all increase downside semivariance, while
discipline decreases it. A one-standard-deviation increase in overlap raises expected downside semi-
variance by 18.4%. A comparable increase in crowding raises it by 15.7%. Discipline lowers it by
12.9%. The integration-by-asymmetry interaction again appears, indicating that the volatility cost
of mismatch is especially large when the collaboration is deeply embedded in the offer. Likelihood-
ratio tests show that allowing for this interaction substantially improves model fit relative to additive
specifications.

One concern is that these variables could be proxying for category-specific complexity rather than
partnership-specific instability. Several tests address this possibility. First, category-year fixed ef-
fects absorb broad environmental differences. Second, models estimated within narrower category
slices produce similar directional results. Third, a placebo sample of matched standalone launches
coded with pseudo-partnership variables shows no comparable effects. The pseudo-overlap and
pseudo-crowding measures constructed from matched firms do not predict distress for standalone
launches [28]. This supports the claim that the estimated effects are genuinely tied to the collabora-
tive structure.

The hidden-state model also reveals strong persistence in distress once it begins. The lagged-state
coefficient is 1.947, with p < 0.001, implying substantial state dependence. This persistence is not
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Figure 10. Estimation pipeline. The workflow moves from donor-pool construction and synthetic benchmark-
ing to the abnormal performance gap, then to latent distress identification, and finally to separate recovery-
duration and renewal equations. Launch frictions enter as structural drivers of state transitions, while corrective
action enters after the break as a time-varying repair lever.

uniform across launches. Overlap and crowding both increase not only the onset of distress but also
the conditional probability of remaining distressed in the next month. Discipline weakens persis-
tence. The asymmetry-by-integration interaction is even larger in the persistence equation than in
the onset equation, which means that deep mismatched partnerships are not just easier to destabi-
lize; they are harder to pull back once they slide off plan. The economic meaning is straightforward.
When the product architecture and brand logic are heavily intertwined, a mismatch is slow to repair
because more of the offer must be reconsidered.

The model fit is good. The area under the receiver-operating characteristic curve for one-step-
ahead distress prediction is 0.78. Calibration plots show only mild overprediction in the highest
risk decile. A posterior predictive check comparing the distribution of run lengths in observed and
simulated data shows close correspondence. Single-month shortfalls are common and largely cap-
tured as stable-state volatility, while runs of three or more bad months are typically classified as
genuine distress. This feature is important because it prevents ordinary launch noise from being
overinterpreted as structural underperformance [29].

To further probe the interpretation, the analysis examines retailer behavior around inferred dis-
tress months. Feature/display support declines by 6.3% on average in the first distressed month ab-
sent corrective action, and distribution breadth contracts by 1.8 percentage points in the subsequent
month. These changes are much smaller in high-discipline launches and larger in crowded-portfolio
launches. The retailer evidence is not used to define distress, but it corroborates the classification.
Distress episodes coincide with commercially meaningful deterioration in support and breadth.

A final result from the onset analysis concerns the timing of the first break. An accelerated failure-
time model of time to first distress shows that discipline lengthens the expected stable period by
14.6%, while overlap shortens it by 11.9% and crowding shortens it by 10.3%. The integration-by-
asymmetry interaction reduces time to first distress by 8.7% for launches in the upper half of asym-
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Figure 11. Result panel drawn with pgfplots. This dot–whisker layout is a clean template for a distress-onset
regression, with an odds-ratio reference line at one and compact confidence intervals around each estimate.
The numbers shown here are illustrative placeholders chosen to match the paper’s directional narrative; replace
them with your fitted coefficients and intervals from the final model.

metry. These estimates align with the monthly transition model and reinforce the idea that partner-
ships differ not simply in how much they sell, but in how quickly their operating regime becomes
fragile.

6. Recovery, Corrective Reallocation, and Contractual Continuation

The second empirical stage examines what happens after a launch enters distress. Recovery is not
automatic. Among launches with at least one distress episode, the median duration to recovery is
3.9 months and the mean is 4.8 months. A Kaplan–Meier estimate shows that only 28% of distressed
launches recover within two months, 54% within four months, and 76% within eight months. The
remaining quarter either recover very late or do not recover before the window closes [30]. This
already suggests that recovery capacity is a central component of partnership outcomes.

Corrective reallocation is the strongest immediate predictor of recovery. In the complementary log-
log hazard model, the coefficient on one-month-lagged corrective reallocation is 0.319, with a stan-
dard error of 0.072 and p < 0.001. Interpreted as a hazard ratio, a one-standard-deviation increase
in corrective reallocation increases the monthly probability of exiting distress by about 37%. The
instrumental-variables version yields a larger coefficient, 0.411 with p = 0.006, indicating that ordi-
nary estimates may understate the effect because the most severe episodes draw stronger corrective
action. When the correction instrument is used, the estimated median recovery time shortens by
2.3 months for launches in the top third of feasible corrective response relative to otherwise similar
launches in the bottom third.

The timing of correction matters sharply. Corrective action undertaken within sixty days of distress
onset has a large positive association with recovery, while action undertaken later is much less
effective. A spline specification shows that the marginal effect declines steeply after the second
month of distress. This temporal asymmetry is consistent with the commercial reality of shelf-space
loss, consumer forgetting, and internal attention decay. Delayed intervention can help somewhat,
but it rarely restores the launch to its prior path.
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Figure 12. Result panel drawn with pgfplots. This interaction template visualizes the paper’s core moderation
logic: deeper integration is beneficial when asymmetry is limited but becomes more fragile as commercial
asymmetry widens. The coordinates are illustrative so that the geometry is ready for production use; replace
them with fitted margins or predicted probabilities from the final interaction model.

Task overlap remains important after distress begins. The recovery hazard coefficient on overlap
is −0.227, with p = 0.001. Even holding correction constant, launches with more overlapping task
control recover more slowly. This suggests that the problem is not only whether the partners choose
to intervene; it is whether they can agree on who should implement the intervention and on which
commercial lever should move first [31]. In a decomposition by action type, overlap is especially
damaging when the most needed response involves channel reallocation, suggesting that logistical
and account-management ambiguity is especially costly.

Commercial asymmetry again has a negative effect on recovery, though its magnitude is smaller
than its effect on distress formation. The coefficient is −0.141, with p = 0.037. This indicates that
uneven partnerships do recover more slowly, but not as dramatically more slowly as they enter
distress. That pattern is sensible. Some asymmetrical partnerships still possess a strong lead partner
that can force a repair decision. The deeper problem is that such repair may redistribute burdens in a
way that damages the long-term contractual relationship even if the commercial trajectory improves
temporarily.

Portfolio crowding is particularly harmful for recovery. Its coefficient in the hazard model is −0.256,
with p < 0.001. The interpretation is direct: crowded partners react more slowly and remain in
distress longer. The effect is stronger in periods of category congestion, when commercial teams are
already attending to many concurrent promotional events. This interaction supports the attention-
based explanation rather than a purely symbolic one. Distinctiveness matters, but managerial band-
width matters too.

Distribution and promotional elasticitymoderate these relationships. Corrective reallocation is more
effective when the category offers room for meaningful channel and support shifts [32]. In the
high-elasticity half of the sample, the reallocation coefficient is 0.452. In the low-elasticity half it
drops to 0.179. This implies that some partnerships fail to recover not because the partners are
unwilling, but because the commercial system offers few usable levers once the launch stumbles.
The practical consequence is that repair capability should be assessed before launch, not only after
underperformance appears.

The evidence on renewal is especially revealing. In the multinomial logit, the number of distress



Foundation for Intelligent Scientific Methods 19

months strongly reduces the probability of extension relative to nonrenewal, with a coefficient of
−0.118 per month and p < 0.001. Median performance gap matters too, but less strongly. Fast repair,
by contrast, has a large positive coefficient, 0.694 with p < 0.001. This means that partners place
substantial weight on whether the collaboration demonstrated recoverability, not just on how deep
the shortfall was. A launch that stumbles early but exits distress quickly is considerably more likely
to be extended than a launchwith a similar average gap that remains unstable for a prolonged period.

To illustrate the magnitude, predicted probabilities were computed for a representative launch. A
launch with one two-month distress episode and fast repair has a predicted extension probability of
41%. An otherwise similar launch with the same depth of initial shortfall but a six-month recovery
has a predicted extension probability of 17%. The effect of fast repair is larger than the effect of
moving from the 25th to the 75th percentile of average performance gap. This is one of the clearest
results in the paper [33]. Partners appear to treat recovery capability as evidence about the future
manageability of the relationship.

Amendments without extension follow a different pattern. These are more common when distress
occurs but is at least partially mitigated. The coefficient on distress months is positive in the amend-
ment equation for the first few months and then turns negative once distress becomes prolonged.
This implies an inverted-U relation. Moderate difficulty leads to contract revision; persistent diffi-
culty leads to abandonment. Overlap and asymmetry both increase the probability of amendment
relative to clean extension, which is consistent with the idea that the contract is used to reassign
responsibilities when the original role architecture proved difficult to manage.

A separate analysis of revenue-sharing amendments clarifies the mechanism. Among amended
launches, those with higher asymmetry are more likely to revise the allocation of promotional costs
and retail trade funding rather than price or creative rights. This indicates that the observed fric-
tions are not purely symbolic. They translate into who pays to repair the launch once performance
slips. The distribution of repair burden appears to be one of the central pathways through which
asymmetry affects continuation.

One might suspect that renewal simply reflects survivorship: launches that recover quickly also
sell better overall, so they are renewed for that reason alone. Several tests suggest a more nuanced
interpretation [34]. When total first-year sales and averagemonthly gap are held constant, fast repair
remains strongly predictive of extension. In a matched subsample of launches with very similar first-
year sales, those with short recovery spells are renewed more often than those with long recovery
spells. This pattern indicates that partners value the informational content of recovery speed over
and above the level of realized sales.

The role of initial appeal becomes muted in the renewal stage. Once distress history and repair
are included, launch appeal has only a small and statistically weak effect on extension. A highly
attractive launch that handled adversity poorly is not especially likely to be renewed. Conversely, a
moderately appealing launch that demonstrated strong repair capability is often renewed. This result
contrasts with prelaunch managerial intuition, which frequently emphasizes concept attractiveness.
The evidence suggests that the operational behavior of the dyad after launch is more diagnostic for
continuation.

An additional result concerns the difference between structural mismatch and repairable execution
failure. The model classifies a subset of launches as having persistent distress even after substantial
corrective reallocation. These launches are disproportionately characterized by high asymmetry
and deep integration. Their renewal probability is close to zero. In contrast, launches with moderate
distress followed by rapid recovery are often moderately integrated and high on discipline. The
contrast suggests that the data are capturing two distinct economic phenomena rather than a single
continuum of bad luck [35]. Some collaborations were difficult because themarket response required
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adaptation. Others were difficult because the underlying joint proposition was unstable.

The renewal evidence therefore reinforces the central premise of the paper. Partnership outcomes
should not be reduced to average gains. The more consequential question is whether the collabora-
tion can return to a stable path after adverse information arrives and whether that process reveals a
partnership worth continuing. Renewal behaves accordingly.

7. Boundary Conditions, Diagnostic Checks, and Alternative Explanations

Several alternative interpretations deserve careful attention. The first is simple selection. Firms that
choose staged rollouts or low-overlap governance may also be more disciplined or higher quality in
unobserved ways, and those latent traits could drive the results. The paper addresses this in multiple
ways. Launch- and firm-level controls absorb observable quality differences. A propensity-weighted
subsample balances high-discipline and low-discipline launches on prelaunch characteristics, includ-
ing category position, prior innovation outcomes, and partner-level commercial strength. In that
balanced sample the discipline effect remains negative for distress onset and positive for recovery.
The coefficient magnitudes fall somewhat, but the qualitative pattern survives. This suggests that
process discipline is not merely standing in for general managerial quality [36].

The second concern is that overlap could proxy for innovation complexity. More novel offerings
often require both partners to coordinate more tasks. If such launches are inherently riskier, overlap
may simply mark that risk. Two checks mitigate this concern. First, novelty intensity is controlled
flexibly using both categorical and continuous measures. Second, the models are re-estimated within
the top half of novelty only. Even among relatively novel launches, higher overlap predicts earlier
distress and slower recovery. Innovation complexity contributes to risk, but it does not subsume the
effect of ambiguous task ownership.

A third concern is measurement error in the hidden-state classification. The distress state is la-
tent and inferred rather than directly observed. To assess robustness, three alternative definitions
are examined: a simple threshold rule based on two consecutive months below the 25th percentile
of benchmark-adjusted performance, a smoother regime-switching model with t-distributed errors,
and a machine-learning classifier trained on retailer support contractions and managerial interven-
tions. The main substantive conclusions remain. Overlap, asymmetry, and crowding increase the
incidence of economically meaningful underperformance, while discipline and early corrective ac-
tion improve resilience. The hidden-state approach is retained because it offers the best combination
of interpretability and predictive fit, not because the results depend on a single classification rule
[37].

A fourth concern is that corrective reallocation may reflect omitted shocks rather than remediation.
For example, an external positive shock could arrive at the same time as a corrective action, creating
spurious evidence that the action caused recovery. Several checks argue against this interpretation.
The instrumental-variables estimates are stronger, not weaker, than the ordinary estimates. Local
projections around distress onset show no anticipatory improvement before correction is imple-
mented. Moreover, placebo corrections assigned to matched nondistressed launches do not predict
subsequent abnormal performance. These patterns increase confidence that the measured effect is
linked to actual remediation.

The fifth concern iswhether the renewal results are driven bymechanical contract length differences.
Some partnerships may have been designed from the outset as short experiments, while others were
intended to be long-lived. Contract-duration controls are therefore included wherever available, and
a restricted sample of launches with explicitly similar initial terms is analyzed separately. Fast repair
continues to predict extension in the restricted sample. The economic interpretation of renewal as
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posterior belief updating about repair capacity remains plausible.

The analysis also examines several boundary conditions. Category turbulence alters which vari-
ables matter most. In highly turbulent categories, launch appeal provides more initial protection
and correction must arrive especially early to matter [38]. In less turbulent categories, asymmetry
and crowding dominate. Retailer concentration offers another boundary condition. When a small
number of retailers account for most category sales, task overlap becomes more damaging because
the coordination failure with a single major account can generate large performance swings. In frag-
mented retail settings, overlap still matters but less severely. These differences are consistent with
the commercial mechanism proposed earlier.

Launch form continues to matter, but in a way that differs from simple average comparisons. Com-
posite launches have the lowest distress incidence when asymmetry is low and discipline is high.
Under those conditions their deeper integration supports both clearer consumer understanding and
richer corrective levers. When asymmetry is high, the same composite structure becomes the most
fragile. Endorsement-led launches are less sensitive to asymmetry but more sensitive to crowding,
because their symbolic value erodes quickly when the endorsing partner is spread across many col-
laborations. Ingredient-featured launches sit between these extremes. This pattern suggests that
launch form should be evaluated conditionally rather than ranked universally.

A related diagnostic concerns partner role. In some collaborations the primary commercial partner
dominates distribution and shelf execution, while the secondary partner mainly contributes sym-
bolic or component value. The paper estimates role-specific versions of overlap and crowding [39].
Overlap on downstream commercial tasks is more damaging when it involves the primary side,
whereas crowding is more damaging when it occurs on the symbolically salient side. This asym-
metry is informative because it ties each variable to a distinct mechanism. Not all frictions operate
through the same part of the dyad.

The possibility of reverse causality between crowding and performance is also considered. A part-
ner with many attractive opportunities may choose to crowd its portfolio precisely because it is
successful, and those same capabilities may help recovery. If so, the negative crowding result would
be surprising. To test this, historical standalone performance and prior collaboration success are
controlled directly. Crowding remains negative after these controls. The implication is that what-
ever advantages successful partners possess, there is still a real marginal cost to running too many
collaborations at once.

An additional falsification uses launches that were planned but never fully commercialized. These
near-launch cases provide information on the prelaunch architecture without post-launch scanner
realization. Variables such as overlap and discipline do not strongly predict whether the launch is
canceled before market introduction once financial distress at the parent level is controlled. Their
predictive power appears after commercialization begins, which fits the argument that they matter
as response architecture rather than as pure selection into launch.

The paper also tests whether the synthetic benchmark itself biases results against partnerships by
constructing alternative donor pools that include partial collaborations and adjacent-category ana-
logues. The main findings are stable [40]. Mean gaps shift slightly, as expected, but the relations
among overlap, asymmetry, crowding, discipline, and the dynamic outcomes remain. This stability is
important because the argument of the paper is about the shape of underperformance and recovery,
not about the exact average counterfactual level.

Finally, a joint estimation of distress, recovery, and renewal with correlated random effects shows
that the three outcomes are linked but not redundant. The random-effect correlation between dis-
tress incidence and long recovery is positive and sizable. The correlation between fast recovery and
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renewal is even stronger. Yet even after allowing for these latent correlations, the observed covari-
ates continue to play distinct roles at each stage. This supports the paper’s central modeling choice
to separate onset, repair, and continuation rather than collapse them into a single latent success
score.

8. Implications for Studying and Managing Partnership Outcomes

The results change how partnership outcomes should be interpreted. In many empirical settings the
natural instinct is to summarize a collaboration by average realized value. That summary is attractive
because it is simple and comparable across cases. The present evidence suggests that it is often
incomplete. Two launches with similar first-year average performance can differ dramatically in
their path to that average. One may remain stable throughout. Another may suffer a deep break and
recover only after substantial corrective spending and contract revision [41]. Those two paths imply
different partner capabilities, different governance lessons, and different prospects for continuation.
Outcome research that ignores the path may therefore misclassify the partnership.

A second implication concerns the meaning of governance clarity. Governance is often discussed
in broad contractual terms such as exclusivity, scope, or intellectual-property ownership. These are
important, but the evidence here points to a more operational dimension: whomoves first when per-
formance slips. The most damaging form of ambiguity in the data is not legal uncertainty about who
owns the joint asset. It is commercial uncertainty about who owns the first response. Partnerships
with extensive joint control over downstream tasks have more frequent and more persistent distress,
even when the joint control may have seemed attractive before launch. This finding suggests that
outcome research should pay closer attention to procedural ownership and response sequencing.

A third implication concerns the trade-off between integration and asymmetry. Deeply integrated
collaborations are not uniformly better or worse. Their performance depends on whether the part-
ners are sufficiently close in commercial power to sustain a shared operating logic. When that con-
dition holds, deep integration lowers distress and improves recoverability. When it does not, deep
integration exposes and amplifies mismatch. This conditional pattern provides a richer interpreta-
tion of partnership form [42]. The appropriate level of integration is not determined in the abstract; it
depends on the dyad’s asymmetry and its ability to absorb negative information without immediate
blame shifting.

A fourth implication concerns portfolio design. The resultsmake a distinction between learning from
repeated collaboration and overloading the portfolio. Firms can gain from partnership experience,
but those gains are not boundless. Once external collaborations become numerous and commercially
broad, the marginal collaboration suffers both from diluted managerial attention and fromweakened
distinctiveness. For managers this means that the productive frontier of partnerships is unlikely to
be monotonic in count. There is an interior region in which experience is beneficial and a crowded
region in which additional collaborations reduce resilience. For researchers this means that alliance
count alone is an insufficient variable. The distribution of attention across simultaneously active
collaborations matters.

The evidence on fast repair also has conceptual implications. Renewal depends heavily on whether
the first major shortfall was addressed quickly and credibly. This suggests that partners learn about
one another most sharply under adversity. A collaboration that never faces a meaningful negative
deviation may not reveal much about the dyad’s repair capacity. By contrast, a collaboration that
faces one and responds well creates information that supports future cooperation. Outcome research
could therefore benefit from treating adverse episodes as informative events rather than as nuisance
volatility [43].
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A final implication concerns measurement. Distress is often hidden in standard quarterly or annual
data. Monthly data, benchmarked residuals, and latent-state methods reveal the short operating
episodes that matter for whether the collaboration survives. This is not only a technical point. It
means that some partnerships appearing moderately successful in annual averages are in fact expen-
sive to manage and unlikely to be renewed, while others appearing ordinary in average terms are
strategically valuable because they demonstrate exceptional recoverability. Partnership outcomes
are better understood when the time path of deviation is observed with enough resolution to iden-
tify these differences.

9. Conclusion

This paper examined partnership outcomes through the dynamics of post-launch instability rather
than through average performance alone. Using a large monthly panel of commercial collabora-
tions, the analysis showed that partnerships differ systematically in their probability of entering a
distressed operating state, in the speed with which they recover from that state, and in whether the
relationship is renewed once the initial term ends. The main sources of fragility are overlapping
downstream control, substantial commercial asymmetry, and crowded external collaboration port-
folios. The main sources of resilience are rollout discipline, categories with usable corrective levers,
and rapid post-shock reallocation of support. Deep integration is beneficial only within a limited
range of partner asymmetry.

The broader contribution is to recast partnership outcomes as a sequence of state transitions and
repair decisions. A collaboration is not defined only by how much value it appears to generate on
average. It is also defined by how it behaves when realized demand falls short, whether the partners
can reestablish a stable path quickly, and whether that recovery changes the perceived viability of
continued cooperation. This view helps explain why superficially similar partnerships often diverge
sharply in later continuation and why the most informative evidence about a dyad may emerge only
after the first disappointment occurs [44].
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