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Abstract

Research and development (R&D) operations commonly experience innovation disruptions, such as
project discontinuations, alliance terminations, or new product launches. In healthcare, innovation
disruptions are susceptible to spillover consequences because R&D typically depends on other
organizations’ activities, which creates an interdependence that may require considerable managerial
coordination. This dissertation focuses on how innovation disruptions in healthcare lead to unintended
consequences that can benefit some of the parties involved and harm others. A multi-level perspective
is adopted to develop three empirical studies that examine these consequences.

The first study examines how the implementation of an Al-enabled exercise monitoring technology
disrupts traditional physiotherapy service delivery in a real-world clinical setting. This study suggests
that Al-enabled monitoring helps sustain patient participation to home-based exercise by reducing
uncertainty about exercise performance and reinforcing accountability in service co-production. Rather
than replacing the physiotherapist from the co-production process, the technology appears to strengthen
the patient-provider relationship. The second study examines whether a successful drug launch by a
pharmaceutical firm affects the stability of its other alliances with biotechnology partners. Using
alliance and drug development data, the study shows that successful launches by a pharmaceutical firm
are associated with a higher likelihood of alliance termination for biotechnology partners. Therefore,
positive innovation outcomes for one firm can be associated with a vulnerability for their partner. The
third study examines how drug development project discontinuations affect subsequent inventor-level
innovation activities (e.g., patent outputs, patent novelty). Using matched inventor-project panel data,
the study demonstrates that discontinuations are associated with increased formation of new
collaborations, lower patent output, and higher patent novelty over time, which suggests that negative
project events like discontinuations can redirect search toward new technological directions albeit with
productivity costs.

Collectively, the three studies show that disruptions in R&D operations generate spillover
consequences that extend beyond the focal event and differ across contexts and levels of analysis. The
dissertation contributes to research on managing R&D by showing that disruptions are recurrent and
have important implications for firm developing innovation, users that participate in or benefit from

innovation, and inventors who create it.
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Chapter 1:
Introduction

Research and development (R&D) is a complex operational process. Like other operational processes,
R&D requires coordination, involves repeated activities, and depends on effective resource allocation,
process control, and decision-making (Shavinina, 2003). Early models conceptualized managing
innovation as a standard and predictable sequence of stages (Utterback, 1971), but subsequent research
shows that innovation processes vary widely in structure and objectives (Salerno et al., 2015; Shenhar,
2001). Furthermore, individual innovation projects are only one component of a firm’s innovation
ecosystem and must be managed accordingly when facing external pressures and interdependencies
(Hansen & Birkinshaw, 2007). These interdependencies make innovation processes inherently unstable:
disruptions are frequent and often endogenous to the innovation process itself. As with any operational
context, managerial intervention becomes necessary when a steady state is disrupted (Bessant et al.,
2005). Understanding managerial responses to innovation disruptions is particularly important in
healthcare where there are concerns about declining R&D productivity (Pammolli et al., 2011; Salerno
et al., 2015) and an ageing global population is increasing demand for new medical innovations.

Innovation disruptions arise from various sources. For instance, both past successes and failures
can disrupt R&D operations (Lévesque et al., 2022). As well, strategic decisions like reallocating efforts
from exploration to exploitation, can lead to disruptions (Uotila et al., 2009). Regardless of their origin,
disruptions require managerial interventions to return operations to a functioning steady state. Because
innovation processes are interdependent with other organizational systems, disruptions can generate
spillover effects that extend beyond their immediate locus. Understanding these spillover consequences
is essential for advancing research on managing R&D operations.

This dissertation examines how disruptions related to healthcare innovation create unintended
consequences across different levels of analysis. These disruptions can have broad operational impacts
because R&D involves interdependencies in which end-users, firms, and inventors are connected
through shared resources, coordinated activities, or common objectives. Accordingly, the dissertation

adopts a multi-level approach. Chapter 2 evaluates how implementing a new Al-enabled technology



designed to support physiotherapy exercises—a disruption to physiotherapy service delivery—
influences service co-production and creates unintended spillover benefits, including an improvement
to the patient—physiotherapist relationship. Chapter 3 is set in the biopharmaceutical industry to examine
how a pharmaceutical firm’s drug launch affects the likelihood of terminating R&D alliances with
biotechnology partners and shows that a positive disruption for the focal firm can generate negative
spillovers for its partners. Chapter 4, on the other hand, investigates how the discontinuation of a drug
development project affects the subsequent innovation outputs of the affected inventors for years after
the discontinuation, and highlights a tradeoff whereby inventors tend to form new collaboration and
increase the novelty of their innovations albeit with a lesser innovation output.

Taken together, these studies position the dissertation within a research agenda on managing R&D
operations facing disruptions. Figure 1 summarizes the disruption type, context, unit of analysis,
outcome, and unintended consequence examined in each chapter. The three chapters are linked by a
focus on how disruptions are associated with spillover effects beyond the focal event or focal actor.
Examining disruption at the user (Chapter 2), firm (Chapter 3), and inventor (Chapter 4) levels, the
dissertation shows that such effects can impact relationships, behaviors, and innovation trajectories over
time. While this work does not capture all possible disruptions or consequences in R&D, it contributes
to managing R&D operations by showing that disruptions can generate both positive and negative

spillover effects across multiple levels of analysis.

Chapter 2: User level

Chapter 3: Firm level

Chapter 4: Inventor level

Disruption type:

Implementation of Al-
enabled innovation

Context:

Physiotherapy service
delivery

Unit of analysis:

Users involved in
serviee co-production

Qutcome:

Change in exercise
behavior

Unintended
consequence:

Spillover within
service interaction

Next, concise overviews of Chapters 2, 3, and 4 are presented, to outline the research questions,

empirical settings, and main findings. Specifically, Chapter 2 focuses on answering: 7o what extent can

Launch of a new drug

Biopharmaceutical
drug development

Inter-firm alliances

Alliance termination
risk

Spillover to alliance
partners

Discontinuation of a drug
project

Biopharmaceutical drug
development

Individual inventors

Changes in patent
activities

Spillover to innovation
trajectories

Figure 1.1. Overview of the three dissertation studies




Al-enabled monitoring and feedback improve the quantity and quality of co-production inputs? And
what behavioral factors drive these improvements? In professional services (e.g., physiotherapy),
service co-production is common whereby customers are active participants in the service process, often
without the service provider’s supervision (e.g., patients exercise at home). This chapter investigates
whether Al-enabled monitoring-and-feedback mobile technology can relieve the service provider from
supervision of off-site co-production, in the context of physiotherapy. A 12-week field study was
conducted with 124 patients, of which a cohort was delivered exercise technique feedback and progress
tracking in real time (intervention participants) while another cohort was not (control participants). The
dataset comprises 9,310 patient-day datapoints and 2,093 hours of movement data, complemented with
semi-structured interviews with participants. The findings show that both cohorts began the study with
similar exercise participation—in terms of exercise duration and exercise frequency—but the
intervention cohort sustained participation over time while control-cohort participation declined.
Exercise technique patterns show that sustained participation stems from more than Al feedback alone.
Although the value of feedback diminishes as technique proficiency rises, sustained participation
remains high in the intervention cohort. The qualitative analysis uncovers three behavioral mechanisms
that explain this sustained participation: uncertainty reduction from real-time feedback; intrinsic
accountability gained from progress tracking; and extrinsic accountability gained from data sharing
with physiotherapists. The findings support human-Al complementarity by showing that service co-
production with Al-enabled mobile technology is most effective when augmenting rather than replacing
provider-customer relationships in this context. Additionally, Chapter 2 offers practical design
principles for managers to leverage Al by making invisible work visible, reducing execution
uncertainty, and improving service relationships.

Chapter 3 concentrates on addressing the following research question: Do drug launches by a
pharmaceutical firm increase the risk of alliance terminations for its biotech partners, and can such
termination be distinguished from other types of terminations with information observable when
alliances are initially formed? Biotech-pharmaceutical alliances often involve asymmetrical
dependencies, with biotech firms being more reliant on their pharmaceutical partners than vice versa.

This imbalance poses a previously overlooked vulnerability to biotech firms: an increased likelihood of



alliance termination following a pharma partner’s drug launch, even when the launch is unrelated to the
alliance. Analyzing 1,649 terminated biotech-pharma alliances over two decades suggest that
terminations disproportionately occur after drug launches. A survival analysis of 3,496 alliances with
known outcomes shows that the risk of termination increases significantly during the three-year period
following a drug launch. Using machine learning (ML) shows that this risk is predictable based on
features observable at alliance formation and that these events are not strategically timed to coincide
with the negative news of an alliance termination with the positive news of a drug launch. Rather, the
findings reveal a hidden cost of open innovation in asymmetric partnerships. Hence, a data-driven
approach demonstrates how ML can uncover management phenomena and inform biotech partner
selection by identifying post-launch termination risks that were previously unknown.

Chapter 4 focuses on answering: Does project discontinuation influence subsequent inventor-level
innovation outcomes by changing future collaboration opportunities? Inventors drive innovation.
Consequently, drug development discontinuations are expected to impact subsequent inventor-level
innovation outcomes through the formation of new collaborations. This chapter examines this impact
by focusing on the biopharmaceutical context, where discontinuations are common and innovation can
be tracked through patent activities. A comparison of inventors associated with discontinued projects
against matched inventors on projects that remain active is performed using an inventor—project panel
data constructed by linking Cortellis Drug Development Intelligence data with patent records. The
sample includes 6,723 discontinued projects, 14,732 matched non-discontinued projects, and 164,129
inventors. The findings suggest that drug development discontinuations lead inventors to form more
new collaborations over time. Discontinuations are also associated with lower patent output but higher
patent novelty. Mediation results show that new collaborations help explain the increase in patent
novelty, but not the decline in patent output. Furthermore, the findings demonstrate that discontinuations
for scientific reasons (like safety concerns) are associated with a stronger increase in new collaborations
than non-scientific discontinuations (like those due to market condition changes). However, the indirect
effect through collaboration is more negative for patent output and less positive for patent novelty
following scientific discontinuations. These findings are consistent with problemistic search theory and

contribute to research on innovation and collaboration by showing that negative project events can



redirect inventors toward new collaborations and more novel technological directions, albeit with a cost
to innovation productivity.

This dissertation advances the central claim that managing innovation requires anticipating indirect
consequences of disruption. Disruptions influence motivations, reallocate attention, and alter future
trajectories by inducing responses beyond the focal event. The three main chapters show that these
responses are systematic within the context studied. An Al-enabled intervention can sustain user
participation intrinsic and extrinsic motivators. A successful drug launch can destabilize alliance
relationships for dependent partners. A project discontinuation can redirect inventors toward new
collaborations and more novel technological directions, while reducing short-term output. These
findings highlight spillovers as an important consideration when managing innovation processes. By
considering evidence from user, firm, and inventor levels, this dissertation contributes to a multi-level

perspective of how disruptions propagate through R&D operations.



Chapter 2:
Al-enabled Mobile Technology for Service Co-production:
A Physiotherapy Comparative Cohort Study

2.1. Introduction

Service co-production encompasses value-creating tasks performed by customers outside the provider’s
direct supervision (Roels, 2014). These customer-provided inputs, whether patients completing
rehabilitation exercises, clients filling in documents, or students engaging in preparatory coursework,
can vary in both quantity and quality, and this variability strongly influences service performance.
Managing these inputs is challenging since service providers cannot directly observe or control them,
yet they are essential to the effectiveness and efficiency of the service process. Proper design and
management of Al technologies can address many service challenges (Dai & Tayur, 2022; Gnewuch et
al., 2024; Spring et al., 2022; L. Wang et al., 2023), including co-production (Angelopoulos et al., 2023;
M. M. Li et al., 2024).

Service co-production challenges are particularly prominent in the context of physiotherapy, where
low adherence to prescribed home exercise programs is a longstanding operational problem, with
adherence rates typically below 50% (Bonnechre et al., 2016; Jack et al., 2010; McLean et al., 2010).
Although exercises are essential for recovery (Boyer et al., 2025), patients often fail to complete them
consistently or correctly outside the clinic. This non-adherence undermines recovery, prolongs
treatment, and increases reliance on in-person supervision (Kilig & Giines, 2024). Ineffective co-
production strains already overburdened healthcare systems and force operational trade-offs between
quality and throughput (V. Ahuja et al., 2020). While the technical feasibility of co-production via home-
based rehabilitation is well established, patients frequently express uncertainty about proper exercise
technique without direct supervision (Argent et al., 2018), limiting the effectiveness of this model. In
this article, we examine the impact of providing Al-based quality monitoring in physiotherapy co-
production to explore whether, when, and why it can improve adherence to prescribed at-home
exercises, the primary co-production input in this service process.

Despite technological advances and the importance of co-production to service performance,

empirical evidence on how Al can be integrated into service processes to manage uncontrollable off-



site customer inputs remains scarce (M. Li et al., 2025), though interest on the impact of Al on service
design and delivery is growing (Cohen et al., 2024). Moreover, research on Al-enabled hybrid
intelligence and digital transformation highlight the challenge of sustaining human contributions over
time (Angelopoulos et al., 2023; M. M. Li et al., 2024). In healthcare, systematic reviews of digital
rehabilitation technologies find that very few interventions measure co-production (exercise)
adherence, even fewer provide real-time feedback, and none benchmark against a control group (Sassi
et al., 2024). Related work in the technology adoption literature has focused primarily on determinants
of initial Al adoption, with limited attention to sustained user behavior over time (Soulami et al., 2024).
Together, these literatures point to a lack of evidence on the impact of Al-enabled systems on customer
contributions in co-production settings. This gap is critical in professional services like physiotherapy,
where long-term adherence to prescribed inputs is essential to achieving the intended service outcomes
(Boyer et al., 2025; Burns et al., 2021). This study addresses this gap by evaluating a novel digital
technology in the physiotherapy service process to investigate: 7o what extent can Al-enabled
monitoring and feedback improve the quantity and quality of co-production inputs? And what
behavioral factors drive these improvements?

From the perspective of unified services theory (Sampson & Chase, 2022; Sampson & Froehle,
2006; Spring et al., 2022), home exercise adherence represents a primary input to the physiotherapy
service process. Because this input is generated outside the clinic, in-process quality control is difficult,
and variability in input quantity and quality directly affects final service outcomes (Roels, 2014).
Technology-augmented service designs have been proposed to improve home care ( e.g., Bavafa et al.,
2021), but most digital health technologies for physiotherapy focus on reminders or passive tracking,
offering no timely feedback on exercise quality (Sassi et al., 2024). We developed SPARS/PT+, an Al-
enabled monitoring and feedback system that combines smartwatch-based motion sensing Al (SPARS
or Smart Physiotherapy Activity Recognition System) with a mobile application (PT+) to deliver real-
time feedback on exercise technique and track participation over time. This design aligns with the
human—AI complementarity perspective (Farhan et al., 2025; Nguyen & Elbanna, 2025; Vaccaro et al.,
2024) by allocating off-site feedback to the Al system while preserving clinical tasks for the therapist.

We conducted a 12-week comparative cohort study comprising 124 adult participants with



diagnosed shoulder injuries (100 control, 24 intervention). Two control participants withdrew before
their second visit and were excluded from the analysis, leaving 122 participants (98 control, 24
intervention). Exercise patterns were collected by smartwatch inertial sensors, though we
complemented these quantitative data with qualitative data from interviews. This mixed-method design
enables us to further strengthen the empirical grounding of our study as well as uncover the behavioral
mechanisms underlying the observed effects. Such a design supports de Treville et al.’s (2023) call to
develop theoretical insights that are firmly grounded in empirical evidence. Our results show that
intervention participants completed significantly more exercises than control participants, although the
difference was not consistent over the 12-week period. At the onset of treatment, both groups exhibited
similar behavior; however, intervention participants maintained higher participation both within and
across weeks throughout the study. Qualitative analysis indicates that the intervention’s effectiveness
was driven by three behavioral mechanisms: real-time feedback reduced uncertainty about technique,
which increased participants’ confidence in exercising; progress tracking supported intrinsic
accountability by visualizing goal attainment; and data sharing with providers created extrinsic
accountability through participants’ desire to avoid shame for not exercising.

By quantifying both short- and longer-term behavioral impact of our Al intervention, we advance
three streams of literature. First, in service operations, we demonstrate how Al-enabled monitoring and
feedback can be integrated into the service process to manage uncontrollable customer inputs in co-
production settings, a challenge common across many professional services (Larsson & Bowen, 1989;
Roels, 2014; Sampson & Froehle, 2006). Second, in behavioral operations, we provide empirical
evidence that reallocating specific quality-control tasks to Al can digitally encourage accountability and
sustain engagement. This also extends prior work on technology adoption, which has focused largely
on initial deployment (Blut & Wang, 2020; Davis, 1989; Venkatesh et al., 2003), by showing how
behavioral mechanisms drive sustained use of Al-enabled systems. Third, in technology management,
we contribute to the debate on whether Al should replace or complement humans in professional service
processes (Angelopoulos et al., 2023; Bianchi & Briére, 2024; Koehler & Sauermann, 2025), by
providing evidence that Al can effectively complement human expertise. While grounded in

physiotherapy, our findings have broad implications for service contexts where performance depends



on the quality and consistency of customer-provided inputs generated outside direct provider
supervision.

2.2. Background and Hypothesis Development

In several professional services, the customer is not only a passive recipient of value but an active
participant in its creation, a concept known as service co-production (Roels, 2014). According to unified
services theory (Sampson & Froehle, 2006), customers function as essential, often unsupervised,
productive resources whose inputs are integral to the service process itself. This can increase a firm’s
productive capacity or can be a compulsory part of the service, yet it introduces a core operational
tension: a critical input of the process is executed beyond the firm’s control. This ceding of direct control
over a key input leads to significant variability in both the quantity and quality of customer
contributions, which is a primary driver of overall service performance (Frei, 2006; Sampson, 2000).

In contrast to internal processes where managers can deploy tools to monitor and control quality,
off-site service production creates information asymmetry (Akan et al., 2011); the provider often has
limited or delayed visibility into how, when, or how well external tasks are performed. This lack of real-
time process information means that variability introduced by the customer can propagate unchecked,
leading to downstream disruptions such as the need for rework, prolonged service encounter times, and
inefficient use of the professional’s expertise. A principal concept of operations management is to design
systems that can effectively monitor and manage the variability originating from essential inputs
(Klassen & Menor, 2007).

Digital technologies offer opportunities to address the core operational challenges of service co-
production, most notably, managing control over customer-provided inputs (Froehle & Roth, 2004;
Lariviére et al., 2017). In the operations management literature, well-designed technological
interventions have been shown to improve process control by enabling remote monitoring (Choi et al.,
2022; Palmarozzo et al., 2025) or providing real-time feedback (Margolin et al., 2025), thereby
extending the provider’s reach beyond the physical service facility. The design of these technologies in
professional services is best guided by the principle of human—Al complementarity, which emphasizes
combining human expertise with machine capabilities rather than replacing labor (Farhan et al., 2025;

Nguyen & Elbanna, 2025; Vaccaro et al., 2024). As Spring et al. (2022) demonstrate, Al can automate



certain routines, but it is generally valuable in professional practice by working alongside humans.
Beyond technical capabilities, successful integration also requires trust and acceptance among
stakeholders. In the healthcare context, Dai & Tayur (2022) find that securing buy-in from both
providers and patients is essential for successful deployment and argue that Al systems should be
designed as complementary tools that build trust through transparency, user control, and alignment with
service workflows. These principles directly affect user behaviors. Gnewuch et al. (2024) find that
higher human involvement in Al-enabled processes can increase customer trust and perceived quality,
while more Al automation increases perceived efficiency.

While research on Al in service operations is growing (M. Kim, 2023), empirical studies examining
its role in service co-production remain limited. Evidence from contexts like telemedicine (Gomez et
al., 2024) and customer service (Brynjolfsson et al., 2025) indicates that Al can help reduce process
variability. However, most studies examine short-term effects, often in controlled settings, rather than
tracking sustained impacts in real world use. Prior research has largely focused on adoption and initial
engagement, with limited attention to how Al-enabled systems influence the sustained quantity and
quality of customer inputs. Physiotherapy provides a particularly suitable setting to examine this gap
since effective treatment depends on adherence to prescribed home exercises for extended periods
(McLean et al., 2010; Wright et al., 2014). Taken together, effective technological support for
physiotherapy service co-production requires (1) mechanisms for remote monitoring and real-time
feedback, (2) designs grounded in human—AI complementarity, and (3) features that build trust through
transparency, useability, and usefulness.

As mentioned earlier, low exercise adherence is a persistent coproduction challenge in
physiotherapy (Bonnechre et al., 2016; Jack et al., 2010; McLean et al., 2010). Variability in both the
quantity of exercises performed and the quality of their execution relate directly to core operations
management concerns with input variability, process control, and service performance. Because
adherence must be sustained across an extended treatment horizon, physiotherapy also provides a
natural context for studying the short- and long-term influence of Al on managing co-production

behavior.

10



In response to the problem of low exercise adherence in physiotherapy, a variety of digital health
technologies have been developed to support remote rehabilitation (Argent et al., 2018; Burns et al.,
2021; Sassi et al., 2024). These technologies often take the form of mobile applications with exercise
videos, automated reminders, or wearable sensors that track general activity levels (Sassi et al., 2024).
While such tools can help address the quantity problem of co-production (i.e., whether an exercise was
done), they typically lack the capability to monitor and provide feedback on input quality (i.e., whether
the exercise was done correctly). As a result, the critical issue of performance uncertainty remains
largely unaddressed, which stresses the need for more advanced interventions that can provide remote
real-time feedback on technique. Building on unified services theory, which stresses managing
variability introduced by customer inputs (Sampson & Froehle, 2006), we focus on whether extending
process control off-site through an Al-enabled monitoring and feedback system (SPARS/PT+) can
improve physiotherapy co-production. We develop hypotheses regarding how extending process control
off-site through objective, real-time feedback and performance tracking can influence co-production
behavior.

Because service co-production requires providers to cede control over critical inputs, outcomes
depend heavily on unsupervised execution. In physiotherapy, this lack of oversight can translate into
patient uncertainty about whether exercises are performed correctly (Argent et al., 2018). This
uncertainty creates process friction that can discourage patients from initiating or completing their
prescribed tasks. From an operations perspective, an intervention that reduces such friction should
increase the output of the co-production process. The SPARS/PT+ system is designed as an alternative
to direct supervision by providing real-time validation of exercise quality at home. By confirming
correct technique, Al feedback is expected to reduce uncertainty and increase patient confidence in
performing their co-production tasks. With this uncertainty addressed, the intervention is expected to
increase the number of exercises patients complete. Thus, we posit:

HI1. Participants who receive off-site co-production monitoring with real-time quality
validation will produce a higher quantity of inputs than those who do not.

The service process is designed to be delivered over a specified period (e.g., a 12-week treatment

plan). In co-production settings, however, customer contributions often decline over time, leading to a
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gradual decay in critical service inputs. This pattern is well documented in physiotherapy, where
adherence to home-based exercises decreases significantly as treatment progresses (McLean et al.,
2010), and more broadly in digital contexts, where continued engagement with self-service technologies
often diminishes after initial use (Blut et al., 2021). SPARS/PT+ introduces continuous process visibility
through performance tracking and progress monitoring. By providing patients with a consistent
feedback loop and a clear view of their contribution, we expect a reduction in the typical decline in
participation over the treatment period. Therefore, we hypothesize that:

H2. Participants who receive off-site co-production monitoring with real-time quality
validation will maintain a higher quantity of inputs over time than those who do not.

Unified services theory identifies variability in customer input quality as a key contributor to poor
service outcomes. In physiotherapy, the absence of in-process quality control for at-home exercises
allows poor technique to persist uncorrected. SPARS/PT+ addresses this gap by providing immediate
feedback as an off-site quality assurance loop allowing patients to detect and correct errors as they
occur. With practice guided by feedback, technique should improve and then stabilize once proficiency
is reached. As such:

H3. Participants who receive off-site co-production monitoring with real-time quality

validation will exhibit a learning-curve effect in input quality, with quality increasing until it
plateaus.

We formulate H3 as a within-intervention hypothesis about quality correction since our focus is on
how co-production with in-process quality control influences input quality over time. Because precise
accuracy scores are available only for intervention participants, a between-group comparison would
require non-equivalent measures of technique (e.g., self-reports, clinician ratings, or ex post SPARS
analysis), which would introduce significant measurement errors. A within-intervention design provides
the cleanest and most valid test of this hypothesis.

Moreover, while hypotheses HI to H3 describe the expected effects of the intervention, certain
effects may counteract one another. For example, a learning-curve effect (H3) implies that the value of
Al feedback diminishes as participants become more proficient in exercise technique. Yet, our
expectation of sustained participation (H2) suggests that patients will continue to engage with the
system even after the marginal benefit of feedback has declined. Should both hypotheses be supported,

this would suggest that the technology’s operational role is more complex than simply a quality control
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tool. Initially, it may serve primarily as a feedback mechanism that facilitates learning. Over time, as
technique is mastered, its role could shift into a process management tool that guides and ritualizes
patient engagement. Our quantitative data alone cannot fully capture these mechanisms. Therefore, to
complement our statistical analysis, we conduct follow-up qualitative interviews to probe how the
intervention’s role in the co-production process affects inputs over time.

2.3. Data and Methods
2.3.1. Trial Design

We evaluated the impact of SPARS/PT+ in a comparative sequential cohort study of 98 control and 24
intervention participants, all adults with diagnosed shoulder injuries who were scheduled to receive
physiotherapy. The control cohort participated between May 2019 and April 2023 while the intervention
cohort participated between January 2022 and February 2024. The sequential design was necessary
because the control cohort data were needed to pre-train and validate the SPARS Al model, making
concurrent enrollment with the intervention cohort infeasible.!

Both cohorts followed the same physiotherapy protocol consisting of 12 weekly one-on-one
physiotherapy sessions, with prescribed daily exercises monitored via a smartwatch, generating 9,310
patient-days of records and 2,093 hours of movement data. For the intervention group, smartwatch data
was also transmitted and processed in the cloud in real time to provide feedback on input quantity and
quality via the PT+ application. Figure 2.1 outlines the study workflow and its interactions with
SPARS/PT+.

All physiotherapy sessions took place at Sunnybrook Hospital’s Holland Orthopaedic and Arthritic
Centre in Toronto, Canada. Following the trial, semi-structured interviews were conducted with select
participants to understand their experience and gain additional insights on ensuring the responsible and
ethical integration of Al in healthcare (Boyer et al., 2022; Donia et al., 2024). The study protocol was
approved by the Sunnybrook Research Institute ethics committee (Toronto, Canada; REB#353-2018),

each cohort was preregistered with ClinicalTrials.gov (#NCT04629417 and #NCT05139173) before

1 Due to COVID-19-related delays. Seventy patients in the control cohort and eight patients in the intervention cohort enrolled
during the same period.
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participant enrollment, and written informed consent was obtained from all participants. The exercises
used for this study were developed by two senior physiotherapists for patients seen at the Rapid Access

Shoulder Program at Sunnybrook’s Holland Centre.

Therapy visits
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Note: All patients were equipped with smartwatches to track exercise patterns. Personalized baseline
measures were recorded weekly during physiotherapy sessions, and data on at-home exercises were
collected digitally. Patients in the PT+ intervention group also received a tablet with the PT+
application, which provided real-time feedback and tracking.

Figure 2.1. Workflow of Physiotherapy Treatment and At-home Exercises Monitored by SPARS

2.3.2. PT+ Mobile Application (Intervention)

In addition to providing accurate measures for analysis, SPARS outputs instant performance metrics
that enabled the development of PT+, an android mobile application companion to SPARS. PT+ was
designed in consultation with patients and practitioners to track the completion of prescribed exercises
and display real-time feedback of the quality of each movement. The mobile tablet provided to
participants connects via Bluetooth with the accompanying smartwatch so that participants have access
to live performance feedback as they complete exercises at home. The application’s interface, illustrated
in Figure 2.2, allows participants to find their list of prescribed exercises, access exercise specific

instructions and follow-along videos, view technique accuracy metrics and exercise feedback.
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Note: List of exercises prescribed to the patient (left). Individual exercise where the patient
can review the instructions for an exercise, initiate recording, and follow along with the
instructional video (center). Patient performance and technique accuracy metrics (right).

Figure 2.2. SPARS PT+ Rehabilitation Mobile App

2.3.3. Participants

In total, the study recruited 141 participants. After some immediate abandonment, data was collected
on a control group of 100 participants and an intervention group of 24 participants. All recruited
participants were patients with rotator cuff conditions, including tendinosis, shoulder impingement
syndrome, or degenerative or traumatic rotator cuff tear. Appendix A outlines the inclusion and
exclusion criteria, which were determined in consultation with orthopedic surgeons and
physiotherapists. The cost of 12 weeks of once-weekly supervised physiotherapy sessions was covered
by the study, or, for injured workers participating in the Sunnybrook’s Working Condition Program,
through the Workplace Safety and Insurance Board of Ontario. Patients were referred to the study by
orthopaedic surgeons at Sunnybrook Hospital or applied to participate in the study through the hospital’s

Holland Centre. Recruitment procedures were identical for both cohorts.

Both cohorts are representative samples of patients seeking physiotherapy for rotator cuff
conditions at Sunnybrook’s Holland Centre and are comparable to the demographics of physiotherapy
practices in Canada. Consistent with clinical practice, the groups are relatively balanced by gender but
contain slightly more female participants. The median age is 64 years, with ages ranging from 20 to 80
years old. Participants in both cohorts varied in physiological characteristics (injury severity, symptom

duration, body mass index) and socio-economic characteristics (education, marital status, income, work
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status). As shown in Table 2.1, these attributes are balanced across the intervention and control groups,
suggesting that the samples are comparable and representative of the target population. Demographic

controls are nonetheless included in our analyses.

Control Group Intervention Group
(n = 100) (n=24)
Age, mean (SD) n=100 628(129) n= 23 57.1(21.6)
Baseline physical activity (hours/week), mean (SD) 93* 2.1(4.0) 21 1.8(3.2)
Body Mass Index (BMI), mean (SD) 96 254 (6.4) 20 30.0 (7.5)
Dominant side injured 100 24% (24/100) 22 36% (8/22)
Duration of symptoms (months), mean (SD)** 87 39.5 (55.3) 18 14.4 (14.0)
Sex (female) 99  59% (58/99) 23 78% (18/23)
Highest Level of Education, n (%) 89 20
No high school diploma 3% (3/89) 5% (1/20)
High school diploma 14% (12/89) 20% (4/20)
Some college/university 11% (10/89) 15% (3/20)
College diploma / professional degree 34% (30/89) 40% (8/20)
University degree 38% (34/89) 20% (4/20)
Income (per annum), n (%) 81 13
Less than $40,000 35% (28/81) 33% (4/12)
$40,000 to less than $80,000 28% (23/81) 33% (4/12)
$80,000 or more 37% (30/81) 41% (5/12)
Married/common law, n (%) 96 59% (57/96) 19  84% (16/19)
Severity of Injury, n (%) 100 24
No tear 39% (39/100) 33% (8/24)
Partial tear 23% (23/100) 21% (5/24)
Full thickness tear 38% (38/100) 46% (11/24)
Smoking status, n (%) 50 14
Non-smoker 80% (40/50) 71% (10/14)
Ex-smoker 14% (7/50) 21% (3/14)
Current smoker 6% (3/50) 7% (1/14)
Traumatic injury, n (%) 99  45% (45/99) 21 29% (6/21)
Work status (working), n (%) 91 58% (53/91) 18 33% (6/18)

*The baseline physical activity data from one participant was removed due to an extreme outlier
(99 hours per week), which reduced the response from 94 to 93 participants.

**Control group has longer symptom pre-treatment, due to COVID-19 delays and hesitancy
with seeking treatment during COVID-19. Injury severity was comparable across groups.

Table 2.1. Baseline Demographics Data
Power calculations were conducted to determine the appropriate sample size, as outlined in our
preregistered research protocol (Burns et al., 2020). For the intervention group, power analysis specific
to this study indicated that 20 participants were sufficient to detect a 15 percentage-point difference in
participation rates at a two sided a = 0.05. We enrolled 24 participants in the intervention group,
exceeding this requirement. For the control group, a related clinical validation study (Boyer et al., 2025)
enrolled 100 control participants to achieve 80% power to detect weak correlations (R > 0.25) between

physiotherapy participation and clinical outcomes at a two-sided @ = 0.05. We employed this cohort
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as our control group (n = 100), although 20 participants would have also been sufficient. Power
calculations are based on participant counts (not repeated observations). The longitudinal data (9,310
patient-days) increases the precision of estimates for within-person trajectories and treatment-by-time
interactions in our mixed-effects models, but it does not affect the a priori power for detecting the
between-group main effect. Figure 2.3 presents the patient flow diagram. From the 141 participants
recruited (to account for expected attrition), 17 withdrew before their first therapy session, and 92

completed at least eight weeks of treatment.?

Total Participation
Recruitment
n= 141
I
{
o

O n Change | Retention n Change | Retention
1 100 100% 24 100%
2 98 -2 98% 24 0 100%
3 96 -2 96% 23 -1 96%
4 92 -4 92% 23 0 96%
Number of 5 89 -3 89% 23 0 96%
participants who_| 6 83 -6 83% 21 -2 88%
completed 7 7 77 -6 77% 21 0 88%
weeks in trial 8 72 -5 72% 20 -1 83%
9 69 -3 69% 20 0 83%
10 60 -9 60% 18 -2 75%
11 46 -14 46% 16 -2 67%
[ 12 39 -7 39% 5 .11 21%

Figure 2.3. Flow Diagram of Enrolled Participants in the Study

2.3.4. Data Collection

SPARS is an in-house technology designed to provide greater analytical depth for exercise research
(Burns et al., 2018). It uses machine learning to analyze inertial data from a smartwatch’s sensor to
detect when patients perform prescribed exercises from a predefined list (Boyer et al., 2021). Once an
exercise is identified, SPARS records its duration and time stamps the activity, which provides the
dependent variables for testing HI and H2. The time stamps also allow us to capture within-week
changes in co-production, measured by the days since the last visit, and between-week changes,
measured by the number of weekly physiotherapy session attended. These variables serve as the
independent variables for HI and H2. In addition, SPARS evaluates exercise quality by comparing

accelerometer and gyroscope data against personalized baselines established during each patient’s most

2 Field experiments in operations management vary widely in sample size, with published studies ranging from fewer than 50
participants to several hundred or more (Gao et al., 2023, Table 2), placing our study within established norms.
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recent clinical visit (Burns et al., 2022). A deep learning model generates a percentage similarity score
that quantifies how closely each movement matches the patient’s personalized baseline. This generates
the dependent variables for H3 and the quality feedback used in the intervention. Prior adherence
studies have typically relied on self-reported exercise logs (Bassett, 2003; Bonnechre et al., 2016;
Forkan et al., 2006; Henry et al., 1999; Wright et al., 2014), which are prone to self-reporting bias
(Nicolson et al., 2018), and limits the granularity of data. We have validated SPARS on the participants
in our control group and achieved an area under the receiver operating characteristic curve (AUROC)
of 98.5% for exercise identification (Boyer et al., 2023; Burns et al., 2021).

Each participant was provided with a smartwatch to be worn on their affected extremity when
performing all prescribed physiotherapy exercises. This includes all supervised physiotherapy sessions
within clinics and any physiotherapy exercise sessions conducted by the patient independently at home.
The smartwatches purchased for this study have a 6-axis inertial measurement unit (3-axis
accelerometer, 3-axis gyroscope). The inertial sensors sampled at 50 Hz and recorded to the internal
memory storage on the smartwatch. The smartwatch permits up to 150 hours of sensor data recording
to its 4GB internal memory. The sensor data was transmitted via Bluetooth to an Android tablet and
automatically uploaded to a secure Google Cloud server. For the control group, data was retrieved
during weekly physiotherapy visits. For the intervention group, data was collected in real time using
the tablet equipped with PT+ provided to each patient.

Demographics attributes have been found to be potentially significant predictors of exercise
adherence (Bassett, 2003; Chester et al., 2013, 2018; Jack et al., 2010; Jin et al., 2008; Raman et al.,
2017; Razmjou et al., 2017), for which we collected data to be used as control variables. Such controls
ensure that differences between cohorts can be attributed to the intervention rather than to confounding
factors. The variables measured are: age; sex; body mass index (BMI); dominant side involvement;
symptom duration; mechanism of injury (traumatic or degenerative); rotator cuff tear thickness and
size; type of operative procedures; comorbidity (cumulative illness rating scale) (de Groot et al., 2003);
smoking status; alcohol intake; opioid intake; cannabinoid intake; baseline level of physical activity;
education; marital status; job demands; socioeconomic status (current income); perceived social support

(Enhancing Recovery in Coronary Heart Disease Social Support Inventory) (Mitchell et al., 2003);
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patient self-efficacy (2-item Pain Self-Efficacy Questionnaire) (Nicholas et al., 2015); Patient
Expectation Questionnaire (Razmjou et al., 2008); and Hospital Anxiety and Depression Scale
(Zigmond & Snaith, 1983). This data was collected for each participant pretreatment. Appendix B
details our selection of control variables.

We completed qualitative interviews with patients and a physiotherapist to better understand the
lived experience of those interacting with SPARS/PT+ through this study. The interviews were guided
to cover individual experiences throughout the trial, challenges that arose during their participation, and
ethical concerns or considerations regarding future commercial rollouts. In total, 5 interviews were used
to interpret the results of this study. They were recorded and transcribed, totaling 124 pages of double-
spaced transcripts. Appendix C provides details of the qualitative data collection.

2.3.5. Analysis Method
2.3.5.1. Analysis of Input Quantity
The input quantity analysis evaluates the relationship between the intervention, time in the trial, and the
quantity and consistency of exercises performed, thereby testing H1 (input quantity) and H2 (sustained
inputs over time). Exercise participation was quantified using two measures: exercise frequency,
representing the proportion of days when exercises were completed; and exercise duration, representing
the number of minutes of exercise per day. Both outcomes are analyzed using mixed-effects regression
models, each controlling for month and year fixed-effects, participant-level random effects, and our
selected demographic and psychometric control variables (Appendix B). The models employed can be
expressed as:

Yi = PBoi + BiTi +B2Wi + B3 (Ti X W;) + BaD; + BsY + BeM + OC; +€;. )]

The fixed effects include: ;, the effect of the intervention on baseline participation adherence (T;);
B, the effect of the number of weekly physiotherapy session attended (W;); f3, the interaction effect
between the intervention (T;) and number of weekly physiotherapy session attended (W), capturing the
effect of the intervention over time; and f,, the main effect of the number of days since the last visit
(Dy). Year fixed effects (f5Y) were included because the control and intervention cohorts were enrolled

sequentially, with many control participants completing the trial before the intervention participants
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began. However, due to COVID-19 related delays, there was a 16-month period of overlap during which
78 participants (70 control and 8 intervention patients) were enrolled concurrently. This overlap allows
us to control for time fixed effects in our model. Month fixed effects (SsM) were also included to
account for potential seasonal influences on exercise behavior (e.g., holiday season, summer vacation,
etc.). Additionally, the model includes a vector of control variables (C;) with corresponding coefficients
(@). The model includes random intercepts to account for variability between participants and exercises.
Specifically, fo; = Yoo + Upi, Where ug; represents the random intercept for each participant and y

represent the average intercept for all participants. Finally, €; denotes the residual error for each
participant, assumed to be normally distributed with €;~N (0, g2).

2.3.5.2. Analysis of Input Quality

The input quality analysis examines the relationship between the number of exercise repetition and
technique accuracy scores using log-linear mixed-effects modeling, thereby testing H3. We began with
exploratory analysis (see Appendix D) to inform our model specification, which revealed significant
variation in accuracy scores between participants and across exercise types, supporting the inclusion of
random effects to account for nested data structures. Specifically, individual accuracy measurements
recorded during exercise set repetition (Level 1) are grouped by participant ID (Level 2) and by exercise
type (Level 3). Measurements from the same participant are likely correlated due to repeated
observations within individuals while measurements from the same exercise type are likely correlated
because they share similar movement difficulty. A random slope for injury severity of injury per exercise
type is also added since the effect of injury severity on technique accuracy may differ across exercises.
Because learning in repetitive tasks typically follows a curve with rapid initial improvement and
diminishing gains over time, prior research recommends log-linear modeling to capture this relationship
(Anzanello & Fogliatto, 2011). Accordingly, we applied a log transformation to the exercise repetition
variable in specifying our mixed-effects model. We model the relationship between technique accuracy

(¥ij) and the number of sets of exercise repetition (x;j) completed by participant (i) for a given exercise
type (j) based on Eq. (2).

Yij = Boij + B1log(x;j) + B2;S; + 0C; + €. 2
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The fixed effects include: B, the effect of the log-transformed number of exercise repetition (x;j).
To model the effect of injury severity (S;), we specify B,; = B, + u,j, where B, is the average fixed
effect of injury severity and u,; is a random slope capturing the variable effect of injury severity across
exercise types. Additionally, the model includes a vector of control variables (C;) with corresponding
coefficients (0), accounting for demographic and psychometric factors. The model also includes
random intercepts to account for variability between participants. Bo;; = Yoo + Uo; + Ugj, Where uy;
represents the random intercept for participant (), uy; represents the random intercept for exercise (j);
and ygo represents the average intercept for all participants. Finally, €;; denotes the residual error for
each observation, assumed to be normally distributed with €;;~N (0, a?).

As highlighted earlier, this analysis is only performed for the intervention cohort due to several
methodological challenges. First, the control group data was used to pre-train and validate the technique
adherence model in PT+, introducing potential data leakage bias. Second, the PT+ application provides
follow-along video instructions, allowing for precise classification of each recorded movement by
matching it to the video the participant was watching. While SPARS can retrospectively classify
exercise types for control group data, some movements are too similar to distinguish accurately,
requiring grouping of movement patterns and introducing potential errors (Boyer et al., 2023). This
limitation does not affect the input quantity measures where identifying the precise exercise type is not
required, but it introduces potential errors in the input quality measures.
2.3.5.3. Analysis of Semi-structured Interviews
We gain deeper insight into participants’ experiences with the intervention by qualitatively analyzing
semi-structured interviews on four patients and the physiotherapist who delivered most of the clinical
sessions in the study. Three patients were selected from those in the intervention group who completed
all 12 weeks of physiotherapy, and one patient exited the program after the 9™ physiotherapy session.
All interviews were conducted in person by a member of the research team formally trained in
qualitative interviewing and qualitative research methods. Each session lasted approximately one hour
and followed a semi-structured guide that invited participants to discuss their experience with the

SPARS/PT+ technology, its perceived usefulness, and their concerns or opinions regarding privacy, data
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use, and the ethics of Al-enabled health monitoring. Interviews were audio-recorded and transcribed
verbatim.

A second research team member, also trained in qualitative methods, who had no prior relationship
with participants and was not involved in the technology’s development nor the trial’s implementation,
conducted the qualitative analysis to reduce potential bias. This team member followed a grounded
theory approach, beginning with open coding of the transcripts to identify recurrent concepts and
patterns. These initial codes were then refined into focused codes and consolidated through an iterative
process into emergent themes. Peer debriefing sessions were used to validate and finalize the thematic
structure.

Throughout the analysis, qualitative insights were triangulated with quantitative data, particularly
patterns observed in adherence behavior and clinical outcomes. For example, themes related to patient
motivation and accountability were interpreted alongside adherence metrics from the smartwatches’
data. This integration helped to contextualize and validate our interpretations. Appendix C provides a
detailed description of the qualitative analysis, including sample interview questions and the

development of thematic codes.

2.4. Results
2.4.1. Input Quantity
H1 posits that participants who receive off-site co-production monitoring with real-time quality
validation will produce a higher quantity of inputs than those who do not; in other words, participants
in the intervention group will complete more home exercises than those in the control group. Co-
production quantity of inputs was measured using two dependent variables: (1) exercise frequency,
defined as the proportion of days participants completed any exercise; and (2) exercise duration, defined
as the average number of minutes of exercise participants completed per day. We first analyzed
univariate results for the continuous variable (exercise duration) to estimate an effect size, followed by
mixed-effects models for both measures of input quantity.

Univariate analysis comparing average daily exercise duration per participant throughout the 12-

week study using Welch’s t-test shows that the intervention group did exercise significantly more than
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the control group. On average, the intervention participants exercised for 7 minutes and 51 seconds per
day, compared to 4 minutes and 3 seconds for the control group (t(29.752) = 4.06, p < 0.001). This
difference represents a large effect size (Cohen’s d = 1.11 [95% CI: 0.64, 1.58]) and provides support
for H1. However, since patients were assigned to the intervention group after control participants were

enrolled, the results may be affected by time-related confounding.

Exercise frequency Exercise duration
Models ) @) B) (4) 5) (6)
All Control Intervention All Control Intervention
Intervention -0.369 -0.701
(baseline effect) (0.473) (1.206)
Days since last -0.055%**  .0.059%** 0.006 -0.030%**  -0.036***  0.155%%*
physio visit (0.004) (0.004) (0.017) (0.003) (0.004) (0.052)
Number of visits -0.195%**  _(0.195%**  _(.117%** -0.188***  .(0.192%**  (.640%***
(0.012) (0.012) (0.034) (0.026) (0.025) (0.122)
Intervention X 0.071%* 0.687%**
Fﬁ}lnrgezfrl;/i(r)lfg‘gfsfletcst) (0.026) (0.058)
Age 0.016+ 0.027* 0.013 0.043+ 0.048+ 0.062
(0.009) (0.012) (0.011) (0.023) (0.029) (0.050)
Sex -0.249 -0.327 -0.586 -0.949 -0.813 -1.614
(Female) (0.267) (0.303) (0.630) (0.702) (0.737) (2.849)
BMI 0.002 0.005 0.037 0.031 0.025 0.174
(Body Mass Index) (0.020) (0.024) (0.028) (0.053) (0.058) (0.132)
PSEQ2 0.032 0.017 0.072 0.141 0.074 0.303
(Pain Self-efficacy) (0.041) (0.047) (0.076) (0.108) (0.114) (0.356)
Year fixed effects Yes Yes Yes Yes Yes Yes
Month fixed effects Yes Yes Yes Yes Yes Yes
Random Effects Variance
Participant 1.637 1.826 0.587 11.62 11.07 14.34
(1.279) (1.351) (0.766) (3.408) (3.327) (3.787)
Residual 28.94 24.92 49.27
(5.380) (4.992) (7.019)
Num.Obs 9,310 7,946 1,364 9,310 7,946 1,364
AIC 9,357 7,733 1,583 58,201 48,492 9,252
BIC 9,542 7,894 1,693 58,394 48,660 9,367

+p < 0.1, *p < 0.05, ** p < 0.01, *** p < 0.001
Table 2.2. Regression Coefficient Estimates for Exercise Frequency and Quantity

Next, we conduct multivariate analyses using mixed-effects models, which account for this
potential bias, offering a more robust test for HI. Results are summarized in Table 2.2. Models 1-3
analyze exercise frequency using mixed-effects logistic regressions to model the binary outcome of
whether exercise was performed on a given day. Models 4—6 analyze exercise duration using mixed-
effects linear regressions to model exercise duration per day as a continuous variable. Models 1 and 4

include all participants, while Models 2, 3, 5, and 6 show separate regression estimates for the control
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and intervention groups.

For both measures of co-production input quantity, the baseline effect of receiving the intervention
was not statistically significant (Model 1 [exercise frequency]: B = —0.369, p = 0.44; Model 4
[exercise duration]: [ = —0.701, p = 0.10). This indicates that both cohorts produced a similar
quantity of inputs at the start of the trial. While univariate analysis supports H1, the multivariate models
suggest that between-group differences in exercise duration only emerges over time. Thus, HI receives
partial support as we had expected an immediate intervention effect.

Since differences in exercise behavior can only have emerged over time, we next examine H2,
which posits that participants who receive off-site co-production monitoring with real-time quality
validation will maintain higher quantity of input over time than those who do not. That is, intervention
participants will sustain higher exercise participation throughout the treatment period compared to those
in the control group. For both measures of co-production input quantity, the significant positive
interaction between intervention and number of visits (Model 1 [exercise frequency]: § = 0.071,p =
0.006; Model 4 [exercise duration]: f = 0.687, p < 0.001) indicate that the intervention reduces the
decline in participation over time, providing support for H2.

Comparing the regression coefficients for days since last physio visit for the control group (Models
2 and 5) and the intervention group (Models 3 and 6), we observe that the within-week decline detected
in the control group (Models 2 [exercise frequency]: B = —0.059, p < 0.001; Model 5 [exercise
duration]: f§ = —0.036, p < 0.001) is not present in the intervention group (Models 3 [exercise
frequency]: B = 0.006, p < 0.73; Model 6 [exercise duration]: = 0.155, p = 0.03). Hence,
intervention participants sustained their participation throughout the week, while control participants
decreased their participation. Contrary to expectations according to H2, whereby intervention
participants would sustain their exercise duration over time, those participants actually increased the
time spent exercising as more days passed since their last appointment. This unexpected positive effect
could indicate a tendency to increase co-production inputs in the days leading up to their next visit,

possibly motivated by a sense of accountability associated with the intervention.
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Comparing the regression coefficients for number of visits, we observe that both cohorts experience
some week-over-week decline in exercise frequency, albeit 40% less for the intervention group (Models
3: B =-0.117, p < 0.001) than for the control group (Models 2: § = —0.195,, p < 0.001). This
signifies that both cohorts had a tendency of skipping more exercise days week-over-week, but the
decline was considerably smaller among intervention participants. Regarding exercise duration, the
control cohort tended to decrease their time spent exercising week-over-week (Models 5: § = —0.192,
p < 0.001) while the intervention group increased their time spent exercising (Models 6: § = 0.640,
p < 0.001). The positive between-week coefficient reflects expected adherence, since patients are
prescribed progressively more exercises at each physiotherapy session.

Altogether, the results within-week and across-weeks indicate that the intervention successfully
moderates the decline in co-production inputs over time observed in the control group, providing strong
support for H2. Appendix E shows that these findings remain consistent across specifications with and
without demographic controls, with and without year and month fixed effects, when restricting the
sample to the 78 participants enrolled during the overlap period between cohorts®, and when using
pairwise matching to address the fact that intervention assignment was not perfectly randomized.
However, the lower AIC and BIC values confirm that control variables and time fixed effects are
appropriate for improving model fit without overfitting. Additionally, the unexpected positive effect of
days since last physio visit on exercise duration warrants further investigation, which we later address
with interviews.

2.4.2. Input Quality

H3 posits that participants who receive real-time quality validation during co-production will exhibit
increases in input quality with practice following a learning-curve. We measure co-production input
quality in the intervention cohort (24 participants performing 18 distinct shoulder exercises) as the
average accuracy score for each repetition within an exercise set (typically 10 repetitions per set). In

total, our dataset contains 15,032 records of exercise sets. To test H3, we model the relationship between

3 The exercise frequency model did not converge in this subsample due to sample size limitation (only
8 intervention participants); therefore, only exercise duration results are reported.
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the number of sets completed and technique accuracy using log-linear mixed-effects regressions.
Results are presented in Figure 2.4, which shows (a) learning-curve trajectories by exercise type, and
(b) the average marginal improvement in accuracy as a function of repetitions. As panel (b) indicates,
improvements are most pronounced during the first 10 exercise sets, after which gains diminish to
approach a plateau.

The data substantiates our learning curve hypothesis (H3): repetition is a primary factor in input
quality. Table 2.3 presents the mixed-effects regression results, which confirm the statistical
significance of this effect. While covariates such as injury severity, age, body mass index (BMI), gender,
and pain self-efficacy questionnaire (PSEQZ2) were included to control for potential confounders, none
showed statistically significant effects. The high negative correlation between the exercise type intercept
and injury severity slope (-0.87) suggests that exercises with high baseline accuracy are less affected by
injury severity. The logarithmic relationship between exercise sets completed and technique accuracy
(B = 3.88, p < 0.001) indicates that marginal increase in quality is greatest early in the trial when
participants struggle to perform movements accurately. Thus, the benefits of receiving real-time quality
validation is primarily beneficial in the early stages of co-production. For example, from Figure 2.4(b),
after completing seven sets of a given exercise, participants experience a marginal improvement of less
than 0.5 percentage point compared to a 2.67 percentage point improvement between the first and
second exercise set, amounting to an 81% decrease in learning rate within the first week. Because
technique accuracy plateaus while exercise participation continues to rise week-over-week in the
intervention group (Table 2.2), the higher input quantity cannot be explained by corrective feedback
alone. This suggests that the real-time feedback feature alone does not account for the higher

participation observed in later stages of co-production among intervention participants.

For robustness, we compared mixed-effects regression models with and without a log
transformation of the repetition variable to validate the use of a log-linear model. The results, presented
in Appendix F, indicate that the logarithmic model provides a better fit, as demonstrated by lower values

for the REML, AIC, and BIC criteria (Verbyla, 2019).
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Figure 2.4. Input Quality Learning Curves

Fixed Effects Estimate (B) SE df t-value p-value
(Intercept) 50.88 25.87 13.4 1.97 0.0703
log(exercise sets) 3.88 0.19 15.04 20.34 <0.001***
Injury severity -4.94 4.82 15.45 -1.03 0.3213
Age -0.02 0.18 12.92 -0.12 0.9044
BMI 0.36 0.51 12.87 0.71 0.4924
Sex -4.76 9.81 12.85 -0.49 0.636
PSEQ2 1.36 1.4 12.96 0.98 0.346

Random Effects Variance Std. Dev. Correlation

Participant ID (Intercept) 220.41 14.85 -
Exercise type (Intercept) 251.02 15.84 -
Injury severity (Slope) x Exercise type 36.67 6.06 -0.87
Residual 491.49 22.17 -

Metric Value
Number of Observations 15,032
Number of Participants 24
Number of Exercises 18

+p <0.1,*p <0.05,**p <0.01, *** p < 0.001

Table 2.3. Mixed-effect Regression Model of Exercise Repetition on Technique Accuracy

2.4.3. Mechanisms Driving Behavioral Change

A qualitative analysis of our semi-structured interviews enables us to identify the mechanisms that help

explain why the intervention sustained higher co-production input quantity over time, even after

intervention participants had reached technique proficiency. From this analysis, three themes emerged

from this analysis: patients gained (1) uncertainty reduction from real-time feedback; (2) intrinsic

accountability from progress tracking; and (3) extrinsic accountability from data sharing with

physiotherapists. We next elaborate on these themes, each of which representing behavioral

mechanisms through which the intervention influences co-production behavior.
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Uncertainty reduced from real-time feedback: Participants valued the immediate feedback on
input quality provided by PT+, which helped them to adjust their technique. They noted that the real-
time indicators (categorized as “green”, “yellow” or “red” zones) helped them self-correct and refine
their technique. As one participant described, the indicators provided clarity that was previously
lacking: “I like that aspect, it’s giving immediate feedback. Before, when you're doing the exercises,
well, are you doing it quite correctly? Think so, but dont know” (Patient A).

While Al-driven feedback was said to be valuable, participants stressed the need to balance
technology with human interaction. They found Al feedback helpful for reducing uncertainty but
appreciated supplementing it with explanations from their physiotherapist. As Patient B explained, “The
technology is good, and it certainly has acted as a tool to motivate. But personal interaction is extremely
important”. This shows that while Al feedback reduced uncertainty, sustained engagement depended
on complementing technology with professional oversight. For example, pain and discomfort often
acted as barriers to exercise, but the physiotherapist’s assessment of both technique accuracy data and
in-clinic progress reassured patients that continuing was safe and worthwhile, particularly when they
felt uncertain about their technique. As one participant described: There s only one [exercise] that I'm
having a hard time [with], and I told [the physiotherapist], ‘Can I just skip this one?’ ‘No, you can't
skip that one.’ Just doing it [hurts] me. But he looked at me and said, ‘You're [making] progress there’”
(Patient C).

The digital technology also facilitated retrospective review with the physiotherapist to assess
technique accuracy together. With it, patients felt engaged with their physiotherapist throughout the
week rather than only during visits. As one participant described, the technology created a sense of
continuous oversight: "It 5 like you have somebody overseeing what you're doing on a daily basis.[...]

With this, they 're able to see how correctly I'm doing the exercise” (Patient D). Participants’ descriptions
of improved technique over time are consistent with observed trends in Table 2.3. As one participant
noted, “/ like the fact that my exercise improves, [and] my methodology of doing that exercise improves
from one week to the next because of the way that I'm monitored” (Patient D).

Intrinsic accountability gained from progress tracking: The tracking of co-production input

quantity was a second important feature mentioned in the interviews. Participants noted that this aspect
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of the PT+ application fostered a sense of accountability, which in turn increased their motivation. For
many, the technology served as a reinforcement tool to help them stay on track despite busy schedules.
One patient stated: “Theres been times [when] I don't feel like doing this today, but I end up doing it
anyway because [ made the commitment. ['ve got the equipment here. It has acted as a motivator”
(Patient B). Unlike their past physiotherapy experiences where competing priorities led to inconsistent
exercise adherence, the PT+ application gave them a tangible nudge to stay engaged. This explains why
participants in the intervention cohort consistently maintained higher co-production inputs throughout
the 12-week trial while participation gradually declined in the control cohort. As one participant
explained, “I’m one of these personalities that might need to be monitored a bit, because it increases
my competitiveness and increases my desire to achieve” (Patient D).

Extrinsic accountability gained from data sharing: Both patients and the physiotherapist noted
that sharing co-production performance data with the physiotherapist provided additional benefits.
Since exercises had to be completed to be recorded, patients felt a sense of duty and pride in sharing
their results. The physiotherapist observed that the desire to avoid disappointing them increased the
quantity of co-production inputs: “That sense of [the physiotherapist] watching is a very good
motivation for them to exercise. As a physiotherapist, I see very good results because [patients] are
doing the exercises” (Physiotherapist). The expectation of reporting back to the physiotherapist served
as an external motivator. As one participant explained, “I can see my progress. And also, it’s reminding
me that I have no excuse—I have to do it because if I skip it, I have to tell [my physiotherapist], ‘Sorry

[physiotherapist], I did not do [it] for how many days, I was sick’” (Patient C).

2.5. Discussion and Conclusion

This study examines how an Al-enabled monitoring system influences co-production in physiotherapy,
a professional service where critical inputs (prescribed home exercises) are performed outside provider
oversight. We find that this digital technology increases input quantity by sustaining exercise inputs
over time, but contrary to our initial expectation, intervention participants did not immediately begin
with higher input quantity. Instead, the intervention helped sustain the frequency and duration of inputs

while the control group’s participation declined over time. With respect to input quality, technique
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improved with practice and the marginal benefit of feedback diminished as mastery was approached,
consistent with a learning-curve effect. Although direct comparison with the control cohort was not
possible, observed improvements exceeded those typically reported in the literature (Faber et al., 2015).
From a service operations perspective, these findings show that Al-enabled monitoring can extend
process control to improve off-site co-production. Nonetheless, establishing the intervention’s
effectiveness falls short on clarifying the behavioral mechanisms through which these effects arise.
Our qualitative interviews provide insights into these mechanisms, which align with established
behavioral theories of self-determination, and accountability, by suggesting that the digital technology
increased co-production inputs not only through automated feedback but also by reinforcing provider—
client relationships. We uncover three distinct behavioral mechanisms that influenced participants’
engagement throughout the study. First, uncertainty reduced through real-time feedback helps explain
the improvement in technique and partially account for the higher exercise completion rates. Consistent
with feedback-based frameworks of self-regulation (Carver & Scheier, 1981, 1982), the AI’s real-time
indicators acted as a feedback loop, allowing patients to compare their performance against a standard
and correct errors in the moment. This in-process quality control mechanism reduced uncertainty and
made goals feel attainable. Second, intrinsic accountability from progress tracking fostered sustained
participation by visualizing progress and habitualizing daily routines. This aligns with self-
determination theory (Ng et al., 2012; Ryan & Deci, 2000), which posits that motivation is sustained
when activities support autonomy (control over one’s actions) and competence (feeling effective).
Progress tracking encouraged goal commitment and transformed co-production into a self-regulated
process. Third, the sharing of data with physiotherapists demonstrates how Al-enabled monitoring with
human oversight can function as a powerful hybrid control system. The desire to show good results to
therapists aligns with social accountability theory (Lerner & Tetlock, 1999), which suggests that
individuals are influenced by anticipating the need to justify their actions to others. This explains why
participation remained high even after corrective feedback benefits diminished and why some patients
intensified their efforts before appointments. Additionally, the digital technology reinforced the patient-

therapist relationship, fulfilling the relatedness need described in self-determination theory (Ryan &
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Deci, 2000). The technology, therefore, improved co-production not just through automated feedback
but by strengthening the human-centric aspects of the service.

Combining these qualitative insights with our mixed-effect regression results, this study advances
operations management theory in three domains: service operations, behavioral operations
management, and technology management in services. First, we contribute to service operations by
showing how digital technologies can extend process control into the off-site domain where customer
inputs are typically invisible and difficult to manage. Prior research stresses that variability in co-
production inputs is a major source of operational risk (Roels, 2014; Sampson & Froehle, 2006). Our
findings demonstrate that Al-enabled monitoring can reduce this variability, thereby improving service
performance and outcomes.

Second, we extend behavioral operations management research by illustrating how accountability
can be digitally encouraged. Prior work highlights the importance of behavioral factors such as
monitoring and accountability in operational contexts (Croson et al., 2013; Donohue et al., 2020). In
line with this perspective, our study shows how digital monitoring and goal tracking mechanisms can
sustain engagement. Our quantitative and qualitative evidence show that intrinsic accountability
(progress tracking) and extrinsic accountability (anticipation of reporting to a provider) both sustain
engagement over time. This suggests that technology can complement traditional social mechanisms of
control in co-production processes.

Third, we contribute to the technology management literature by adding to the debate on whether
Al should function as an independent agent or as an assistant to humans (Angelopoulos et al., 2023;
Bianchi & Briére, 2024; Koehler & Sauermann, 2025). While SPARS/PT+ was originally
conceptualized as a quality-monitoring tool to reduce errors and accelerate learning (as an independent
agent), the lack of baseline participation differences indicates that the intervention’s benefits did not
stem from reducing input quality uncertainty alone but instead from multiple behavioral mechanisms,
including supporting the therapist—patient relationship. In our study, Al could deliver continuous
monitoring, progress tracking, and real-time feedback, while physiotherapists provided judgment,
reassurance, and accountability support. This human—AI complementarity contrasts with perspectives

that envision Al systems as autonomous agents (Angelopoulos et al., 2023). Together, these insights
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improve our understanding of how Al technologies can reconfigure task allocation in professional
service operations.

Beyond theoretical contributions, our findings enable us to suggest design principles for service
managers seeking to sustain customer contributions in co-production settings. These principles are
grounded by the behavioral mechanisms identified in this study. We outline three principles:

e  Design Principle 1: Make invisible work visible. A common challenge in professional services is
that off-site customer contributions remain unobservable until the next interaction. Our
intervention shows that even simple tracking can generate accountability in the days leading up to
the next service visit. For managers in education, consulting, healthcare, or financial services,
systems that track and bring awareness to customer progress can transform invisible work into
visible commitments that reinforce accountability without requiring constant provider
interventions.

e  Design Principle 2: Provide real-time quality feedback to reduce uncertainty. Uncertainty about
whether tasks are being performed correctly can lead to dropout or reduced effort. Participants
reported that Al feedback reassured them that they were “doing it correctly,” lowering
psychological barriers to participation. Service managers should identify moments of uncertainty
in their customer journey and introduce timely feedback mechanisms, whether algorithmic signals,
structured checklists, or human interventions, that reduce uncertainty and build confidence in task
execution.

®  Design Principle 3: Leverage technology to improve human relationships. While Al feedback was
valued, participants emphasized that the expectation of reporting to a physiotherapist was a factor
sustaining co-production efforts. For service managers, this highlights the importance of designing
digital tools that augment rather than replace human touchpoints. Value emerges when automation
handles routine tasks that allows for better provider—client interactions, enabling more personalized
and engaging service experience.

Notwithstanding its theoretical and practical implications, our study also has limitations that open
doors for future research. One limitation concerns the sequential cohort study design. While necessary
for Al training and validation, it raises the possibility of unobserved time effects. We mitigate this
concern with year and month fixed effects, but future research should replicate findings in a randomized
trial design. Another limitation is that Al systems require substantial training and validation data, which
resulted in larger control than intervention cohort. However, sensitivity checks (Appendix E) indicate
that results are robust to this asymmetry. Conducting the study at a single site may also limit

generalizability, though insights derived here are likely relevant to other professional service contexts.
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Similarly, while our qualitative interviews provide valuable insight into the behavioral mechanisms
driving higher rates of co-production, their generalizability may be limited by the modest sample size
and potential overrepresentation of engaged participants. Nevertheless, the quantitative results show
significant outperformance among most intervention patients relative to the control cohort, not only
those we interviewed, supporting the validity of the findings. Also, an interview with the physiotherapist
who guided most of the 124 patients corroborated the perspectives shared by the interviewed patients.

In addition, our study focused on a 12-week rehabilitation period. Discussions with
physiotherapists indicate that the first eight weeks of treatment typically deliver the greatest impact,
suggesting that our study period already exceeds practical standards. Nevertheless, the longer window
does not establish whether co-production benefits persist once formal rehabilitation ends, an important
direction for future medical research. Establishing motion tracking technology in medical practice will
also require broader validation across populations and medical conditions, as SPARS/PT+ remains an
early-stage system trained and validated for a single injury type (shoulder injury). To facilitate such
progress, much of our technology has been open-sourced, with training data available at

https://github.com/dmbee/SPAR-dataset and code available at https://github.com/dmbee/seglearn.

Finally, adoption of technologies such as SPARS/PT+ will also depend on structural and economic
incentives. For example, in fee-for-service healthcare systems, providers may not be rewarded for
efficiency gains from reductions in billable in-person care (Andritsos & Tang, 2018). These broader
institutional factors represent important considerations for scaling and sustaining Al-enabled co-
production technologies.

Our findings are applicable beyond physiotherapy to a wide range of professional services where
customer inputs are generated off-site and remain difficult to monitor. For example, prior research
highlights similar challenges in other domains: in tax preparation, service delivery cannot begin until
customers provide the required information (Sampson & Froehle, 2006); in auditing, audit quality
suffers when clients delay or withhold requested evidence (Hatfield et al., 2025); in consulting, project
outcomes depend heavily on the quality of client contributions to solution development (Fu et al., 2023);
and in education, student learning is directly tied to the effort they invest outside the classroom

(Sampson & Froehle, 2006). Across these contexts, service quality is compromised when customer-
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provided inputs are late, incomplete, or inaccurate. By demonstrating how Al-enabled monitoring can
make invisible work visible, provide timely feedback, and establish accountability structures, our study
suggests design principles for reducing input variability in these settings. In operations management
terms, this represents an opportunity to extend process control to stages of the service process
traditionally beyond managerial reach. Future research should examine the scalability and cost-
effectiveness of such systems, as well as the design trade-offs between automation and human oversight.
A central question is how to balance the efficiency of algorithmic monitoring with the relational and
motivational value of human interaction. Comparative studies across industries could identify the
conditions under which hybrid human—Al processes produce the greatest operational benefits.

This study provides empirical evidence that Al-enabled monitoring can improve the quantity and
quality of co-production inputs in professional service operations. Using a sequential cohort field study
in physiotherapy, we show that the Al-enabled system we developed (SPARS/PT+) sustained higher
co-production inputs over time and input quality improved following a learning-curve effect. By
combining quantitative and qualitative evidence, we identified the mechanisms—uncertainty reduction,
intrinsic accountability, and extrinsic accountability—that sustained engagement over the rehabilitation
period. These findings extend service operations theory by showing how digital technology is a feasible
solution to the problem of managing off-site customer inputs, a long-standing challenge in co-
production contexts. For managers, our results offer practical design principles for leveraging Al to
make invisible work visible, reduce execution uncertainty, and improve provider—customer
relationships. Taken together, this research contributes to operations management by providing both
theoretical insights and actionable guidance for designing hybrid service systems in which human and
Al complement one another. As Al-enabled monitoring becomes more prevalent across industries,
understanding how to integrate such tools into co-production processes will be central to improving

service reliability, efficiency, and customer experience.
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Chapter 3:
Exploring biotech-pharma alliance breakups

following drug launches
3.1. Introduction

Biotech firms often rely on partnerships with large pharmaceutical firms that provide capital,
specialized knowledge, and proprietary assets to navigate the resource-intensive and high-risk process
of drug development (Hora & Dutta, 2013; Taneri & De Meyer, 2017; Tian et al., 2021). For biotech
firms, alliances are essential for their financial viability and sustained operations. In contrast, pharma
firms treat alliances as one component of a broader portfolio that hedges against the revenue shocks
created by the “patent cliff”, the predictable loss of exclusivity on drugs after patent expiry (Fisher et
al., 2014). Recent evidence confirms that firms actively rebalance such collaborations, redirecting
resources when the mix no longer matches strategic needs (Cooper et al., 2004; Krieger et al., 2022;
Lugovoi et al., 2022). Consequently, pharma firms may terminate previously formed alliances to adapt
to changing requirements. While alliance terminations are often studied as responses to external threats,
such as shifting market conditions, misaligned goals, or competing internal projects (Asgari et al., 2018;
A. Ghosh & Klueter, 2022; Pangarkar et al., 2017), less attention has been given to how a firm’s
successes influence alliance termination decisions. A drug launch by a pharma firm is one such example
that alters the risk—return balance of its R&D portfolio. That is, it can prompt the termination of
alliances, even in unrelated therapeutic areas, as firms reallocate resources in response to strategic
reprioritization triggered by their own success. For the pharma partner, for whom each alliance is only
one asset in a deliberately diversified R&D portfolio, such agility can entail withdrawing funding and
clinical expertise from resource-dependent biotech firms. For biotech partners, however, alliances are a
lifeline, meaning termination decisions can be devastating.

Research on asymmetric innovation alliances, such as biotech-pharma collaborations, has
uncovered risks, like the opportunistic behavior of knowledge misappropriation, which can lead to
alliance failure (Diestre & Rajagopalan, 2012; Gopalakrishnan et al., 2008; Hora & Dutta, 2013;
Kalaignanam et al., 2007; Katila et al., 2008; McCutcheon & Stuart, 2000; Ramasubbu et al., 2019).

However, there is a lack of empirical evidence on whether a pharma firm’s success in an unrelated drug
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can trigger an alliance termination with biotech firms it partners with. Public disclosures hint that such
terminations may occur. Pfizer, for instance, decreased early-stage rare-disease partnerships after
launching its COVID-19 vaccine, terminating several alliances, selling related assets, and shifting away
from its prior emphasis on developing partnerships in the orphan drug market (Nawrat, 2019; Pfizer,
2015; Stynes, 2010; Taylor, 2023). For biotech startups, such termination can disrupt operations, tarnish
reputation, and weaken financial performance (Eslami et al., 2023; Havenaar & Hiscocks, 2012).

This study addresses the following research question: Do drug launches by a pharmaceutical firm
increase the risk of alliance terminations for its biotech partners, and can such termination be
distinguished from other types of terminations with information observable when alliances are initially
formed? Addressing this question allows us to examine whether the timing of termination contains a
predictable signal. It also addresses the challenge of partner selection under uncertainty: if post-launch
terminations are distinguishable using information available at alliance formation, then biotech firms
may be able to anticipate which partners are more likely to deprioritize the alliance if success (i.e.,
launching a drug) occurs. Finally, it offers an evaluation of the structural risk that a partner’s internal
success poses to alliance stability.

A pharmaceutical firm’s decision to terminate unrelated alliances with biotech partners after a drug
launch can stem from several independent or interactive factors.* Rather than identifying specific
mechanisms underlying such terminations, our focus is on detecting observable predictors of
termination risk to help biotech firms anticipate and mitigate these vulnerabilities. Using a dataset of
1,649 terminated biotech—pharma alliances spanning 20 years from Clarivate’s Cortellis database, we
first confirm that terminations occur significantly more often after a drug launch than before. We then
use survival analysis based on 3,496 alliances with known outcomes to show that a pharma partner’s
drug launch significantly increases the hazard of alliance termination. Next, we apply supervised
machine learning (ML) to demonstrate that post-launch terminations are predictable from features

observable at the time the alliance is formed. We also show that key statistical assumptions required for

4 Examples of factors include: (a) internal strategy to reconfigure its portfolio and optimize resource allocation; (b) evaluation
of the opportunity costs associated with discontinuing alliances with biotech firms possessing certain capabilities; and (c)
dynamics of the relationship between the two parties and the broader implications for the firms’ network cohesion.
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inference-based methods are violated, making a flexible data-driven approach more appropriate.
Finally, a post-hoc test indicates that these terminations are unlikely to reflect opportunistic timing but
instead reveal a distinct structural vulnerability.

Our first contribution is to the operations management literature on alliance formation and
termination in innovation-intensive industries. Prior research highlights how alliance portfolio
configurations, governance structures, and partner selection decisions influence collaboration outcomes
under uncertainty (Dutta, 2013; Taneri & De Meyer, 2017; Tian et al., 2021). We extend this stream by
showing that a partner’s unrelated success can introduce a risk of termination for biotech firms. This
highlights a potential dark side of social capital (Faems et al., 2010; Villena et al., 2011). Second, we
contribute to the innovation alliance literature by demonstrating that terminations following drug
launches are linked to partner characteristics that are observable at the time an alliance is formed. In
particular, interactions among pharma partner attributes help explain which alliances are more
vulnerable to a potential post-launch termination. Hence, scholars must consider the interdependencies
of predictors surrounding biotech firms’ partnership decisions (Subramanian et al., 2013). Third, we
contribute to the innovation management literature (Dziallas & Blind, 2019; MacCormack & Mishra,
2015; Savva & Scholtes, 2014; Taneri & De Meyer, 2017) by showing that drug launches are a unique
vulnerability for biotech firms. Specifically, we find that drug launches increase the hazard of alliance
termination, with no evidence indicating that pharmaceutical firms strategically delay reporting
terminated partnerships to coincide with the positive news associated with launching a new drug.

Calls for the increased use of ML models and explainable Al techniques in management research
(Chou et al., 2023; Choudhury et al., 2021) prompted us to explore a problem that necessitates a
prediction-focused solution methodology. While these tools are well-suited for addressing predictive
questions, their application to theory-building research has been limited. To this end, we provide a
rigorous demonstration of how ML can be used to analyze management problems characterized by

high-order interactions, nonlinear effects, and the need to accurately forecast uncertain outcomes.
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3.2. Background

3.2.1. Symbiotic Relationship in Biotech-pharma Alliances

Both biotech and pharma firms rely on drug development alliances to achieve innovation objectives
(Hora & Dutta, 2013). The former typically engage in risky, long-term research and often depend on
alliances with pharma firms to sustain their R&D operations. This dependence stems from their need
for capital, regulatory expertise, and clinical trial management, resources that established pharma
partner can provide (Baum et al., 2000). In line with the resource dependency perspective (Pfeffer &
Salancik, 1978), biotech firms seek large pharma partners because they are better equipped to offer
these essential resources. This is especially evident at the onset of clinical trials, when resource demands
spike and alliance formation rates increase accordingly (D’ Arville, 2004; Tyebjee & Hardin, 2004).

While biotech firms can seek capital from various sources to fund R&D projects (venture capital,
IPOs, or private equity), pharma firms tend to offer more favorable valuations (Tyebjee & Hardin,
2004). Their domain expertise allows them to better assess a biotech project’s potential and assign lower
risk premiums. Other sources of innovation funding, like venture capital, also have investment horizons
that are too short to fund early-stage drug development projects (Havenaar & Hiscocks, 2012). For a
biotech firm, this means that an alliance with an established pharma firm can be formed while retaining
a greater share of value in the venture and potentially securing a stable long-term partner.

For established pharma firms, forming alliances with biotech firms is vital to maintain a steady
pipeline of new drugs. This is needed to sustain operations in an industry where profit margins evaporate
following the expiration of patents (Fisher et al., 2014; Tyebjee & Hardin, 2004). In other words, pharma
firms do not rely on individual alliances, but instead, depend on maintaining a robust portfolio of
partnerships (Whittaker & Bower, 1994; Evens, 2016). Over the years, pharma firms have increasingly
become buyers of external sources of innovation, allowing them to diversify their R&D activities into
more therapy areas (Lugovoi et al., 2022; Yashiro et al., 2023). Based on this trend, the success and
survival of many pharma firms depend on a steady and productive alliance portfolio to maintain a
diverse pipeline of new R&D opportunities (Krieger et al., 2022).

Since pharma firms are not dependent on any single alliance and typically invest broadly to hedge
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the risk of new drug development, they have a tendency to terminate alliances when the future expected
returns of an underlying project decrease (Min, 2017; Taneri & De Meyer, 2017). Furthermore, a large
alliance portfolio allows firms to form substitutable alliances, which reduces their dependency on any
single alliance (Cui, 2013). This lower dependency reduces the likelihood of escalating or maintaining
commitments as their portfolio grows (Pangarkar et al., 2017). The disposable nature of alliances by
pharma firms is reflected in Krieger et al. (2022); they tend to divest resources when competitors
experience adverse market conditions in similar therapy areas. Intuitively then, if individual alliances
are disposable, it is logical that the launch of a drug offers an opportune time to recalibrate the alliance
portfolio if it alters the firm’s internal resource needs, managerial attention, risk-return balance of the
remaining portfolio, or the firm’s strategic priorities.

The dilemma lies in the fact that while alliances are mutually beneficial, they are also driven by
each partner’s self-interest, which can sometimes lead to unwanted terminations from the standpoint of
one of the partners (McCarter & Northcraft, 2007; Sadowski & Duysters, 2008). For instance, Gan and
Korsgaard (2022) observe that opportunistic behavior, such as knowledge misappropriation, by large
firms allied with smaller partners can lead to terminated alliances despite apparent resource
complementarity. Madhok et al. (2015) add that even the perception of inequity in how alliance benefits
are distributed between partners can lead to alliances falling apart. However, even in partnerships that
seem symbiotic, alliance terminations may occur if one partner senses a better opportunity elsewhere
or when the preferences of partners is different from what is expected from the partnership (Hampl,
2020; Taneri & De Meyer, 2017). Our research contributes to this discussion by exploring the specific
vulnerabilities faced by biotech firms when their pharma partner launches an unrelated drug, a risk that
originates outside the partnership but is not driven by external market dynamics.

3.2.2. Alliance Terminations

While some terminations may be justified, ending an alliance typically has negative consequences for
the underlying project forming the basis of the partnership (Bakker, 2016). For instance, terminations
based on scientific merit can enhance innovation productivity, but only 17% of biotech-pharma

alliances are terminated due to poor future prospects (Pangarkar, 2003). Furthermore, there is a risk that
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a project is terminated before its merits can be adequately evaluated, which would contribute to the
grand challenge of low innovation productivity in the biopharmaceutical industry (Pammolli et al.,
2020; Paul et al., 2010). Given the substantial investment of time and capital, external disruptions to
these alliances can lead to significant waste of resources. While some projects may still progress to
launch, terminating the alliance will inevitably lead to delays as a new partner must be secured.

While a biotech firm may not operate in the therapeutic area associated with the newly launched
drug, alliances with highly capable biotech partners can still offer substantial long-term strategic value.
Thus, the opportunity costs associated with discontinuing any relationship must be carefully considered
(Asgari et al., 2024). Moreover, partnership dynamics play a critical role in a termination decision. For
instance, if a biotech partner has a history of repeated collaborations, particularly those reinforced by
influential third-party connections that contribute to a cohesive network, terminating the alliance can
negatively impact the pharma firm’s access to network-related benefits (Reagans & McEvily, 2003).
Consequently, just as alliance formation is influenced by the incentives for linkage creation and the
expectation of future collaboration (G. Ahuja, 2000), firms must carefully weigh the tradeoffs between
the benefits and potential opportunities that are lost from its discontinuation (Asgari et al., 2024).

In light of the operational and financial gravity of such decisions, the mechanisms that drive
biotech-pharma alliance terminations after an unrelated drug launch may depend on several factors.
First, bringing a drug to market require substantial investments, and at a certain point, an alliance may
no longer provide sufficient value (Madhok et al., 2015). Terminating these partnerships allows a
pharma firm to reallocate resources and focus on supporting the newly launched drug. Second, from a
real options perspective (Vassolo et al., 2004), firms that have invested in several unrelated exploratory
projects may be compelled to shift attention and resources away from these initiatives to prioritize the
advancement of the new drug (Hoffmann, 2007). Multiple diverse alliances compete for attention and
support (Cui & O’Connor, 2012), and those exploring less strategically aligned pathways may lose
relevance and no longer be prioritized by the pharma firm (Lunnan & Haugland, 2008). Third, firms
may reorient their partnership strategy towards forming alliances that support the further development
of the recently launched drug. Such partnership reconfiguration entails abandoning some alliances while

forming new ones that help to exploit the advancement (Hoffmann, 2007).
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Also noteworthy is the disparate and fragmented findings from alliance termination research
regarding which factors are associated with higher or lower termination risk and the mechanisms that
lead to termination, as highlighted in Rajan et al.’s (2020) comprehensive literature review. This
inconsistency justifies industry-specific studies since findings often vary across contexts. For instance,
Mata and Portugal (2015) study terminated Portuguese joint ventures across multiple industries and
observe that larger firms are less likely to terminate partnerships relative to smaller firms. In contrast,
research specific to the biopharmaceutical industry, like the study by Dan and Zondag (2016), find that
larger firms have a greater propensity to terminate alliances than their smaller counterparts. Our
literature review reveals similar contradictions. Table 3.1 summarizes this literature, where we
categorize factors found to be statistically significant predictors of alliance terminations.’

Most studies in Table 3.1 focus on identifying factors that reduce the likelihood of alliance
termination or extend the duration of an existing partnership. The mechanisms behind many of the
factors are linked to the aforementioned strategies and, as indicated, the decision to terminate an
alliance, and which alliance to terminate, is likely shaped by a combination of several of these factors.
Since firms make alliance formation decisions under uncertain conditions, research based on predictive
modeling of this adverse outcome is particularly important for practice. This approach aligns well with
the literature, which primarily focuses on identifying alliance termination determinants rather than
establishing causal inference (Rajan et al., 2020). Such research is especially important to biotech firms
as they depend on alliances for their survival. Thus, from their perspective, identifying potential threats
that are largely outside their control (like unrelated drug launches) is essential for effective partner
selection and strategic risk management. Our research attempts to address this aim by creating ML
models that use information known at alliance formation to predict the risk of post-launch termination,

thereby helping biotech firms safeguard themselves against such vulnerabilities.

5 Table 3.1 is not limited to drug development alliances, but the biopharmaceutical industry dominates this literature
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Factor

Description

Reference

Firm size
Firm failure experience

Size of firm measured by number of employees
Number of past projects that ended without reaching successful completion
Number of past alliances—measured either by number of past formations of

Dan & Zondag (2016)*; Mata & Portugal (2015)Y
Pangarkar (2009)"
Greve et al. (2010)*; Koval (2021)*; McCutchen et al. (2008)*;

E’ Alliance experience alliances Pangarkar (2003, 2009)~
=2 : e — i + .
g  Competing alliances Number of competing alliances within the focal firm's alliance portfolio flflg:trgle t (Zlbg(){l 8)"; Cui (2013)7; Cui et al. (2011)"; Hampl (2020)7
] .
Pipeline strength A measure of the consistency of portfolio project distribution in different phase of Peck et al. (2015)°
development
Technology experience I]));Sctlll());g;leqé):ls variable measuring whether a firm has used the same technology on Dan & Zondag (2016)*
Alliance experience Whether the two partner firms have had prior alliances Koval (2021); Reuer & Zollo (2005)"; Xia (2011)~
—. u. : —.
Alliance centrality Number of alliance partners in common between both partners Greve et al. (ZO} 0) Hu et al. (2021)" Polidoro et al. (2011)7; Weng
& Tang (2023)
Dan & Zondag (2016); Greve et al. (2010); Lunnan & Haugland
Alliance duration* Length of time from alliance formation to termination (2008); Madhok et al. (2015)"; Mata & Portugal (2015)Y; Shi
(1998)"
—_ . . . . . . Bierly & Coombs (2004)"; Duysters & De Man (2003)~; Pangarkar
D - -
5 Equity stake Whether the alliance agreement was predicated in-part or in-whole on equity stake (2003 ; Pangarkar ct al. (2017)*; Tandon et al. (2022)°
g  Alliance experience asymmetry* Difference in number of past alliances between both partners McCutchen et al. (2008)~
_g Inherited alliance Whether an alliance was inherited through M&A activities Min (2017)*
i International distance between Dichotomous variable of whether firms are based in different country or measured Dan & Zondag (2016)*; Malik & Zhao (2013)~; McCutchen et al.
partners through scale of cultural distance (2008)~; Meschi & Riccio (2008)"; Mohr et al. (2016)*
Perceived benefit of the alliance Perception that the cost of maintaining the alliance is worth the expected returns Klossek et al. (2015)*; Sadowski & Duysters (2008)~
- u. -
Alliance portfolio size Number of current alliances within the firm’s portfolio gz&zzrfiegftci; ((22(())213)) N Koval (2021); Pangarkar et al. (2017)";
Alliance portfolio size asymmetry* Difference in portfolio size between partners Meschi & Norheim-Hansen (2020)"; Yamanoi & Cao (2014)~
Alliance scope Number of projects related to the alliance Bierly & Coombs (2004)"; Hu et al. (2021)7; Reuer & Zollo (2005)"
Substitution option Dichotomous variable measuring whether a substitute partner exists Madhok et al. (2015)*; Xia (2011)*; Yamanoi & Cao (2014)*
Ea Project stage at alliance formation Stage of project in the development process when alliances are formed Bakker & Shepherd (2017); Bierly & Coombs (2004)"
= Project stage at alliance termination* Stage of project in the development process when alliances are terminated Bakker & Shepherd (2017)~
§ Project progress* Whether the project progressed through at least one stage during the alliance Asgari et al. (2018)7; Min (2017)~
'§ Project expected progress Whether the partners expect the project will continue to progress Dan & Zondag (2016); Sadowski & Duysters (2008)"
A

Technology uncertainty

Lack of past success using the same technology

Perry et al. (2004)"

Legend: ™ positive relationship; ~ negative relationship, Y U-shape relationship, " inverse U-shape relationships.
Variables considered in our analysis are represented in bold. A star (*) is added to variables considered indirectly, or in a secondary analysis.

Table 3.1. Factors Significantly Associated with the Likelihood of Alliance Termination
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3.3. Identifying the Risk of Alliance Terminations Following Drug
Launches

We adopt a two-part empirical approach to assess whether drug launches by pharmaceutical partners
affect the risk of alliance termination. First, we test whether terminations are disproportionately more
likely to occur after a drug launch. Second, we estimate a hazard model to assess whether, and when, a
partner’s drug launch increases the risk of termination.

3.3.1. Data, Sample Construction, and Measurement

We use three databases published by Clarivate containing biopharmaceutical industry intelligence data.
The Cortellis Deals Intelligence database provides a comprehensive list of alliances between firms
engaged in the drug development process, which consists of projects in the discovery or clinical phases.
We extract all records (9,412) related to alliances that were terminated between January 1, 2000, and
December 31, 2019. The cutoff date is chosen to exclude alliance terminations that may have been
influenced by the COVID-19 pandemic, thereby avoiding the confounding effects of an externally
driven shock to the overall pharmaceutical industry. Since alliances in this database are represented as
dyads, a single observation represents a biotech—pharma pair.

Mergers and acquisitions (M&As) are common in this industry and acquired firms frequently
retain their name when becoming a subsidiary. The Cortellis Deals Intelligence database classifies each
alliance by the name of the lower-level subsidiary instead of the parent firm. Since we analyze alliance
terminations at the parent level, we link each alliance with its respective parent firm by extracting all
reported M&As to produce a comprehensive repository of subsidiaries, including the date of
consolidation. We then cross-reference alliance termination dates with M&A activity to identify and
add the parent firms of both biotech and pharma partners to our dataset. Finally, using the Cortellis
Company Intelligence database, we determine whether each partnership contains a biotech firm,
pharmaceutical company, or some other organization (e.g., academic institution). This process results

in the retention of 3,996 records, all of which exclusively consist of biotech-pharma alliances.
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We also use the Cortellis Drug Discovery database to identify instances where a biotech-pharma
partnership was terminated, and the pharma partner had launched a drug that was unrelated® to the
underlying project in the biotech-pharma alliance. Given the high concentration of small firms in the
biopharmaceutical industry, some observations represent alliances between firms that never launched
a drug. To avoid confounding predictive signals between alliances that remained active post-launch and
those that never experienced a drug launch, we exclude alliances in which no drug was ever brought to
market. By restricting the sample to alliances with at least one drug launch, we can identify features
that distinguish launches followed by a termination from those that did not. The final sample comprises
1,649 alliances in which the pharmaceutical partner launched at least one drug during the study period.

Regarding the predictors (independent variables), Table 3.1°s literature review includes those
identified as significant in previous empirical studies on alliance terminations that employ statistical
regression methods. We use this review as a foundation for selecting variables to conduct survival
analysis and train ML models that can, upon the formation of a biotech-pharma partnership, predict the
likelihood that an alliance is terminated after a drug launch. In what follows, we present the variables
employed in our analyses, classified based on firm-, alliance-, and project-level attributes. Appendix G
offers descriptive statistics for each variable described herein.

Firm-level Attributes. For each partner, biotech (pharma) firm size is calculated by counting the
number of subsidiaries held by the parent firm, that is, the number of acquired firms. Although these
measures correlate with other firm size metrics, like the number of employees and operating revenues,
they are not used due to high rates of missingness. Biotech (pharma) R&D portfolio size is the number
of active drug development projects undertaken by the parent biotech (pharma) firm at the time the
alliance was formed. This includes independent projects and those as part of an alliance. Biotech

(pharma) failure experience is the number of drug development projects terminated for the biotech

6 We ensure unrelatedness between the focal drug project and the related drug launch by only considering drug launches that
are based on different medical indications and technologies. This ensures that the alliance termination is not influenced by
factors such as learning from technological failures or abandoning a parallel project with the same medical indication. We
also exclude drug launches involving the biotech firm.
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(pharma) firm before the formation of the partnership. For each partner, biotech (pharma) alliance
portfolio size is the number of active alliances formed before the formation of the focal partnership. To
ensure we only count R&D alliances, we include those where a drug development project was in the
discovery or clinical trial phases. Alliances formed after the completion of clinical trials are excluded,
because the cost of innovation is minimal at this stage, and the alliance has less impact on R&D
operations (Tyebjee & Hardin, 2004). Biotech (pharma) technology experience measures the number
of times the biotech (pharma) firm has used related technologies in past drug discovery projects,
including whether the firm worked on a drug project alone. Biotech (pharma) indication experience
counts the number of past drug development projects in which the biotech (pharma) firm has targeted
the same medical indication as in the focal project; indication represents the medical condition the drug
aims to address. This variable is not explicitly identified in Table 3.1’s literature review, yet it represents
a source of uncertainty similar to fechnology experience (Lévesque et al., 2022).

Alliance-level Attributes. Alliance experience is the frequency of previous alliances between the
two firms. Even if the specific subsidiaries have not directly worked together, this variable captures the
institutional knowledge from prior collaborations between parent companies.

Project-level Attributes. Project stage at alliance formation is an ordinal variable categorizing
the stage of drug development prior to the formation of the alliance for the focal drug project: (1)
Discovery; (2) Pre-clinical; (3) Stage 1 clinical; (4) Stage 2 clinical; (5) Stage 3 clinical. Project
progress is a dichotomous variable indicating whether the focal drug project advanced through any
stages of the drug development process between the start of the alliance and the drug launch.
Technology uncertainty is a dichotomous variable indicating whether the technology used in the drug
development project has been successfully utilized in any previously launched drugs (0) or not (1).

Unique Predictors Not Identified in our Literature Review. Therapy area addresses how
alliance dynamics vary based on the drug class (e.g., cancer, musculoskeletal, cardiovascular) to which
the focal project belongs. The premise is that therapy areas may experience different levels of market
volatility, regulatory scrutiny, and competitive pressures, which can affect alliance stability and
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longevity (Albrecht et al., 2018). For instance, cancer drugs, which face intense competition and rapid
innovation cycles, can exhibit higher termination rates as compared to more stable therapy areas like
musculoskeletal disorders. Principal investigator is a dichotomous variable that equals 1 if the biotech
firm serves as the drug development lead, and 0 if it is the pharma firm. Serving as the principal
investigator can affect a firm’s reliance on the focal project, and thus, has the potential to shape strategic
priorities and affect alliance termination decisions (Ambulkar et al., 2022).
3.3.2. Frequency of Alliance Terminations Following Drug Launches
To assess whether the risk of alliance termination may increase following a drug launch, we first plot
the distribution of the number of days between each termination and its nearest drug launch (Figure
3.1a). The distribution is left skewed with a mean greater than zero. A binomial test confirms that the
proportion of terminations occurring after a drug launch (57%) is significantly different from 0.5
(random chance), with p < 0.001 and a 95% confidence interval of [0.548, 0.602]. We also perform a
Bayesian one-sample t-test using the number of days between each termination and the nearest drug
launch as the outcome, where negative values indicate terminations that occurred before the launch and
positive values indicate those occurring after. This method is selected over a traditional t-test due to its
robustness against outliers and suitability for thick-tailed data (Kruschke, 2013). To this end, we fit an
intercept-only Bayesian regression estimating the mean difference in days, using a standard normal
distribution as the prior, which assumes no effect and produces conservative results. The resulting
posterior distribution (Figure 3.1b) shows a maximum a posteriori (MAP) estimate of 63.15, with
98.3% probability that the effect exceeds zero and a 95% credible interval of [40.62, 82.67].

Since the timing of a drug launch is largely dictated by regulatory approval, it is unlikely to be
influenced by alliance terminations.” Therefore, any correlation between these events is expected to be

unidirectional, whereby drug launches influence alliance terminations but not vice versa. If drug

7 New drug application review and approval varies by jurisdiction, but the approval process is scientifically driven and
independent from the applicant. For examples of process detail, see reports from the US FDA timeline (United States
Government Accountability Office, 2020) and European Medicines Agency (2024).
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launches are not associated with an increase in alliance terminations, we would expect a zero-mean
distribution because both events would be random and uncorrelated. Thus, the exploratory data analysis
(EDA) findings in Figure 3.1 show that terminations occur more frequently after drug launches,
indicating a correlation. However, this does not establish whether drug launches pose a true
vulnerability to biotech firms. We address this question next using a survival analysis, which also allows

us to empirically determine the duration of the post-launch termination risk window.
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Legend: Positive values indicate terminations occurring after a drug launch, while the dotted region in (a)
marks the magnified region shown in greater details in (b) which depicts the posterior estimate of the mean.

Figure 3.1. Distribution of Time Between Alliance Termination and the Closest Drug Launch

3.3.3. Estimating Termination Risk Over Time: Hazard Model

We assess whether a partner’s drug launch increases the likelihood of alliance termination over time,
by estimating a Cox proportional hazards (CPH), which accommodates right-censoring and time-
varying covariates (Andersen & Gill, 1982). This model does not require specification of the baseline
hazard function and avoids inference-based assumptions (Allison, 2014) like linearity,
multicollinearity, or homoscedasticity. We first restrict the analysis to 3,496 alliances that have a known
outcome (either completed or terminated), excluding those still marked as active to mitigate censoring
bias caused by potential misclassification in the database. We then implement a model using the full
Cortellis sample of 34,208 alliances. Appendix H provides additional details and descriptive statistics.

For the CPH model, the dependent variable is the hazard of termination as a function of time since

47



alliance formation. The primary independent variable is a time-varying covariate indicating whether
the partner has launched a drug at a given time. Specifically, we segment each alliance’s timeline into
three intervals: (1) the period prior to the launch of a drug by the pharma partner (pre-launch); (2) the
period following the launch (launch window); and (3) the period after this window (post-launch). The
time-varying covariate, drug launch window, is coded as 1 during the launch window and 0 otherwise.
Each alliance is represented by one or more data points, depending on when termination occurs. For
instance, if an alliance terminates during the launch window, its timeline includes one data point
covering its survival through the pre-launch period and a second data point capturing its termination
during the launch window. Likewise, if termination occurs in the post-window period, the timeline
includes data points for pre-launch and launch window exposure, followed by a third data point
capturing termination in the post-window phase. This approach follows Andersen and Gill's (1982)
approach, which accommodates time-varying covariates and repeated event intervals per alliance. We
also include time-invariant controls for firm-, alliance-, and project-level characteristics observable at
alliance formation.

Using the dataset of alliances that have a known outcome, we determine the appropriate launch
window duration by estimating a series of CPH models using one-year rolling windows that begin at
different lagged intervals following the launch date (ranging from 0 to 60 months). For each of the 61
rolling windows, we construct a dataset that captures exposure to a partner’s drug launch within a one-
year period starting at a specified number of months (the lag) after the drug launch. We then estimate
a CPH for each dataset and extract the corresponding hazard ratios and confidence intervals. Figure 3.2
illustrates the lagged timing of the post-launch exposure windows (left) alongside the corresponding
results (right). The effect of drug launches on alliance termination risk is strongest with time windows
beginning within the first two years (24 months) and is not statistically significant beyond 3 years (36
months). This confirms that the higher risk of termination post-launch is concentrated within a three-
year period following a drug launch and will be used as the post-launch window size for the remainder
of our analyses. This three-year window of vulnerability is consistent with the typical amortization
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period for R&D investments, which reflects the expected economic benefit timeframe (Cazavan-Jeny
et al., 2011; Griliches, 1984). Scholars use similar timeframes to assess the impact of patents on firms
(G. Ahuja, 2000; Boeing et al., 2016), and the effect of announcements on biotech stock prices

(Williamson et al., 2024).
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Figure 3.2. Sensitivity of Alliance Termination Risk Relative to Timing of Drug Launch
(one-year rolling windows)

We next estimate CPH models with three-year launch windows and present the results in Table
3.2. These results indicate that alliances face elevated termination hazard during the three-year window
following a partner’s drug launch. For the dataset with known outcomes, the hazard ratio for drug
launch window of 1.581 (p < 0.001) implies that the risk of termination is 58% higher during this post-
launch period. In the full sample of 45,277 alliances, we find a significantly higher hazard ratio (18.988
vs. 1.581), likely due to some alliances being misclassified as active. Many of the “active” alliances
ended during the study period but were never classified as such due to missing information. We find
that these active alliances disproportionately lack any observed drug launches, even after accounting
for alliance duration. Alliances between firms that have never launched a drug likely generate less
public information, such as status updates, and are thus more prone to misclassification. This
misclassification leads the CPH model to overstate the effect of drug launches on termination risk,

although the estimated effect remains directionally consistent.
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Terminated or Completed Alliances All Alliances

Variable coef exp(coef) se(coef) p-value coef  exp(coef) se(coef) p-value
Drug launch window 0.458  1.581 0.060 <0.001 2.944 18.988 0.077  <0.001
Pharma failure experience 0.010 1.010 0.001 <0.001 0.014 1.014 0.001  <0.001
Pharma firm size 0.013 1.013 0.002 <0.001 0.012 1.012 0.002  <0.001
Pharma R&D portfolio size -0.006  0.995 0.001  <0.001 -0.007 0.993 0.001  <0.001
Pharma alliance portfolio size -0.004  0.996 0.001 <0.001 -0.006 0.994 0.001  <0.001
Pharma technology experience -0.183  0.833 0.157 0.242 -0.774 0.461 0.398 0.052
Biotech failure experience 0.008 1.008 0.003 0.001 0.005 1.005 0.003 0.072
Biotech firm size 0.022  1.022 0.003 <0.001  0.033 1.033 0.003  <0.001
Biotech R&D portfolio size -0.003  0.997 0.003  0.259 -0.006 0.995 0.003 0.041
Biotech alliance portfolio size -0.009  0.991 0.002  <0.001 -0.001 0.999 0.002 0.692
Biotech technology experience -0.601  0.548 0.295 0.042 -0.280 0.756 0.266 0.294
Alliance experience -0.002  0.998 0.017  0.906 0.016 1.016 0.018 0.385
Principal investigator -0.134  0.874 0.042  0.001 0.333 1.395 0.043  <0.001
Technology novelty -0.227  0.797 0.155  0.143 -0.517 0.596 0.173 0.003
Indication novelty -0.559  0.572 0.145 <0.001 -1.419 0.242 0.152  <0.001
Concordance = 0.64 (se = 0.006). Concordance = 0.701 (se = 0.005)
Number of alliances = 3,496 Number of alliances = 34,208

Table 3.2. CPH Model Results
3.4. Predicting Post-Launch Terminations

We determine whether post-launch terminations are distinguishable from other terminations by training
classification-based ML models to predict, at the time of alliance formation, which alliances are more
likely to be terminated following a partner’s drug launch rather than for unrelated reasons. In addition
to theory building, we aim to develop classifiers and interpretable models that help guide biotech
managers in making alliance decisions under uncertainty. Since the research question is inherently a
predictive one, regression analysis and a reliance on in-sample predictions is problematic (Shimao et
al., 2025). Moreover, while statistical inference methods like logistic regression yield interpretable
results, they rely on key assumptions: no multicollinearity; a linear relationship between the
independent variables and the log odds of the dependent variable; independent errors; and no influential
outliers (Stoltzfus, 2011). In Appendix I, multiple statistical tests show that these properties do not hold
for our dataset. In addition, the literature on alliance terminations in the biopharmaceutical sector
reveals varied statistical relationships—some studies report positive correlation, others are negative,
and some are nonlinear (see findings from Asgari et al., 2018; Cui et al., 2018). This suggests context-
specific relationships and complex statistical associations.

To align the empirical strategy with our prediction-focused research question, and to address the
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methodological challenges discussed above, we train a series of ML models and compare their
performance. Where appropriate, hyperparameters are tuned using five-fold cross-validation.
Following best practices (Sheetal et al., 2023), we include a Naive Bayes classifier as a baseline
classifier despite it not accounting for the interaction between feature variables. We also train a
Bayesian Additive Regression Tree (BART) model (Chipman et al., 2010), which captures complex
relationships while still being interpretable, and a Bayesian Neural Network (BNN) as a ‘black box’
model to evaluate the tradeoff between prediction accuracy and interpretability (Sharaf et al., 2020).
Additionally, we train frequentist ML counterparts to the above models, including Random Forest,
XGBoost, Ridge, and Lasso regression models, to compare out-of-sample performance. We select the
best-performing model, whether Bayesian or frequentist, for subsequent analyses and to assess the
robustness of our findings.

3.4.1. Data preparation and dependent variable

We augment our previously used dataset of 1,649 terminated alliances by coding whether a drug launch
by the pharma partner occurred within a 3-year window before or after an alliance termination. We also
perform a sensitivity analysis with other window sizes (see Appendix J). Since pharma partners could
have launched multiple drugs within the study period, each observation represents a termination—drug
launch pair, as shown in Figure 3.3, where a gray dot represents an alliance termination. This process
results in a final sample of 8,790 data points, each representing a terminated biotech-pharma partnership

where the pharma firm launched at least one drug during the 20-year study period.

Successful Drug Launch

Alliance
Period -t J Period +t terminations
V|

* — 7\
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datapoint #5

datapoint #1

Figure 3.3. Constructing Alliance Termination—Drug Launch Pairs

We dummy code each observation based on Eq. (3), where 6, represents the date of alliance
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termination and 8, represents the date the pharma partner launched a drug (nofe: we omit data points
where 8, = 6, because the trained model with and without these instances is identical).

Y:{l’ 664 >0 and |0, — 04l <3 3

0, otherwise
We intentionally restrict the data sample to alliances that ultimately terminated, regardless of whether
the termination followed a drug launch. This conditional modeling approach directly addresses our
central research question: Can features observable at the time of alliance formation distinguish post-
launch terminations from those that are independent of drug launches? By focusing only on terminated
alliances, we eliminate the uncertainty introduced by right-censored observations (ongoing alliances
with unknown outcomes). If post-launch terminations are distinguishable based on ex ante features,
this suggests that these events are not purely random. Thus, identifying these patterns can enable
biotech firms to anticipate and potentially mitigate the risk of post-launch terminations when selecting
partners.
3.4.1.1. Data Segmentation
The ML models are trained using a dedicated training set, and a classification threshold is determined
using a validation set before final testing is performed on a held-out set. Following Chipman et al.
(2010), 20% of the total data is assigned to a holdout test set (n = 1,658). The remaining 80% of the
data is then split, with 75% (n = 5,412) used for training and 25% (n = 1,720) used for validation. To
prevent data leakage, observations are split based on the name of the focal drug project, ensuring that
the same project does not appear in both the training and held-out datasets. For robustness, we also use
a temporal train-test split, assigning the most recent 20% of the data to the holdout set. Appendix J
summarizes the results and confirms the feasibility of predicting post-launch termination risk.
3.4.1.2. Classification Threshold
Probabilistic classifiers output a likelihood that an instance belongs to a given class. Thus, to assess

predictive performance, a classification threshold must be set to convert this continuous output into a
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binary prediction. This is given in Eq. (4) where L(X;) is the likelihood estimate given the observed set
of features X; of alliance i and T € (0,1) is the classification threshold.

. (0, L(X)<Tt
i‘{1, LX) >t )

The optimal classification threshold can be determined via hyperparameter tuning using the
validation set, however, the appropriate objective for selecting T depends on the specific problem
context (He & Garcia, 2009). In our case, we find the minimum classification threshold (7*) that
maximizes the positive prediction value (PPV) (Ghanem et al., 2023). This approach is consistent
with established practices for handling imbalanced datasets, where the accurate detection of the
minority class requires careful calibration to minimize the number of false positive predictions (Caton
& Haas, 2024; Gu et al., 2009; Jui & Rivas, 2024; Leevy et al., 2018; Rajkomar et al., 2018). To this
end, we aim to select T* which represents the solution to the following optimization problem:

Tg%(l)g) méix[P(y = 1|9 = 1; 8))] subjectto P(§ = 1|y = 0;8) > 0, (5)

where P(.) is the probability induced by the chosen classification function and @ is a vector of
parameters. In Eq. (5), we select T* such that it is the minimum threshold that maximizes the proportion
of correctly predicted positives while ensuring that at least some false positives are present to avoid
trivial solutions.® Since we cannot optimize Eq. (3) directly due to the iterative nature of training and
testing in ML models, we rely on validation-based metrics as proxies to determine 7" using sampling-
based, hyperparameter tuning algorithms as in Akiba et al. (2019).

In Table 3.3, we report the detection rate, the proportion of positive predictions (y = 1), to assess
the models’ capacity to identify alliances at risk. We use PPV to compare model performance with a
particular focus on those with the highest values. Finally, we report the negative prediction value

(NPV), which, by design, is expected to approximate random chance (50%). This is because

8 Without the constraint to allow false positives, the optimal threshold would be set as to never make positive prediction, thus
scoring a perfect PPV.
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terminations unrelated to a drug launch (the negative class) are equally likely to occur before or after
the launch date. As a result, even a perfect classifier would achieve an NPV of 0.5.

3.4.2. Classification Results

In Table 3.3, we present the prediction results for each model using the validation dataset used to
determine 7*, along with performance on a held-out test set.” Comparing PPV between the validation
and test sets helps to detect overfitting, as models often perform better on validation data. Conversely,
underfitted models tend to have poor PPV on both datasets. The baseline Naive Bayes classifier shows
signs of underfitting, with a PPV of 52.3% on the validation set and 51.5% on the test set. The low PPV
and inflated detection rate suggest that the model is too weak to reliably identify terminations linked to
drug launches. This is likely due to Naive Bayes’ assumption of predictor independence and equal
weighting of all predictors, including irrelevant ones. The Ridge and Lasso models perform better, with
out-of-sample PPVs of 90.0% and 81.8%, respectively, as regularization helps reduce multicollinearity,
minimize irrelevant features, and mitigate overfitting. However, their low detection rates are indications
of underfitting. Their inflated PPV values stem from rarely predicting positive classifications, which is
likely due to their inability to capture nonlinear effects and higher-order interactions. In contrast, the
BNN and Random Forest models show signs of overfitting. BNN scores a high PPV on the validation
set (92.3%) but significantly lower out-of-sample performance (73.1%). Random Forest scores a low
PPV on both datasets, but its out-of-sample detection rate decreases considerably (from 8.5% to 0.6%).
These models likely overfit to noise and irrelevant predictors, reducing generalizability. This overfitting
also contributes to their low detection rates, as they produce few positive out-of-sample predictions.
The gray cells in Table 3.3 highlight BART and XGBoost, which provide the best model fit.
These models have the highest detection rates and their PPVs on the held-out set are near or exceed

90%. As ensemble methods, they effectively capture complex relationships, reduce the influence of

9 Through random draw, the proportion of terminations after a drug launch is higher in the held-out sample data. Thus, some
models appear to perform better in the held-out sample than the in-sample data. The results are unimpacted by this random
draw.
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irrelevant predictors, and control overfitting through regularization. Nevertheless, their detection rates
remain below the observed post-launch termination increase (approximately ~7% as in Section 3.2),
highlighting the tradeoff between precision and recall. Because the models rely solely on information
available at alliance formation, unobserved factors likely limit their performance.'® However, their high
PPVs and detection rates suggest that these models can be used to predict whether a newly formed

alliance is more likely to be terminated following a drug launch as opposed to other potential reasons.

Bayesian Models Frequentist Models
BART  BNN Naive Bayes Random Forest XGBoost Ridge  Lasso
Threshold 0.787 0.610 0.994 0.994 0.929 0.690 0.732
PPV
g £ (Positive 0.9714  0.923 0.523 0.7298 0.972 0.917 0.875
= o prediction value)
o <
= .2 NPV
2 3 (Negative 0.486 0.439 0.563 0.5128 0.488 0.481 0.480
= Q
o = prediction value)
A S
” | Detection Rate  0.0207  0.0066 0.5180 0.0849 0.0213 0.0067  0.0043
8§ = PPV 0.875 0.731 0.515 0.7836 0.974 0.900 0.818
(=]
g
5 ¥ NPV 0.503 0.446 0.474 0.5000 0.505 0.488 0.486
S g
O w2
& 2 | Detection Rate  0.0425  0.0084 0.5099 0.0064 0.0419  0.0099 0.0050

Legend: Gray cells represent the best performing model from the Bayesian (left) and Frequentist (right) algorithms.

Table 3.3. Comparisons of Predictive Performance Results

Using the BART model, we generate a posterior distribution for each prediction, allowing us to
quantify uncertainty. This is achieved by aggregating predictions across multiple decision trees and
Markov Chain Monte Carlo iterations (J. L. Hill, 2011). In Figure 3.4, we present the distribution of
predictions for each observation, which is over 2,000 iterations of the BART algorithm. In Figure 3.4a,
we observe that the cumulative posterior distribution for a true positive prediction exceeds the 0.5
threshold, indicating high confidence. Conversely, the distribution in Figure 3.4b reflects true negative
predictions and is symmetric with a mean near 0.5, indicating performance that is close to random

chance.

10 In a subsequent section, we incorporate information collected up to when the alliance is terminated (e.g., progress on the
focal project and timing of termination relative to the drug launch). This additional information improves the detection rate.
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Taken together, the results in Table 3.3 and Figure 3.4 demonstrate that a prediction model can
reliably be used to identify alliances at risk of termination after an unrelated drug launch using only
information available at the time of formation. To test the robustness of our findings, we vary the time
window used when constructing alliance termination—drug launch pairs from three years to two and
four years, as reported in Appendix J. We also reanalyze the data after incorporating a washout period.
That is, we exclude cases where alliance termination and drug launch occur within 30 days or 60 days
of each other, to account for possible systemic timing errors. Results remain consistent across all
sampling distributions.

(@) (b)

Count of likelihood predictions

Predicted BeeBhood of termination after 2 drag lsunch Predicted Beelbhood of termination after 3 drug aunch
True positive True negative
Figure 3.4. Sum of Posterior Probability Predictions

3.4.3. Exploring Predictors of Post-Launch Termination

We next identify key predictors influencing the model’s predictive accuracy, with a focus on identifying
interactions and nonlinear effects. This approach aligns with the principles of explainable Al, which
aim to provide transparency to complex models to improve our confidence in their predictions
(Chaddad et al., 2023; Chen et al., 2022; Gilpin et al., 2018). Identifying important predictors,
interactions, and nonlinear effects also ensures practical relevance by confirming that the model’s
predictions are based on factors that management can directly control (Xu et al., 2019).

3.4.3.1. Predictor Selection

We perform a feature importance test by analyzing the inclusion proportion, which indicates how
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1.'" Because some variables

frequently a variable is used across the decision trees in the BART mode
may be used to consistently overfit to noise while others may be rarely selected but have a significant
predictive effect, we use a permutation-based inferential method suggested by Bleich et al. (2014).!?
This involves training new BART models with the original variables (X), and generating random,
uncorrelated values where no real association between variables and outcomes exists. We generate 100
such datasets and train 50 BART models on each to compute the average inclusion proportion for each
variable, represented by the thinner (light gray) histogram bars in Figure 3.5. Variables with actual
inclusion proportions (dark gray bars) that are significantly higher than their null inclusion
proportions—based on a t-test (p < 0.05)—are identified as true predictors meriting further

investigation. We visualize these t-test results in Figure 3.5 by displaying 83% confidence intervals,

where non-overlapping intervals closely correspond to significant t-test results.'?
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Figure 3.5. Variables of Importance Using a Permutation-Based Method from Bleich et al. (2014)

11 Since BART learns from past iterations, the inclusion proportions of the first series of trees are mainly based on random
chance until the model performs sufficient iterations to learn the prior probability distributions. As recommended by Chipman
et al. (2007), we discard the first 200 iterations from the inclusion proportion analysis to avoid decision trees built without
strong prior learning.

12 Bleich et al. (2014) proposes two other methods to test BART’s inclusion proportion. We use the method that rules out the
fewest number of predictors.

13 83% confidence intervals of two means are approximately equivalent to a 2-sample t-test results with a p-value of 0.05.
The error bars in Figure 5 show a visual approximation of the t-test results for illustrative purposes. The actual statistical
significance was determined using formal t-tests.
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The analysis indicates that four attributes of the pharma partner are important predictors of post-
launch alliance termination, whereas only two attributes of the biotech firm are relevant. The pharma
firm’s failure experience, size, alliance portfolio size, and R&D portfolio size are relevant as well as
the biotech firms size and alliance portfolio size. The other predictors deemed important are the
frequency of previous alliances between the two firms labelled alliance experience, and which firm
serves as the principal investigator on the focal project.
3.4.3.2. Model Interpretation
To derive actionable insights and a deeper understanding of which alliances may be vulnerable to post-
launch terminations, we apply Shapley Additive Explanations (SHAP), an interpretable Al technique.
Although simpler models are generally preferred for interpretability (Rudin, 2019), they must also
achieve acceptable predictive performance. We therefore retrain each ML model from Table 3.3 using
only the important predictors identified in Figure 3.5 and evaluate their performance on the validation
and held-out test sets. As shown in Appendix K, XGBoost and BART continue to outperform non-tree-
based models while an inherently interpretable decision tree fails to achieve sufficient accuracy. Among
the two, XGBoost yields a slightly higher PPV and detection rate (95.3% and 8%) as compared to
BART (93.6% and 6.7%). Hence, we use SHAP to evaluate the impact of each feature on the XGBoost
model’s predictions (Lundberg & Lee, 2017). Unlike feature importance measures, SHAP values
capture both the magnitude and direction of each feature’s impact on the predicted likelihood of
termination.

We calculate SHAP values for each out-of-sample prediction and aggregate the results in Figure
3.6. To interpret this figure, we consider two aspects of each plot: (1) a concentration of the same color
(blue or red) and their position relative to 0.0 on the X-axis; and (2) the value on the X-axis, which
positively relates to each predictor’s influence on the likelihood of post-launch alliance termination.
Red values concentrated on the right of 0.0 indicate a positive relationship with the outcome, while
blue values indicate a negative relationship. Figure 3.6a illustrates that this analysis substantiates the

feature importance test in Figure 3.5 by showing that pharma failure experience and pharma firm size
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have the strongest influence on predictions. This is demonstrated by the heavy concentration of the
SHAP values away from 0.0 and by the distinct separation of color. We observe a negative relationship
between pharma failure experience and the likelihood of alliance termination post-launch, indicated by
a blue concentration to the right of 0.0. Pharma firm size is also negatively associated with this
likelihood. Alliance experience appears to have a positive relationship demonstrated by a red
concentration to the right of 0.0. The role of principal investigator—dummy coded to 1 (red) for the
biotech firm—shows a clear boundary, whereby a biotech principal investigator is associated with a
lower likelihood of termination post-launch. However, the influence of this variable is weak (small
SHAP values) as compared to the other predictors. Finally, Pharma R&D portfolio size, pharma
alliance portfolio size, biotech firm size, and biotech alliance portfolio size do not have a distinct color

separation, suggesting that their effects likely stem from interactions with other predictors.
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Figure 3.6. SHAP Values Using the XGBoost Model with Important Predictors from Figure 3.5

SHAP values provide global explanations that offer general insight into which predictors have the
most consistent influence on a model’s predictions. However, global explanations can overlook case-
specific interactions and fail to capture the local impact of predictors on individual alliances,
particularly those near the decision boundary, where small changes can significantly influence

predictions. To address this limitation, we conduct a Diverse Counterfactual Explanation (DiCE)
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analysis, which generates scenarios that span the decision boundary by identifying the minimal changes
needed to flip each prediction (Mothilal et al., 2020). These scenarios help uncover tipping points for
reducing the risk of post-launch termination, since the original data does not necessarily cluster near
the decision boundary. Given that multiple changes can result in a flipped prediction, we generate three
counterfactual scenarios for each data point, optimizing for diversity. That is, each of the three scenarios
is selected to maximize its distance from the others using multiple distance metrics, as defined in
Mothilal et al. (2020). Appendix L presents a single example of the counterfactuals generated using
DiCE, based on a randomly selected sample from the held-out test set. This example demonstrates that
certain features, such as pharma failure experience, are more influential in changing predictions, while
in other cases, multiple feature modifications can produce the same effect.

After generating the counterfactual scenarios, we calculate SHAP values and present the
aggregated results in Figure 3.6b. The results are consistent with those in Figure 3.6a, indicating that
the direction and magnitude of feature influence at the decision boundary are consistent with those
observed in the original data. However, global SHAP values do not reveal how features interact or how
their influence on predictions changes for different feature values. To address this, we generate SHAP
dependence plots, which visualize the marginal influence of one feature while capturing interactions
with a second feature through color coding. This allows us to examine how feature contributions vary
conditionally. We apply this analysis to DiCE-generated counterfactuals because they represent cases
where small changes in feature values can result in significantly different predictions. This provides
better coverage of critical regions, especially where the original data is sparse. We systematically
inspect every two-way interaction plot and present those with a clear interaction effect in Figure 3.7.
Within each plot we: (1) identify a clear separation between blue and red areas, where one area is
distinctly higher in the graph than the other; (2) interpret a downward shift from red to blue as a positive
moderating effect of the corresponding feature (indicated on the right side of the graph); and (3)
consider the interaction to be heterogeneous if the color separation is inconsistent across the X-axis.

Beginning with Figure 3.7a, we first observe an evident separation of the two colors, particularly
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for values greater than 100 on the X-axis. This separation means that an interaction exists between
pharma failure experience (X-axis) and pharma R&D portfolio size (color scale).'* Specifically, for
pharma firms with more than 100 past failures, those with a larger R&D portfolio (represented by the
red area) tend to increase the likelihood of post-launch alliance termination given the move from blue
to red upward (i.e., the red area appears above the blue one). A similar two-way interaction emerges in
Figure 3.7b between pharma R&D portfolio size (X-axis) and pharma firm size (color scale), showing
a positive moderating effect given the color transition from blue to red upwards. This positive
moderating effect for pharma firm size is prevalent for firms with large R&D portfolios (greater than
350 drug projects). A more subtle moderating effect appears in Figure 3.7c, concerning the interaction
between a pharma firm’s alliance portfolio size and its overall firm size. Specifically, among pharma
firms with large alliance portfolios, those with a medium number of subsidiaries (around 60) are less
likely to terminate alliances after a drug launch. The fourth significant interaction is between pharma
R&D portfolio size and pharma alliance portfolio. While the predictors are correlated, instances where
a pharma firm has a large R&D portfolio and few alliances show a lower likelihood of post-launch

alliance termination.

14 A similar moderating effect was observed between pharma failure experience and the size of the pharma firm's alliance
portfolio. This figure was excluded as it is nearly identical to Figure 3.7a.
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Figure 3.7. SHAP Values Interactions

3.5. Testing Strategic Timing as an Alternative Explanation

We provide a post-hoc analysis to test whether the observed increase in post-launch terminations could
be explained by strategic delays: cases in which alliances that could have ended earlier are instead
retained and terminated shortly after a drug launch to soften the impact of the announcement in the
shadow of the news of a drug launch. While the presence of a vulnerability window extending for three
years beyond the drug launch weakens this alternate explanation, we include an additional test to further
refute this possibility.

If post-launch terminations were opportunistic timing rather than present a unique vulnerability,
these terminated alliances would involve weaker drug projects that had already reached the limits of
their potential, and thus, would be less likely to progress to the next stage of drug development. To test
this hypothesis, we train an ML model to predict, post-alliance drug progress, a binary outcome
variable that equals 1 if the project advances to the next stage of drug development, and 0 if it does not.
We include the same firm-, alliance-, and project-level characteristics, now observable at drug launch,

and add an additional feature, post-launch alliance termination, which is a dichotomous variable that
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reflects whether an alliance termination is predicted'® to occur after a drug launch. That is, it equals 1
if the analysis from Section 3.4 predicts that an alliance will be terminated after a drug launch, and 0
otherwise. If strategic timing were driving post-launch terminations, then the presence of the predictor
should be associated with a higher probability of non-progression.

In addition to the key predictors identified earlier (Figure 3.5), we include five dynamic features
that capture alliance-level developments over time.'® Biotech (pharma) R&D portfolio growth assesses
the difference in the number of active R&D projects for the biotech (pharma) firm between the
formation and termination of the alliance. Positive values indicate portfolio growth during this period,
while negative values represent a reduction in the number of active projects. Time between alliance
formation and drug launch measures the number of days between the formation of the alliance and the
drug launch. Progress during alliance is a dichotomous variable that equals 1 if the focal project
progressed by at least one stage in the drug development process during the period of the alliance, and
0 otherwise.

Following Shimao et al. (2025), and consistent with our earlier analysis (see Section 3.4), we train
two XGBoost classification models to predict post-alliance drug progress: one with the dichotomous
variable post-launch alliance termination and one without. We withhold 20% of the data for out-of-
sample evaluation, tune hyperparameters using five-fold cross-validation, and asses predictions based
on a threshold of 0.5.!” The out-of-sample performance of the XGBoost model with the post-launch
alliance termination predictor has a PPV of 1.0, indicating that all drugs predicted to progress to the
next development stage are correctly identified. We also observe a NPV of 0.992, demonstrating that

the model predicts non-progressing drugs with few false negatives, confirming the model’s strong

15 We use predicted values to better isolate terminations that are linked to drug launches. While models using actual values
produced similar results, using predicted values helps to reduce noise in the signal, leading to more accurate and conservative
estimates.

16 Some attributes (i.e., firm size and failure experience) did not have sufficient differences between the start and end of
alliances to be considered relevant.

17 Unlike in the main analysis where we aim to predict the data points related to the increase in termination after a drug
launch, here we follow a typical classification problem where we aim to accurately classify each data point (NPV does not
tend towards 0.5).
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classification performance.'®

With the model accurately classifying future project progress (PPV = 1.0; NPV =0.992), we assess
whether the addition of post-launch alliance termination adds predictive value. To facilitate this, we
perform Monte Carlo cross-validation by training and evaluating each model on 100 random train-test
splits to compare the difference in R? (one including the post-launch alliance termination and the other
excluding it) with a Student’s t-test.!” Table 3.4 shows no statistically significant difference in
predictive performance between the two models (p = 0.4065), indicating that post-launch alliance
termination does not improve the prediction of post-alliance drug progress.** These findings offer no
support for the strategic timing explanation. If firms systematically delayed terminating weak drug
projects, we would expect those alliances to exhibit lower rates of post-alliance progression.
Conversely, if post-launch terminations reflected premature decisions that ended alliances with

unrealized potential, we would expect higher rates of subsequent progression. We find no evidence of

either pattern.
Predicting post-alliance drug progress Mean R? Std.dev. df  t-statistic p-value
With the post-launch alliance termination predictor 0. 8884 0.0135 198  -0.83184  0.4065

Without the post-launch alliance termination predictor 0. 8869 0.0122

Table 3.4. Effect of Post-launch Alliance Terminations on Post-alliance Drug Progress

3.6. Discussion and Conclusion
Using 20 years of biotech—pharma alliance data, we find that alliance termination risk increases after
the pharma partner launches an unrelated drug. This finding is confirmed by survival analysis, which

shows a significant rise in termination risk within three years post-launch. We rule out opportunistic

18 While the main analysis prioritizes PPV, predicting post-alliance progress yields a balanced prediction between PPV and
NPV, as shown by an Area Under the Receiver Operating Characteristic Curve (AUC-ROC) score of 0.954 (Provost et al.,
1998).

19 Student t-test is used because a Fisher F-test indicates equal variance between the two groups (F = 0.9586, numerator
degrees of freedom = 99, denominator degrees of freedom = 99, p = 0.8338).

20 We repeated the analysis using three alternative measures of progress: (i) advancement through two development stages;
(1) completion of the final clinical trial stage; and (iii) whether the terminated project ultimately resulted in a drug launch.
We found similar results although the accuracy of the prediction models was limited by increasingly unbalanced datasets.
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timing as a mechanism and, using supervised machine learning (ML) and explainable Al, show that
post-launch termination risk is predictable based on features observable at alliance formation.

The ML models identify several key predictors of post-launch termination risk: the pharma firm’s
failure history and R&D portfolio size; both firms’ size and the extent of their alliance portfolios; the
frequency of prior collaborations; and whether the biotech firm leads development. Notably, a pharma
firm with many past failures may not necessarily be a poor partner, rather, such firms may be more
adept at evaluating the potential of a new partnership (Love et al., 2023a). This supports earlier findings
that firms with more failures tend to sustain longer alliances (Pangarkar, 2009), although prior studies
did not examine this in the context of drug launches. Surprisingly, fewer prior alliances with the same
pharma partner are predicted to have a lower post-launch termination risk, which contradicts Reuer and
Zollo (2005). Thus, in the context of drug launches, a history of collaboration does not necessarily
signal future stability. For biotech firms, serving as the principal investigator and maintaining a large
alliance portfolio can reduce termination risk following the launch of a drug by one of its pharma
partners. When biotech firms lead, pharmaceutical firms likely conduct more thorough due diligence
(Tyebjee & Hardin, 2004). This has the potential to foster a more well-aligned partnership in which the
resources required from the pharma firm coincide with its expected ROI. Finally, we find that project-
level characteristics, such as the current drug development phase, therapeutic area, or underlying
technology, do not significantly help to predict post-launch termination.

Counterfactual and SHAP analyses shed further light on how these attributes affect post-launch
termination risk. In particular, the risk of post-launch termination is reduced when the pharma partner
is a large firm and maintains a moderate alliance portfolio size relative to its R&D portfolio. Moreover,
the pharma partner’s failure experience is moderated by R&D portfolio size: firms with more past
failures relative to the breadth of their R&D portfolio are even less likely to terminate alliances post-
launch. For biotech firms seeking stable partners, these results suggest that they should prioritize large
pharma firms with extensive R&D operations and experience from multiple terminated drug projects.

When evaluating partners with many active alliances, biotech firms should favor those with mid-sized
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operations, as they are less likely to end alliances after a launch. This finding contrasts with Dan and
Zondag (2016), who report that smaller pharma firms are generally less prone to terminate alliances,
indicating that such patterns may not extend to the post-launch context. A common theme is that biotech
firms can use predictive models to help guide pharma partner selection and reduce the risk of post-
launch alliance termination. Alternatively, contracts can include specific opt-out clauses or extended
notification periods to protect against unexpected partner withdrawal (Savva & Scholtes, 2014).

From a theoretical perspective, the implications from the aforementioned findings are twofold.
First, while prior research has highlighted the important of collaborative biotech-pharma partnerships
(e.g., Baum et al., 2000; Polidoro & Yang, 2021; Powell et al., 1996; Rothaermel, 2001; Stuart et al.,
2007), and the risks of opportunistic behavior in asymmetric partnerships (Kalaignanam et al., 2007,
Mishra et al., 2015; Villena et al., 2011), we show that a partner’s success can also create a vulnerability
for the more dependent party. Our work thus expands the literature on the “dark side” of social capital
by highlighting how alliance instability can emerge not only from failure or conflict, but also in the
wake of successes. Second, our results suggest that alliance termination decisions are shaped by
multiple interacting factors. From the pharma firm’s perspective, launching a drug can drive a
reallocation of managerial attention and capital toward commercialization. Such a shift from
exploration to exploitation is known to terminate R&D initiatives (Koval, 2021; Min, 2017; Tandon et
al., 2022), but it does not automatically lead to alliance termination. Our analysis suggests that projects
terminated after a drug launch are just as likely to progress to the next stage of development as
compared to other terminated projects, thereby ruling out the possibility that pharma firms hold on to
alliances just to end them after a drug launch. Additionally, the timing of post-launch terminations,
typically extending over three years after a launch, aligns with the period of intensified
commercialization efforts. Thus, it is more likely that pharma firms reevaluate their portfolio pipeline
by assessing the expected returns and strategic complementarity of remaining alliances according to

their new resource availability.
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While our study provides actionable insights, some limitations must be acknowledged. We rely on
data from a leading pharmaceutical intelligence platform, which ensures practical relevance but does
not capture the full causal structure behind termination decisions. Our main objective is not to estimate
causal effects but to uncover predictive patterns using only features available at the time of alliance
formation. We do however provide evidence that drug launches pose a risk to the alliance’s survival,
but we do not exploit exogenous variation in launch timing or alliance structure, meaning unobserved
confounding may still influence the results. That said, we strengthen internal validity by applying out-
of-sample validation, using only pre-formation features, and directly ruling out strategic timing as an
alternative explanation. Future research could build on our findings by incorporating stock market data,
regulatory disclosures, or internal documents to better uncover underlying mechanisms.?!

Even though our analysis focuses on the biopharmaceutical industry, where data is readily
accessible and advanced analytics are used in practice (Banner et al., 2021; Yadav et al., 2024), we
believe the insights are applicable to other industries. Firms in diverse industries form exploratory
alliances that are terminated when exploitation opportunity emerges (Koval, 2021). For instance,
consider GoPro’s partnership with Red Bull to cross-promote their products (GoPro, 2016). This
alliance ended shortly after GoPro launched new live-streaming camera features that drew significant
attention (GoPro, 2020), illustrating how even promising alliances can be vulnerable to a new product
launch. Our study thus offers a starting point for future research to examine similar risks in other
industries and to advance a more general theory of alliance management following partner success.

ML models are widely applied to optimize operations and forecast demand, and there is growing
use for evaluating management and policy interventions (Boutilier et al., 2022; Chan et al., 2023; von

Zahn et al., 2024; G. Wang, 2022). We contribute to this emerging area by applying predictive models

21 While we relied on prior studies to identify factors that would predict the likelihood of alliance termination between biotech
and pharma firms after the launch of a drug by the pharma firm, our study did not include all these factors, albeit for justifiable
reasons. The excluded predictors, along with justifications, are presented in Appendix M. Nonetheless, future research could
explore whether the omitted predictors, especially the network-level factors, might play a significant role in influencing
alliance termination decisions in other contexts
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to uncover insights into a previously unexplored organizational dynamic. This approach aligns well
with calls for the adoption of Al for data-driven theory development (Chou et al., 2023; Choudhury et
al., 2021; Shrestha et al., 2021). Mirroring the biopharmaceutical industry’s widespread adoption of
ML and analytics (Yadav et al., 2024), we advocate for using such tools to inform alliance partner
decisions and suggest accounting for the potential destabilizing effects that future drug launches may

bring.
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Chapter 4:
Drug development discontinuations and innovation outcomes:
The mediating role of new collaborations

4.1. Introduction

Inventors in science-based industries face long development cycles, high uncertainty, and frequent
project discontinuations (Krieger, 2021; Pisano, 2006). Projects can be discontinued for scientific,
regulatory, or strategic reasons, and these discontinuations are essential for managing research
portfolios (Paul et al., 2010; Subramanian et al., 2020). In biopharmaceutical research and development
(R&D), discontinuations can impact the subsequent innovation output of the inventors involved.
Although prior research has examined the organizational and financial consequences of discontinuing
R&D projects (DiMasi et al., 2016; Subramanian et al., 2020), as well as the psychological responses
to negative project outcomes (Shepherd et al., 2011; Ucbasaran et al., 2013), much less is known about
how such project discontinuations affect the subsequent innovative activity of the inventors themselves.
This is problematic because inventors are at the heart of innovation.

Innovation in this sector requires collaboration to access complementary expertise (Rothaermel &
Deeds, 2004; Singh & Fleming, 2010), and such collaborations are associated with greater innovation
output and more novel innovations (G. Ahuja, 2000; Singh & Fleming, 2010). A discontinued project
can influence inventors’ subsequent collaboration through multiple mechanisms. On the one hand,
collaborators can interpret a discontinuation as a negative signal about the capabilities of the inventors
involved, particularly in settings where individual contributions and project progress are difficult to
observe directly (J.-Y. Kim & Miner, 2007). Consistent with attribution theory (Kelley, 1973; Weiner,
1985), such attribution could discourage forming new collaborations with inventors associated with
discontinued projects. In contrast, problemistic search theory suggests that discontinuations can provide
feedback that encourages inventors towards new collaborators to explore new technological directions

(Greve, 2003). Because collaborations provide access to complementary expertise and knowledge,
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changes in collaboration opportunities can shape subsequent innovation outcomes. To resolve this
puzzle, we therefore ask: Does project discontinuation influence subsequent inventor-level innovation
outcomes by changing future collaboration opportunities? We also examine whether this mediation
pathway varies with the reason for discontinuation.

Biopharmaceutical R&D provides an ideal setting for studying how project discontinuations shape
collaboration since inventors in this sector are highly specialized and depend on complementary
expertise from collaborators (Rothaermel & Deeds, 2004). Additionally, project discontinuations are
publicly observable through clinical trial registries, company disclosures, and regulatory filings
(Sukhatme, 2007; Zarin et al., 2011). These disclosures can influence how scientific contributions are
evaluated (Jamieson et al., 2019), and reputational signals may affect inventors’ ability to attract new
collaborators in pharmaceutical R&D (Wang & Jiao, 2022). Despite the importance and visibility of
discontinuation events in this sector, scholars have largely examined the firm- or project-level
consequences of discontinuation decisions, including strategic portfolio adjustment and organizational
learning (e.g., Kim & Miner, 2007; Krieger, 2021; Love et al., 2023; Ucbasaran et al., 2013), leaving
the individual inventor as a relatively understudied unit of analysis. It remains unclear whether and
how project discontinuations affect the formation of new collaborations and whether the resulting
changes affect subsequent innovation outcomes. Understanding these consequences is important
because individual inventors drive knowledge production and changes in their outputs following a
discontinuation can inform how to manage R&D talent and how policymakers should design disclosure
policies.

In this study, we evaluate the effect of project discontinuations on subsequent new collaborations
and their mediating effect on inventor-level patent outputs (i.e., productivity) and patent novelty (i.e.,
new technological directions that are new to the inventor, not to the world). We also examine whether
the impact of project discontinuation varies with the reason for discontinuation. To do so, we construct
an inventor—project panel dataset that links drug development projects to the inventors involved in their

associated patents. Using information from the Cortellis Drug Development Intelligence database and
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patent records, we identify inventors whose projects were discontinued and compare their subsequent
innovative activity to that of inventors working on matched projects that were not discontinued. We
then use difference-in-differences models to examine how discontinuation events affect collaboration
formation and subsequent innovation outcomes. Our results show that project discontinuations lead
inventors to form more new collaborations, suggesting that inventors respond to discontinuation by
accessing new knowledge sources. This results in more novel patents but fewer patents overall.
Mediation analyses indicate that these new collaborations mediate subsequent innovation outcomes,
particularly patent novelty. We also find that these effects vary with the reason for discontinuation. The
increase in new collaborations is stronger following scientific discontinuations (e.g., safety concerns)
compared to non-scientific ones (e.g., market condition changes). However, relative to non-scientific
discontinuations, the mediating role of new collaborations following scientific discontinuations has a
stronger negative association with patent output and a weaker positive association with patent novelty.

This study contributes to three streams of research. First, it contributes to the literature on
innovation and collaboration by showing how negative project outcomes reshape subsequent
collaboration formation and innovation performance. Expanding on prior studies that state benefits of
collaboration for innovation (G. Ahuja, 2000; Singh & Fleming, 2010), our findings show that new
collaborations formed after project discontinuations increase novelty of innovation but reduce the
inventor’s productivity. Second, our study contributes to research on R&D project discontinuation and
failure by uncovering the mediating role of new collaborations. Although project discontinuations could
discourage collaboration through negative attribution, our results suggest that inventors respond to
discontinuation by forming more new collaborations, leading to more novel technological directions,
consistent with problemistic search theory. Third, responding to a call to study problemistic search as
a temporal process (Posen et al., 2018), we evaluate how inventors’ collaboration and patent trajectories
evolve over time following discontinuation events. The observed lagged increases in new
collaborations and patent novelty suggest that reorientation occurs gradually, consistent with

coordination costs from forming and integrating new collaborations (Bercovitz & Feldman, 2011).

71



4.2. Theoretical framework and hypotheses

Project discontinuations represent shocks in the research process that can influence the subsequent
innovation activities of the inventors involved. Prior research shows that scientists and inventors adjust
their research trajectories following such shocks, often redirecting their efforts toward new
technological directions (R. Hill et al., 2025; Madsen & Desai, 2010; Posen et al., 2018). However,
these shifts can carry performance costs. Evidence from recent work on scientific careers suggests that
researchers who pivot toward new research directions following shocks often experience a temporary
decline in productivity (R. Hill et al., 2025). As such, we expect that inventors will produce fewer
patents but pursue more novel technological directions following a project discontinuation, ceteris
paribus.

However, drug development research relies heavily on collaboration (Tian et al., 2021), and project
discontinuations may influence the formation of subsequent new collaborations. As collaborations
provide access to complementary expertise and knowledge, changes in collaboration formation can
influence inventors’ subsequent patent activities. Project discontinuations can affect collaboration
through multiple mechanisms. On the one hand, collaborators may interpret discontinuation as a
negative signal about the capabilities of the inventors involved, which could reduce the formation of
new collaborations. On the other hand, discontinuation could lead inventors to seek new collaborators
to explore alternative technological directions. We next examine how project discontinuations influence
the formation of new collaborations and how these collaborations mediate subsequent innovation
outcomes. Figure 4.1 summarizes the theoretical framework that integrates the mechanisms and

hypotheses developed below.
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4.2.1. Effect of project discontinuation on subsequent new collaborations

The discontinuation of drug development projects is routinely disclosed through clinical trial registries
and regulatory filings (Rathee et al., 2025; Tyagi et al., 2025; Zarin et al., 2011). Research shows that
such disclosures are used by external audiences to assess scientific progress (Light & Lexchin, 2021;
Neuberger et al., 2017). Because individuals are closely associated with the outcomes of the projects
to which they contribute (J.-Y. Kim & Miner, 2007), discontinuation events can be interpreted as
reflections of inventors’ scientific contributions and abilities.

Attribution theory posits that observers infer causes from observable outcomes when underlying
processes are opaque (Heider, 1958; Kelley, 1973; Weiner, 1985). In the context of biopharmaceutical
R&D, where scientific progress and individual contributions are difficult to observe directly
(Sukhatme, 2007), publicly disclosed project discontinuations can therefore serve as signals about
inventor capability. Because collaboration depends on perceptions of inventor competence, such
attribution could reduce potential collaborators’ willingness to initiate new ties following a project
discontinuation. Consequently, we hypothesize that:

Hla. Project discontinuation will reduce an inventor'’s subsequent formation of new
collaborations.

22 We do not estimate the direct association between new collaborations and patent activities because
both measures are constructed from the same patent records, which introduces endogeneity. Moreover,
prior research has already established a positive relationship between collaboration and innovative
output (Wuchty et al., 2007).
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While project discontinuations could discourage collaboration through negative attribution, they
can also trigger problemistic search and adaptation behavior by the inventors involved. Problemistic
search theory suggests that negative performance feedback can stimulate search for alternative
solutions when existing approaches fail to meet expectations (Cyert & March, 1963; Greve, 2003;
Posen et al., 2018). Recent research suggests that innovation failures can generate learning
opportunities that shape subsequent innovation strategies and experimentation (Baxter et al., 2023; T.
Wang, 2023), and negative signals can encourage adaptive exploration of new domains (Zeijen et al.,
2025). In the context of drug development, project discontinuation represents a signal that a particular
approach is not yielding the desired result. Such feedback can redirect research efforts and lead to new
collaborations for complementary expertise. If inventors respond to project discontinuation through
problemistic search, discontinuation events should lead to an increase in the formation of new
collaborations. Consequently, we propose the following alternative hypothesis:

H1b. Project discontinuation will increase an inventors subsequent formation of new
collaborations.

4.2.2. Collaboration as a mediator linking discontinuation and innovation

A change in the formation of new collaborations following a discontinuation can mediate the
relationship between project discontinuation and subsequent innovation outcomes. Research shows that
collaborations provide access to diverse expertise and are associated with both higher innovation output
and more novel innovations (G. Ahuja, 2000; Singh & Fleming, 2010). If project discontinuations
reduce the formation of new collaborations (H1a), inventors will have fewer opportunities to access
complementary knowledge and expertise, which can limit both the quantity and novelty of subsequent
innovations (Rhee & Haunschild, 2006; Shepherd & Haynie, 2011). Conversely, if project
discontinuations increase the formation of new collaborations (H1b), inventors gain access to additional
sources of expertise that can support higher patent output and exploration of new technological
directions (Greve, 2003; Love et al., 2023b; Madsen & Desai, 2010; Shaik et al., 2023; Tsinopoulos et

al., 2019). In either case, changes in the formation of new collaborations provide a mechanism through
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which project discontinuations can influence subsequent innovation outcomes. Therefore, we
hypothesize that:
H2.  The formation of new collaborations will be positively associated with an inventor's

subsequent (a) patent output and (b) patent novelty and will mediate the relationship
between project discontinuation and these subsequent innovation outcomes.

4.2.3. Reason for discontinuation as a moderator

The effect of project discontinuation on subsequent collaboration formation may vary depending on
the reason for the discontinuation. This reason can influence how inventors and prospective
collaborators interpret the event and adjust their subsequent behaviors (Kelley, 1973). Discontinuations
attributed to scientific causes, such as lack of efficacy or safety concerns, provide direct feedback about
the limitations of the underlying scientific approach. From an attribution theory perspective, they may
be interpreted as negative signals about an inventor’s capabilities which could discourage the formation
of new collaborations (Shepherd & Haynie, 2011). From a problemistic search perspective, this
feedback can signal that the current research trajectory is unlikely to succeed, leading inventors to
adjust their research direction and form collaborations to access complementary expertise (Greve,
2003). In contrast, discontinuations attributed to external factors, such as portfolio reprioritization or
changes in market conditions, provide less information about the scientific viability of the project. They
are thus less likely to influence collaboration formation or research direction.

As a result, the effect of project discontinuation on the formation of new collaborations should
depend on the reason for discontinuation. Discontinuations attributed to scientific reasons provide
stronger informational signals and therefore should generate stronger effects on new collaboration
formation, either positive or negative, than discontinuations not attributed to scientific reasons. If
scientific discontinuations are interpreted as reflecting inventor capability, the discontinuation—
collaboration relationship should become more negative. If scientific discontinuations trigger
problemistic search, the discontinuation—collaboration relationship should become more positive.
Therefore, we hypothesize that:

H3. When discontinuations are attributed to scientific reasons, the discontinuation—
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collaboration effect will be stronger (more negative in Hla or more positive in H1b)
than when discontinuations are attributed to non-scientific reasons.

While scientific failures signal that the current technological approach is not succeeding,
inventors may respond by forming collaborations with specialists who can help diagnose and
resolve specific technical problems. Such collaborations are likely to focus on incremental
improvements to existing approaches through local search, which can require substantial effort
without necessarily producing new patentable inventions (Fleming, 2001; March, 1991; Posen et
al., 2018; Zeijen et al., 2025). When new patents are produced from local search, they are also
more likely to be within the same technological domain as an inventor’s prior patents. In contrast,
non-scientific discontinuations, like strategic reprioritization of projects, can redirect inventors
toward new technological domains through more exploratory collaborations. Exploratory search
can lead to additional patent activities (Rosenkopf & Nerkar, 2001) and is more likely to span
technological domains novel to the inventor. Therefore, we hypothesize that:

H4. The indirect effect of project discontinuation on (a) patent output and (b) patent novelty,

via new collaborations, will be reduced for scientific discontinuations compared to non-
scientific discontinuations.

4.3. Method

4.3.1. Data sources and sample construction

We construct a biopharmaceutical inventor—project panel dataset by merging drug development project
records with patent and inventor data. Information is drawn from the Cortellis Drug Development
Intelligence Database, which contains comprehensive coverage of pharmaceutical R&D projects,
including discontinuation events, and links to associated patents. Inventors are identified through
inventorship information on patents associated with each project, which allows us to link individual
inventors to their collaborators and to specific drug development efforts. We focus on projects
discontinued between January 1, 2000 and January 1, 2019. We end the discontinuation window in
2019 to ensure five years of post-discontinuation patent activities can be observed for each inventor.

For each discontinued project, we extract information on project development phase, targeted
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medical indication, discontinuation year, discontinuation reason, and firm characteristics. We filtered
duplicate discontinuation records from multiple announcements regarding a single event by preserving
the earliest announced discontinuation date. We collected a total of 6,723 discontinued projects.

We construct a matched sample of drug development projects that do not experience a
discontinuation during the study window to use as a counterfactual comparison group. For each
discontinued project, we identify related projects that are active in the same calendar year and share
similar observable characteristics prior to the discontinuation event. We perform exact matching on
projects that share the same medical indication, target medical action, and inception calendar year as
the discontinued project. When more than five exact matches are available, we randomly select five
control projects. If fewer than five control projects meet this threshold, we retain all available matches.
Matched projects are required to remain active (i.e., not discontinued) for at least the length of the study
window to ensure no discontinuation treatment affects patent trajectories. Each related project is
assigned a pseudo-event year corresponding to the discontinuation year of its matched discontinued
project. In total we collected 14,732 matched projects.?

We construct the inventor—year panel by linking the patents that Cortellis associates with each
drug project to patent filing records that identify the inventors. In total we identified 58,138 inventors
who experienced a discontinuation and 105,991 matched inventors who did not experience a
discontinuation. We then extract all patent publications corresponding to the 164,129 inventors and
identify those granted within five years of the discontinuation event (or pseudo-event for the matched
sample). Figure 4.2 illustrates this process for patent output. The same process applies to patent novelty

and new collaborations.

3 Among the discontinued projects, 201 have one match, 185 have two matches, 140 have three matches, 115
have four matches, and 5,678 have five matches. Also, 404 discontinued projects have no matches. We compared
results including and excluding these unmatched projects with similar results.
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Figure 4.2. Example of Patent Output for One Focal and One Matched Inventor

Many innovations generate multiple patent publications (e.g., filings in different jurisdictions) that
belong to the same patent family (i.e., they represent the same innovation). To avoid double counting,
we retain only the first publication in each family and assign the earliest observed publication year. For
each family, we retain co-authors as a measure of collaborators, and International Patent Classifications
(IPC) 4-character prefix codes as a measure of patent novelty. To ensure that new collaborations are
based on new co-authors and that new technological directions are based on new IPC codes, we
construct pre-event baselines of co-inventors and IPC codes using observations more than five years
prior to the discontinuation (from the inventor’s first recorded patent to five years prior to the event).
We do so by extracting co-inventors and IPC codes from every patent related to an inventor that were
granted more than five years before the discontinuation (or pseudo-discontinuation) event. These
baselines are used to account for past collaborators and IPC codes when constructing panel data.

Using the linked project—inventor—patent data, we construct an inventor-level event-time panel
centered on project discontinuations. The unit of analysis is ‘the inventor X year relative to the event’.
For inventors associated with a discontinued project, we define the event year as the calendar year in
which the focal project is discontinued. For inventors in the matched sample, we assign a pseudo-event

year equal to the discontinuation year of the project to which they are matched. We then retrieve all

78



patents for each inventor x relative year to compute the outcome measures described next.

4.3.2. Outcome, mediator, and moderator measures

We employ outcomes that capture the quantity and novelty of innovation. We also measure a mediator
that captures the number of new collaborations each year relative to the discontinuation and a moderator
that captures whether the discontinuation was due to a scientific reason. The moderator is defined at
the project level. The outcome and mediator variables are defined at the inventor—year level and
indexed in event-time relative to the discontinuation year. Although the mediator is measured in the
same year as the outcomes, collaborations observed through patent co-authorship must have been
formed before the patent is granted. Therefore, the collaboration necessarily occurs prior to the patent
activities. For each measure, inventor—years with no patent activity are coded as zero. Table 4.1

summarizes these measures.

Variable name Description

The number of distinct patent families which the focal inventor is granted a patent

Patent output . .
in year I.

Outcomes The number of new IPC code prefixes in year i relative to the focal inventor’s pre-
Patent novelty  event IPC portfolio, divided by the number of patents in year i. IPC codes are
operationalized at the 4-character subclass level (e.g., “G16H”).

New The number of new co-inventors in year i relative to the focal inventor’s pre-event

Mediator collaboration collaborator set, divided by the number of patents in year i.

An indicator equal to 1 if the focal project was discontinued for a scientific reason
Moderator Scientific reason (e.g., lack of efficacy or safety concerns) and 0 otherwise. Non-scientific
discontinuations include commercial, strategic, or financial decisions.

Table 4.1. Definitions of Outcome Measures
We define patent novelty and new collaborations, as formalized in Eq. (6) below, as the number
of distinct attribute values that appear in year T but were not observed in prior years. We denote A, as
the set of distinct values for attribute A in year T (e.g., IPC 4-character prefix or collaborator name).

We denote novelty by nj7" as the count of elements in A, that do not belong to any previous sets A,

for t < 7. Formally,
nz,iw = |AT ¢ At<‘r|- (6)

The moderator is based on the stated reason for project discontinuation reported in the Cortellis
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Drug Development Intelligence Database. Cortellis reports the primary reason associated with each
discontinuation using standardized categories. We construct an indicator variable equal to 1 if the
project was discontinued for lack of efficacy or safety concerns (scientific reason), and 0 otherwise

(non-scientific reason). Table 4.2 presents the descriptive statistics for these outcome measures.

Mean Mean
Variable (Treated) SD N (Control) SD N
Cumulative number of patents
before event window (relative 5.334 54.8458 4,352,502 4.4069 70.5521 7,778,991
years < —5)
Annual patent output 5.5790 69.5802 4,352,502 5.4871 88.6489 7,778,991

Annual patent novelty

(new IPC 4-character subclasses) 4.2408 15.6488 4,352,502 3.4665 17.0543 7,778,991

Annual new collaborations 15.6818 61.2594 4,352,502 13.6622 71.9456 7,778,991

Table 4.2. Descriptive Statistics of Outcome Measures
Because patent output follows a right-skewed distribution common in patent data (Silverberg &
Verspagen, 2007), we apply an inverse hyperbolic sine (IHS) transformation to the patent output
measure to reduce skewness while retaining zero observations (Bellemare & Wichman, 2020). We scale
patent novelty and new collaborations by patent output in the same year by constructing ratios that
represent novelty and collaborations per patent. This reduces the correlation between these measures
and patent output and instead represents the intensity of novelty and collaborations per patent.

4.3.3. Analysis approach

We estimate the effect of project discontinuation using an event-time difference-in-differences
approach centered on the discontinuation year of drug development projects. Treated (discontinued)
and control (not discontinued) projects are matched on pre-event characteristics, which ensures that
they are comparable based on observable factors before the discontinuation event. In addition,
assigning pseudo-event years to control projects and including calendar-year fixed effects ensures that
both groups are exposed to the same time conditions. Together, these account for project-level selection

on observables and timing conditions. A key assumption is that the outcomes of treated and control
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inventors would follow similar trends in the absence of project discontinuations. We assess this
assumption by examining pre-discontinuation trends for each model.

All models include inventor fixed effects, which control for time-invariant differences in
inventors’ baseline activity, and calendar-year fixed effects, which control for shocks common to all
inventors in a given year. Standard errors are clustered at the inventor level to account for within-
inventor serial correlation, and all statistical inference is based on these clustered standard errors. Eq.
(7) represents our event-study difference-in-differences design with

Yie = a; + Ve + Xie—skzo B (Ti X D) + €. (7
Y;; is the outcome variable, a; are inventor fixed effects, and y; are calendar-year fixed effects. T; is a
treatment indicator equal to 1 if inventor i experiences a discontinuation and 0 otherwise. Di"; is an
event-time indicator equal to 1 if inventor i is k years from the (real or pseudo) discontinuation event
in year t, and 0 otherwise. The coefficients 8 are the average treatment effects on the treated at time
k relative to the year of the discontinuation (k = 0).
4.3.3.1. Mediation analysis
We also examine whether changes in collaboration account for the effect of project discontinuation on
inventors’ subsequent patent activities using an event-study difference-in-differences mediation
analysis. We first estimate an event-study model for the mediator, as shown in Eq. (8) with

Mt = &; + ¢ + Zies x0Tk (T X DY) + i, (8)
where M;; is the mediator variable (i.e., new collaborations per granted patents). The coefficients 1y,
are the effect of discontinuation on the mediator at each event time k. Hence, Eq. (8) will be used to
test Hypothesis 1. We then estimate an event-study model for the outcome conditional on the mediator,
as shown in Eq. (9) with

Yie = @ + Ve + Zieszo Bi(Ti X D) + OMy; + €y, 9)

where, again, 5 are the average treatment effects on the treated at time k relative to the year of the

discontinuation (k = 0), and 8 is the relationship between the mediator and the outcome conditional
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on treatment, event time, and fixed effects. Hence, Eq. (9) will be used to test Hypothesis 2. Both
models include inventor fixed effects (a;) and calendar-year fixed effects (y;). Standard errors are
clustered at the inventor level.
4.3.3.2. Moderator analysis
We examine the heterogeneity in the effect of discontinuation on collaboration with moderator analyses
to test Hypothesis 3. This is represented by Eq. (10) with
Mt = a; + Ve + Xi=—s o[k (Ti X D) + 2 (Ti X Dff X Z;)] + wye. (10)

Z; represents the moderator for inventor i, and A, captures whether the effect of a discontinuation on
new collaborations varies for different moderator values. We assess statistical significance of the
moderator using a joint Wald test of the interaction coefficients between the treatment indicators, event-
time indicators, and the scientific-reason moderator (4;). The tests evaluate whether the interaction
coefficients are jointly different from zero across event years, which allows us to determine whether
the moderator has an overall effect even if individual event-year coefficients are not statistically
significant.

To examine whether the mediation effect is moderated by the reason for discontinuation, we
estimate moderated mediation models to test Hypothesis 4. This is represented by Eq. (11) with

Yie = ; + Ve + Zhes ol Bi(Ti X D) + k(T X D X Z;)] + OMye + p(Mye X Z;) + €4, (11)
where S}, is the event-time treatment effect for non-scientific discontinuations in year k. The coefficient
Ay represent the additional effect when the discontinuation occurs for scientific reasons. Therefore, the
total treatment effect for scientific discontinuations is 8, + . For the mediator terms, 6 is the relation
between the mediator and outcome for non-scientific discontinuations. The coefficient p is the
additional effect when the discontinuation occurs for scientific reasons. Therefore, 8 + p represents the

mediator effect when a discontinuation is for scientific reasons.
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4.4. Results
4.4.1. Trends and total effects

This subsection provides descriptive trends and the total effects of project discontinuation on patent
output and novelty before testing the hypotheses with the mediator and moderator in the next
subsections. Figure 4.3 presents the event-time trends in annual patent outputs for inventors whose
projects are discontinued and for inventors in the matched comparison sample. Patent output is
presented as percentage changes relative to the event year to facilitate comparison across samples. In
the five years preceding the discontinuation event, the two groups follow closely aligned trajectories.
Over this period, inventors in both groups experience a gradual increase in annual patent publications.
Following a discontinuation, however, treated inventors deviate from this trajectory. Their output
declines relative to the pre-event trend for a few years before returning to its pre-event trend. In contrast,
matched control inventors remain on a similar growth path after their pseudo-event. While Figure 4.3
does not control for covariates or fixed effects, it provides visual evidence of a parallel pre-event trend
between treated and matched control inventors. It also motivates the regression-based event-study
analyses that follow.
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Figure 4.3. Patent Output Trajectories for Treated and Control Groups
Figure 4a and Figure 4b report event-study difference-in-differences estimates of the effect of
project discontinuation on (a) patent output and (b) patent novelty. Each point represents the average

treatment effect in a given year relative to the discontinuation. Error bars represent 95% confidence
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intervals based on inventor-level clustered standard errors. In Figure 4a, the coefficients for patent
output follow parallel trends in the pre-discontinuation period since the coefficients prior to
discontinuation (t < 0) are indistinguishable from zero. There appears to be some decline in patent
output after discontinuations, though this trend is only statistically significant in years 4 and 5. Figure
4b also shows a parallel trend leading up to the discontinuation, then patent novelty increases after the

discontinuation to become statistically significant from year 2 until year 5.
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Figure 4.4. Event-time Regression Coefficients Representing Total Treatment Effects
for (a) patent output and (b) patent novelty

4.4.2. Effects on forming new collaboration (mediator)

Figure 4.5 presents event-study estimates of changes in new collaborations measured by the number
of distinct co-inventors per patent who have not previously appeared on patents together, corresponding
to the competing Hypotheses 1a and 1b; the regression table is reported in Appendix N. Figure 4.5
shows no difference in new collaborations between the two samples prior to discontinuation, also
consistent with the parallel-trends assumption. In the post-discontinuation period, new collaborations
formation increases compared to the matched sample. Therefore, Hypothesis 1b is supported and

Hypothesis 1a is not.

84



-0.054

Deviation in new collaborations

-0.10

5 4 3 2 106 1 2 3 43
Relative year

Figure 4.5. Event-time Regression Coefficients Representing Effect of
Discontinuations on New Collaborations (Mediator)
4.4.3. Mediation Analysis

We assess whether changes in new collaborations contribute to the observed change in patent activities
following project discontinuation by examining the role of new collaborations as a mediator,
corresponding to Hypothesis 2. Table 4.3 presents the results. Models 1 and 3 report the baseline event-
study estimates for patent output and patent novelty, respectively, without including the mediator.
Models 2 and 4 are extensions that include new collaborations as mediator. Accordingly, new
collaborations is negatively associated with patent output (Model 2) but positively associated with
patent novelty (Model 4). When we include the mediator in the patent output model (Model 2), the
treatment-effect estimates remain unchanged compared to the baseline model (Model 1). This indicates
that although new collaborations are negatively associated with patent output, they do not appear to
mediate the effect of discontinuation on patent output. For patent novelty, including new collaborations
as a mediator in Model 4 reduces the magnitude and statistical significance of the treatment-effect
estimates compared to Model 3. Although the treatment coefficients remain statistically significant, the
reduction suggests that the increase in patent novelty is partially mediated through an increase in new
collaborations. Hypothesis 2 is thus supported for patent novelty (2b), but not for patent output (2a)

since we find the opposite effect.
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Patent output

Patent novelty

@ ) (€))] ()]
Treated x t=—5 0.0431 0.0442 0.0282 0.0251
(0.0264) (0.0263) (0.0154) (0.0141)
Treated x t = —4 0.0169 0.0174 -0.0027 —0.0043
(0.0219) (0.0221) (0.0128) (0.0121)
Treated x t =3 0.0353 0.0351 -0.0213 —0.0208
(0.0191) (0.0188) (0.0101) (0.0099)
Treated x t =—2 0.0168 0.0175 -0.0021 —0.0042
(0.0181) (0.0178) (0.0097) (0.0091)
Treated x t =—1 0.0129 0.0119 -0.0116 —-0.0084
(0.0288) (0.0286) (0.0074) (0.0073)
Treated x t=1 —0.0053 —0.0055 0.0062 0.0070
(0.0133) (0.0131) (0.0065) (0.0064)
Treated x t=2 -0.0257 —0.0246 0.0235%* 0.0202%**
(0.0189) (0.0186) (0.0082) (0.0078)
Treated xt=3 —0.0370 —0.0346 0.0258** 0.0186*
(0.0201) (0.0197) (0.0092) (0.0084)
Treated x t=4 —0.0638* —0.0603* 0.0343** 0.0234*
(0.0232) (0.0229) (0.0106) (0.0095)
Treated xt=15 —0.0829*** —0.0782%** 0.0494%%** 0.035]1*%**
(0.0210) (0.0212) (0.0116) (0.0658)
New collaborations —0.0283*** 0.0860***
(0.0058) (0.0043)
Inventor fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes
Clustered standard errors  Inventor level Inventor level Inventor level Inventor level
Observations 12,131,493 12,131,493 12,131,493 12,131,493
R? 0.9346 0.9349 0.26983 0.30944
Within R? 0.00146 0.00682 0.00055 0.05477

#5% n<0.001, ** p<0.01, * p<0.05

Table 4.3. Mediation Effect of Subsequent New Collaborations on Patent Output and Patent Novelty

4.4.4. Moderator and moderated mediation analyses

Table 4.4 presents the moderating role of the reason for discontinuation. Model 5 examines whether

scientific versus non-scientific reasons for discontinuation moderate the effect of discontinuation on

new collaborations, corresponding to Hypothesis 3. Models 6 and 7 present the full moderated

mediation analysis for the patent output and patent novelty outcomes, corresponding to Hypothesis 4.

For all three models, the event-time coefficients show no evidence of pre-trends differences between

treated and control inventors prior to a discontinuation.
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New collaborations

(Mediator) Patent output Patent novelty
) (6) )

Treated x t=—5 0.0311(0.0265) 0.0408 (0.0256) 0.0291 (0.0216)
Treated x t=—4 0.0138(0.0292) 0.0121 (0.0209) 0.0004 (0.0185)
Treated x t=—3 —0.0053 (0.0259) 0.0203 (0.0199) —0.017(0.0153)
Treated x t=-2 0.0243 (0.0212) 0.0072 (0.0170) —0.0012 (0.0082)
Treated x t = —1 —0.0422 (0.0286) 0.0164 (0.0267) —0.0092 (0.0079)
Treated x t=1 —0.0224 (0.0275) —0.0088 (0.0160) 0.0097 (0.0063)
Treated x t=2 0.0346 (0.0218) —0.0414 (0.0178)* 0.0214 (0.0084)*
Treated x t=13 0.0722 (0.0259)**  —0.0545 (0.0181)** 0.0208 (0.0104)
Treated x t=4 0.1047 (0.0289)**  —0.0776 (0.0239)** 0.0256 (0.0089)**
Treated x t=15 0.1550 (0.0314)*** —0.0946 (0.0277)** 0.0373 (0.0105)**
Treated x t =—5 % Scientific reason 0.0676 (0.0995) 0.0529 (0.1293) —0.0365 (0.0388)
Treated x t = —4 x Scientific reason 0.0683 (0.0779) 0.0728 (0.1227) —0.0480(0.0279)
Treated x t =—3 x Scientific reason —0.0026 (0.0757) 0.1809 (0.1329) —0.0450 (0.0228)
Treated x t = —2 X Scientific reason 0.0000 (0.0746) 0.1251 (0.1501) —0.0330(0.0215)
Treated x t=—1 x Scientific reason 0.0612 (0.0606) —0.0507 (0.1471) 0.0113(0.0193)
Treated x t =1 x Scientific reason 0.1581 (0.0657)* 0.0419 (0.1256) —0.0298 (0.0180)
Treated x t =2 x Scientific reason 0.0545 (0.0909) 0.2001 (0.1286) —0.0152 (0.0159)
Treated x t =3 x Scientific reason 0.1331(0.0928) 0.2396 (0.1273) —0.0243 (0.0271)
Treated x t =4 x Scientific reason 0.2493 (0.1030)* 0.2105 (0.1429) —0.0214 (0.0228)
Treated x t =5 x Scientific reason 0.1319(0.1149) 0.1975 (0.1482) —0.0248 (0.0274)
New collaborations —0.0276 (0.0060)***  0.0867 (0.0052)***
New collaborations x Scientific reason —0.0276 (0.0129)* —0.0283 (0.0135)*
Inventor fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes
Clustered standard errors Inventor level Inventor level Inventor level
Observations 12,131,493 12,131,493 12,131,493
R? 0.352911 0.93504 0.240532
Within R? 0.000659 0.007869 0.054959

#5% n<0.001, ** p<0.01, * p<0.05

Table 4.4. Moderated Mediation Effect Based on Reason for Discontinuation

Model 5 indicates that inventors gradually increase the formation of new collaborations following
a discontinuation (7reated x t). The increase becomes positive and statistically significant three years
after the event and continues to grow in later years (event years 3—5). The interaction terms (7reated *
t x Scientific reason) test whether this effect varies for scientific versus non-scientific discontinuations.
Although few interaction coefficients are individually statistically significant, a joint Wald test indicates
that scientific discontinuations are associated with a stronger increase in new collaborations overall
(Wald statistic = 7.94, p < 0.001). This finding supports Hypothesis 3, which predicted that the effect
of project discontinuation on collaboration formation varies with the reason for discontinuation.
Specifically, the discontinuation—collaboration effect is more positive (i.e., stronger) when

discontinuations are attributed to scientific reasons than when they are attributed to non-scientific
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reasons.

Model 6 represents the moderated mediation model for patent output. The baseline event-time
coefficients (Treated x t) indicate that patent output declines beginning in the second year after non-
scientific discontinuations, with statistically significant effects observed in event years 2—5. None of
the interaction coefficients (Treated x t x Scientific reason) are individually statistically significant,
suggesting that the decline in patent output does not differ significantly by discontinuation reason. The
mediator coefficient (New collaborations) indicates that new collaborations are negatively associated
with patent output. The interaction term (New collaborations x Scientific reason) is also negative and
statistically significant, indicating that the negative association between new collaborations and patent
output is stronger following scientific discontinuations. These results provide support for Hypothesis
4a since the relationship between new collaborations and patent output varies with the reason for
discontinuation. Specifically, scientific discontinuations are associated with a more significant decline
in patent output than discontinuations associated with non-scientific reasons.

Model 7 presents the moderated mediation model for patent novelty. The baseline event-time
coefficients (Treated % f) indicate a gradual increase in patent novelty beginning two years after the
discontinuation event, with positive and statistically significant effects in event years 2, 4, and 5. The
mediator coefficient (New collaborations) shows that new collaborations are positively associated with
patent novelty. However, the interaction term (New collaborations x Scientific reason) is negative and
statistically significant, indicating that the positive association between new collaborations and patent
novelty is weaker when discontinuations occur for scientific reasons. This result implies that new
collaborations still increase novelty following scientific discontinuations, but the increase in novelty is

smaller than after non-scientific discontinuations, providing support for Hypothesis 4b.

4.5. Discussion and conclusion
We examined whether and how an inventor’s project discontinuation affects subsequent patent output
(productivity) and patent novelty (technological directions new to the inventor) through the formation

of new collaborations, and whether this mechanism varies by the reason for discontinuation. Using the
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biopharmaceutical sector, where discontinuations are publicly disclosed and inventors can be linked to
drug development projects and patents over time, we find that a project discontinuation is expected to
be followed by more new collaborations, lower patent output, and higher patent novelty for inventors
who have experienced a discontinuation. The results further show that new collaborations mediate the
increase in patent novelty. We also find that if an inventor’s project is discontinued for a scientific
reason, then we can expect a stronger increase in new collaborations than if the discontinuation was for
a non-scientific reason. However, the mediation effects of new collaborations on the inventor’s patent
output and patent novelty are reduced if the discontinuation is for a scientific reason.

Central to this study is whether project discontinuations reduce or increase new collaborations
(Hypotheses 1a and 1b). Attribution theory suggests that publicly disclosed discontinuations could be
seen as a negative signal of inventor capability, which could discourage potential collaborations. In
contrast, problemistic search theory suggests that a discontinued project provides feedback that leads
inventors to seek new knowledge sources through new collaborations. Notwithstanding this puzzle, our
findings are overall more consistent with the problemistic search perspective since we find that
inventors form more new collaborations after a discontinuation. Granted, this finding does not imply
that negative attribution is absent but from our analysis, it is problemistic search that is likely the more
dominant perspective explaining the net effect of project discontinuation. Project failures and
discontinuations are common in the biopharmaceutical industry (DiMasi et al., 2016), and innovation
depends strongly on collaboration among specialized individuals (Pisano, 2006; Rothaermel & Deeds,
2004). Negative attribution could be more pronounced in other industries, especially where failures are
less common, collaboration among specialized inventors is less central, or individual responsibility for
project outcomes is easier to assign.

An unanticipated finding pertains to our postulation of inventors’ new collaborations (following a
discontinuation) mediating the increase in patent output (Hypothesis 2a), yet we find this association
to instead decline patent output. Since new collaborations appear to increase patent novelty relative to

an inventor’s prior work, these collaborations may expose inventors to unfamiliar knowledge domains
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and enable novel recombination (Fleming, 2001; Walsh et al., 2016). At the same time, forming new
collaborations can involve coordination costs and learning frictions (Bercovitz & Feldman, 2011; S.
Ghosh & Wu, 2023) that reduce patent output. A positive mediation between new collaborations and
patent novelty, along with a negative mediation with patent output, is consistent with this interpretation.
This interpretation is also consistent with recent work showing that research pivots following a shock
are associated with declines in productivity (R. Hill et al., 2025).

Moreover, the moderated-mediation results show that scientific discontinuations lead to a stronger
increase in new collaborations than non-scientific discontinuations. However, those additional
collaborations are associated with weaker patent novelty increases and a stronger negative association
with patent output (Table 4.4), which is likely a product of local versus exploratory search (March,
1991; Rosenkopf & Nerkar, 2001). Scientific discontinuations provide specific technical feedback. In
response, inventors may seek collaborators who can help diagnose and resolve the problem. This type
of local search deepens expertise within an existing domain. It can require substantial effort and
repeated trial and error while producing fewer patentable outputs. Additionally, patents that are
produced could remain closer to the inventor’s prior work. By contrast, discontinuations driven by
(non-scientific) external forces, like portfolio reprioritization, could lead inventors to redirect their
work toward novel opportunities through exploratory collaborations (Carnabuci & Operti, 2013;
Dahlander et al., 2016). Such collaborations would be more likely to span new technological domains
and generate inventions that are more novel relative to the inventor’s prior work (Fleming, 2001;
Rosenkopf & Nerkar, 2001).

Finally, we find that the effects of project discontinuations develop gradually over time. Patent
output begins to decline in the second year after discontinuation and continues to fall through year five
(Figure 4.4a). Patent novelty increases with a lag and becomes stronger over time (Figure 4.4b) and
new collaborations follow a similar pattern with statistically significant increases beginning in year
three (Figure 4.5). Because these trends follow similar lags, the decline in patent output may coincide
with, and partly reflect, a reorientation towards more novel patents, particularly after non-scientific
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discontinuations (Table 4.4). This latter finding contributes empirical evidence consistent with the
recombinant knowledge literature, which suggests a potential tradeoff between productivity and
novelty (Fleming, 2001; Kok et al., 2019). When firms redirect R&D resources toward new directions,
they may need to accept a temporary decline in productivity that can last for several years.

The above findings contribute to three research streams. First, to research in innovation and
collaboration we provide empirical evidence that negative project events can influence subsequent
collaborations. Scholarly work in this stream shows that collaboration facilitates innovation (G. Ahuja,
2000; Singh & Fleming, 2010). Collaborations expose inventors to new knowledge domains, which
can increase the likelihood of novel recombinations but also introduce greater uncertainty and
coordination costs in the innovation process. We add an event-driven perspective by showing that
project discontinuations can lead to new collaborations over several years. We also find that these
collaborations are linked to more novel innovations but can also reduce the quantity of patent output.
This pattern is consistent with prior findings supporting that search in unfamiliar knowledge domains
can increase the novelty of innovation while reducing productivity (R. Hill et al., 2025).

Second, to research in R&D project discontinuation we contribute through a focus on the
individual inventor. Scholars have primarily examined organization-level outcomes, including learning
from failure (e.g., Krieger, 2021; Love et al., 2023; Madsen & Desai, 2010) and the financial
consequences of R&D terminations (e.g., DiMasi et al., 2016). Related work has also examined how
prior success and failures affect decisions to discontinue projects (e.g., Lévesque et al., 2022), though
focusing on project-level decisions rather than on individual inventors. By examining inventors
directly, we identify a mechanism through which project discontinuations affect subsequent innovation:
the formation of new collaborations that mediate changes in inventors’ later patent activities.

Finally, we contribute to the problemistic search research by offering inventor-level insights into
how search is affected by project discontinuations. This research stream has mainly shown that firms
increase knowledge recombination after negative performance feedback (Eggers & Suh, 2019; Greve,

2003). Recent studies show that performance feedback also influences firm’s direction and locus of
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search (Keil et al., 2024), and that failure can shift firms’ innovation strategies toward exploration or
exploitation depending on the context (Xiong et al., 2024; Zhang et al., 2024). Building on these
insights, we show that similar patterns occur at the level of individual inventors, who ultimately carry
out firms’ innovation responses to discontinuations. Following project discontinuation, inventors form
new collaborations that redirect their innovation activity toward new knowledge combinations. We
further add that the reason for discontinuation matters, as different discontinuations can lead inventors
to engage in different types of searches. Moreover, in line with calls to study problemistic search as a
temporal process (Posen et al., 2018), we suggest that post-failure search develops over time, operates
through collaboration, and affects patent output and patent novelty differently.

In terms of practical implications, we provide empirical evidence, particularly for R&D managers,
on the association between project discontinuations and forming more new collaborations, suggesting
that the social capital (or collaboration potential) of inventors does not disappear when a project ends.
For R&D portfolio management, ending scientifically viable projects for strategic reasons does not
prevent inventors from pivoting towards exploratory work in new domains (i.e., greater patent novelty),
though a reduction in patent output should be expected. By contrast, scientific failures may lead towards
collaborations that support more local searches and incremental improvements (i.e., lower patent
novelty), which might also come with lower patent outputs. For policymakers, disclosure requirements
around project discontinuations does not appear to stigmatize inventors. In our setting, discontinuations
are publicly observable through clinical trial registries and regulatory filings, yet inventors form more
new collaborations after these events. This suggests that transparency around discontinuation does not
impede future collaborations.

Nevertheless, our findings should be interpreted while considering a few limitations. The most
consequential for causal inference is the possibility of unobserved confounding. Although the matched
event-study design controls for project-level observables and we control inventor-level fixed effects, a
risk remains that inventors whose projects are discontinued are systematically different from matched

control inventors in ways that affect both collaboration formation and subsequent innovation. Ruling
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out unobserved confounding is a challenge since publicly available data do not contain specific
information about each individual inventor. The parallel pre-trends provide reassurance for our results,
but they cannot fully rule out unobserved selection on inventor characteristics. Future work employing
experimental or quasi-experimental design could strengthen causal inference.

Second, patent-based measures capture only the formal codified dimension of innovation.
Likewise, collaboration measured through co-inventorship does not capture informal knowledge
exchange or other collaboration activities that do not lead to patent filings. Survey-based research could
provide empirical evidence on more informal changes in innovation following project discontinuation.
Another measurement limitation is that we rely on patent granted dates because these dates are readily
available in the Cortellis patent data. Granted dates lag their underlying innovation activities because
of patent assessment and processing time, whereas the date when a patent application is filed would
shorten the timing gap between innovation activities and the measured outcome. Future research could
retrieve patent application dates and re-estimate the models as a robustness test.

Finally, the five-year event window may be too short to fully capture inventors’ long-term post-
discontinuation trajectories. The patterns we observe are still evolving at the end of the window. Longer
observation windows could reveal whether patent output eventually recovers and when the increase in
novelty stabilizes or dissipates. We re-estimated the models using four- and six-year windows and
obtained similar results. However, extending the analysis over much longer periods presents practical
challenges. Inventors change employers, leave R&D, or retire, which makes it difficult to track their
innovation activity using patent data alone. Linking patent records with inventor-level personal career
data could provide a clearer understanding of long-term trajectories.

Work remains to be done to deepen our understanding of the influence of project discontinuation
on subsequent innovation activities at the individual inventor level, and the role of both future
collaborations and reasons for discontinuation. Nonetheless, we have moved a step forward by offering
some resolution to the puzzle of whether project discontinuations reduce or increase new

collaborations. In biopharmaceutical R&D, drug development project discontinuations appear to
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increase new collaborations and to a greater extent when the discontinuation is for a scientific reason
rather than for a non-scientific one. Innovation is an uncertain pursuit, with many setbacks along the
way. As Canadian inventor Joseph-Armand Bombardier often asked, “What should I invent next?” Our

results suggest that project discontinuations may serve to lead inventors towards novel innovations.
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Chapter 5:
Conclusion

This dissertation examines how innovation disruptions in healthcare generate indirect consequences at
three levels of analysis: the users that participate in or benefit from innovation; the firm developing
innovation; and the inventors who create it. The multi-level perspective shows that unintended
consequences of disruption are prevalent at each level, vary by context, and influence research and
development (R&D) operations in various ways. The results also show that the consequences of
disruptions go beyond the focal event and affects other parts of R&D. At the user level, Al-enabled
monitoring can sustain participation in service co-production. At the firm level, a successful drug
launch can increase alliance instability for dependent partners. At the inventor level, project
discontinuations can redirect inventors toward new collaborations and more novel innovations. The
findings suggest that disruption should be considered a recurrent feature of R&D operations with
complex consequences that require managerial attention.

At the user level, Chapter 2 demonstrates that the introduction of Al-enabled monitoring and real-
time feedback sustained user participation in physiotherapy co-production over time. Although both
the control and intervention participants began with similar exercise behavior, those using the Al-
enabled intervention maintained higher levels of participation while the control group’s engagement
declined. This pattern occurs because the technology reduced uncertainty about exercise performance,
as expected, but unexpectedly the technology also reinforced accountability through progress tracking
and data sharing with the physiotherapist. Therefore, a purpose-built technology can improve co-
production through secondary means like improving the user-service provider relationship. At the firm
level, Chapter 3 shows that a successful drug launch can destabilize existing inter-organizational
relationships. Pharma firms are more likely to terminate R&D alliances with biotech partners following
a drug launch, even when those alliances are unrelated to the launched drug. This suggests that a
positive disruption for the focal firm can create adverse spillovers for dependent partners, likely by

leading pharma firms to reprioritize their R&D portfolios or redirecting managerial attention toward
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commercialization. Hence, drug launches can reduce alliance stability and increase termination risk for
partners more dependent on the relationship. At the inventor level, Chapter 4 shows that project
discontinuations redirect innovation trajectories. Inventors associated with discontinued drug
development projects form more new collaborations over time, and these collaborations are associated
with greater patent novelty but lower patent output. This pattern suggests that some negative disruptions
lead inventors to reorient toward new knowledge sources and technological directions, with adjustment

costs that reduce productivity.

5.1. Theoretical and Practical Implications

For research in operations management and innovation, the dissertation shows that disruption is a
recurrent and consequential feature of innovation in the R&D contexts studied. Scholarly research has
shown that innovation processes are complex and unstable, with variability arising from
interdependencies and shifting conditions (Bagno et al., 2017; Benner & Tushman, 2003; Salerno et
al., 2015). This dissertation contributes to this literature by showing how disruptions generate indirect
consequences across multiple levels of the R&D system. Using data that spans decades in Chapter 3
and Chapter 4, it also shows that disruptions recur over time and that their consequences are also
consistent over time. Chapter 2, on the other hand, studies individuals over a shorter period (12 weeks).
However, the study enrolled participants over multiple calendar years, including periods spanning
before, during, and after COVID-19 restrictions. The results remained consistent in robustness tests
that control for time-related confounding, which provides evidence that these results are also consistent
over time.

For research on collaboration and innovation, the dissertation demonstrates that responses to
disruption often involve changes in relationships with other stakeholders. Relational changes from
disruptions appears in different forms across each level of analysis. At the end-user level, data
transparency from an Al-enabled solution can improve the relationship with service providers. At the
firm level, a drug launch is shown to have the potential to destabilize alliances. At the inventor level,

project discontinuations lead inventors to form new collaborations, which helps explain subsequent
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changes in innovation outcomes. Broadly, the findings suggest that responses to disruptions are often
relational in nature. Moreover, across the three main chapters, the consequences of disruption differ
depending on the type of disruption and the context in which they occur. In Chapter 2, Al-enabled
monitoring reduces uncertainty about exercise performance and reinforces accountability in service co-
production. In Chapter 3, a successful drug launch is likely associated with portfolio reprioritization
that can destabilize alliance relationships. In Chapter 4, project discontinuations are associated with
new collaborations and movement toward new technological directions, although with lower
innovation output.

In terms of practical implications, effective Al deployment in service settings should account for
how the technology affects all service participants and how they interact with one another. In
physiotherapy co-production, the intervention appeared especially effective because it strengthened the
patient’s sense of accountability to the physiotherapist over time. Moreover, Al can be effective when
it complements rather than replaces human interaction as the technology improved co-production by
extending provider oversight and reinforcing the patient—physiotherapist relationship. For managers,
the broader implication is that Al-enabled service design should consider human—Al complementarity.
As well, managers should not assume that successful product launches for a focal firm is a positive
signal for its alliance partners. Instead, launches can increase the risk of alliance instability by shifting
away from other existing collaborations. For biotech firms that depend on larger pharma partners, this
highlights the importance of carefully selecting partners and assessing each firm’s relative dependence
on the alliance.

On the other hand, at the inventor level, project failures can reduce innovation activities but also
redirect it toward new collaborations and more novel technological domains. For R&D managers, this
implies that promoting new collaborations after a discontinuation can help inventors reorient their
innovation efforts toward new technological domains. Simultaneously, this reorientation associates
with lower patent output alongside greater novelty. Managers should thus be cautious about evaluating

post-discontinuation performance using only immediate productivity metrics. Across all three main
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chapters, a broader managerial implication is that the effects of disruption should be evaluated over
long time horizons since consequences often emerge gradually instead of at the moment of the focal
event. Hence, early post-disruption outcomes may provide an incomplete picture of long-term effects.

Effective management therefore requires patience to fully observe how consequences evolve over time.

5.2. Limitations and Directions for Future Research
Several limitations must be acknowledged when interpreting the findings of the dissertation, which also
evokes avenues for future research. First, the empirical settings are concentrated in the healthcare
service contexts and in biopharmaceutical R&D. Although these settings are well suited for studying
innovation disruptions because they involve high uncertainty, interdependences, and observable
outcomes, the healthcare focus limits the external validity of the findings. The patterns may differ in
industries with different innovation cycles, organizational structures, or regulatory environments. For
instance, regulated industries with high development costs like resource extraction and aerospace, may
show similar patterns, whereas software development, with the ethos “move fast and break things”,
may behave entirely differently because disruptions are generally expected. Therefore, future studies
could perform comparative research to contrast the impact of innovation disruptions in other industries.
Multi-industry datasets and multi-site studies would make it possible to assess whether the patterns
identified here are specific to healthcare or reflect more general patterns of R&D management.
Second, the dissertation focuses on a few specific types of disruptions and therefore does not
capture the full range of shocks that can affect R&D operations. Each study isolates a singular
disruption and its impact on a specific context. Future research could examine additional types of
disruption—for instance regulatory, organizational, and technological shocks—or study multiple
disruptions together, to determine whether they generate similar spillovers or other distinct
consequences. Future research could also examine the boundary conditions of disruption spillovers by
identifying when they are more or less likely to arise, such as for different types of actors (e.g., users,

firms, or inventors) or at different stages of the innovation process.
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Third, the analyses rely on observable proxies to capture complex underlying phenomena.
Measures like patent output, patent novelty, collaboration through co-inventorship, and exercise
participation metrics provide tractable ways to study innovation with large data samples. However, they
do not fully capture the underlying mechanisms that explain these phenomena. For instance, patent-
based measures represent formal innovation outcomes, but they overlook informal collaborations that
do not lead to co-inventorship, idea generation that fails to materialize, or successful innovation that is
kept as a trade secret. Likewise, exercise participation metrics capture how much a patient performs
prescribed exercises, but do not reflect whether the intervention produce spillover effects to other
activities of healthy living. Future studies could investigate the underlying mechanisms of disruption
more directly. Work that incorporates surveys, interviews, and behavioral experiments would help
clarify why disruptions lead to certain outcomes. For instance, such work could explain to what extent
a shift from exploration to exploitation explains alliance termination after a drug launch, how much a
physiotherapy Al intervention increases exercise participation specifically because patients feel more
accountable to their physiotherapist, and whether project discontinuation does create negative
attribution toward inventors although that effect is overshadowed by problemistic search behavior.

Fourth, the dissertation adopts a multi-level perspective by examining disruption at the user, firm,
and inventor levels, but these analyses are conducted separately. While this structure allows for close
attention to level-specific outcomes, it does not permit direct observation of cross-level consequences
within a single empirical setting. For instance, in the physiotherapy context, the dissertation does not
examine whether higher exercise participation by patients leads to lower demand for physiotherapy
visits or leads to higher customer retention. It also does not trace whether a drug launch by a pharma
firm affects the outputs of inventors at a biotech partner whose alliance is terminated after the launch.
Similarly, we do not know to what extent changes in inventor outputs after project terminations affect
staffing turnover within the firms involved. Future research could develop designs that model multiple
levels of analysis simultaneously to contribute to an understanding of how user-level, firm-level, and

inventor-level spillovers interact. Such work could assess whether the consequences of disruption at
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one level also leads to consequences at other levels over time. This would provide a more integrated
view of how disruptions affect R&D operations.

Last, although the empirical designs use methods intended to strengthen inference, the possibility
of endogeneity remains. The three studies rely on longitudinal analyses, which helps strengthen the
evidence by establishing temporal ordering between the disruption event and the outcomes. However,
since none of the studies rely on randomized control trials or quasi-experimental treatment, stronger
causal claims would require additional research by using more exogenous treatments. Longer
observation windows would also be valuable because some consequences of disruptions tend to lag the
focal event. Such work would help determine whether the consequences observed produce lasting
impacts or whether short-term effects eventually dissipate.

Notwithstanding the abovementioned future research agenda, the three main chapters collectively
support that innovation disruptions generate consequences that extend beyond the focal event and affect
other actors in the R&D system. Across the user, firm, and inventor levels, disruptions reshape behavior,
relationships, and outcomes even for a period after the event. The shared pattern across the dissertation
is therefore that disruption produces indirect effects, even though these effects differ by context and

level of analysis.
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Appendices
Supplementary Materials for Chapter 2

Appendix A. Inclusion and Exclusion Criteria

Inclusion criteria Exclusion criteria
1. Age>18 years; 1. Upper body neurological conditions;
2. Diagnosis of unilateral rotator cuff tendinosis, shoulder 2. Should injuries present in both
impingement syndrome, or rotator cuff tear; shoulders; or
3. Planned physiotherapy treatment; and 3. Failed surgical shoulder intervention

4. Capacity to participate in home shoulder physiotherapy

Table Al. Inclusion and Exclusion Criteria for Participant Selection

Appendix B. Selection of Control Variables for Analysis

To ensure the robustness of our analyses, we include a set of control variables with established
relevance to physiotherapy (Bassett, 2003; Chester et al., 2013, 2018; Jack et al., 2010; Jin et al., 2008).
Age is associated with physical capacity and may influence both participation and movement quality.
Body Mass Index (BMI) serves as a proxy for body composition, which can affect movement accuracy
and fatigue. Sex accounts for potential physiological and behavioral differences in exercise
performance across male and female participants. Finally, the Pain Self-Efficacy Questionnaire
(PSEQ?2) score captures patients’ confidence in managing pain (Nicholas et al., 2015), a factor shown
to influence motivation and engagement in rehabilitation. Additional demographic information was
collected through an intake questionnaire and is reported in Table B1. While not all variables are used

as controls, they confirm that the intervention and control cohorts were well balanced.
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Control Group Intervention Group
(n=100) (n=24)
Age, mean (SD) n=100 62.8(129) =n= 23 57.1(21.6)
Baseline physical activity (hours/week), mean (SD) 93* 2.1 (4.0) 21 1.8 (3.2)
Body Mass Index (BMI), mean (SD) 96 254 (6.4) 20 30.0 (7.5)
Dominant side injured 100 24% (24/100) 22 36% (8/22)
Duration of symptoms (months), mean (SD) 87 39.5(55.3) 18 14.4 (14.0)
Sex (female) 99  59% (58/99) 23 78% (18/23)
Highest Level of Education, n (%) 89 20
No high school diploma 3% (3/89) 5% (1/20)
High school diploma 14% (12/89) 20% (4/20)
Some college/university 11% (10/89) 15% (3/20)
College diploma / professional degree 34% (30/89) 40% (8/20)
University degree 38% (34/89) 20% (4/20)
Income (per annum), n (%) 81 13
Less than $40,000 35% (28/81) 33% (4/12)
$40,000 to less than $80,000 28% (23/81) 33% (4/12)
$80,000 or more 37% (30/81) 41% (5/12)
Married/common law, n (%) 96 59% (57/96) 19  84% (16/19)
Severity of Injury (%) 100 24
No tear 39% (39/100) 33% (8/24)
Partial tear 23% (23/100) 21% (5/24)
Full thickness tear 38% (38/100) 46% (11/24)
Smoking status, n (%) 50 14
Non-smoker 80% (40/50) 71% (10/14)
Ex-smoker 14% (7/50) 21% (3/14)
Current smoker 6% (3/50) 7% (1/14)
Traumatic injury, n (%) 99  45% (45/99) 21 29% (6/21)
Work status (working), n (%) 91 58% (53/91) 18 33% (6/18)
Questionnaires, mean (SD)
Cumulative Illness Rating Scale (CIRS), mean (SD) 85 3.31 (2.67) 22 3.86(2.73)
ENRICHED Social Support Inventory (ESSI) 100 26.2 (6.4) 24 28.4(5.9)
2-Item Pain Self Efficacy Questionnaire (PSEQ2) 99 7.8(3.2) 24 8.6 (3.1)
Patient Expectation Questionnaire 99 17.3 (3.5) 24 16.9 (3.9)
Hospital Anxiety and Depression Scale (Anxiety) 100 7.0 (4.4) 24 6.2 (3.9)
Hospital Anxiety and Depression Scale (Depression) 100 54(3.9) 24 4.8 (3.1)

* The baseline physical activity data from one participant was removed due to an extreme outlier (99 hours per

week), which reduced the response from 94 to 93 participants.
**Control participants had significantly longer symptom duration before treatment, explained in part by
trial-related COVID-19 delays and potentially by patient hesitancy with seeking treatment during COVID-
19 restrictions. Injury severity was comparable across groups.

Note: n represents the number of responses for each variable. The control group contains a total of 100

participants while the intervention group has 24.

Table B1. Demographics Data

PSEQ?2 was selected from a broader set of psychometric measures, including the Cumulative

lllness Rating Scale (CIRS) for overall health burden (de Groot et al., 2003), the ENRICHED Social

Support Inventory (ESSI) for perceived social support (Mitchell et al., 2003), the Patient Expectation
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Questionnaire for treatment expectations (Razmjou et al., 2008), and the Hospital Anxiety and
Depression Scales (HADS) (Zigmond & Snaith, 1983). Expectedly, these psychological measures are
highly correlated (Table B2). As well, severity of injury is moderately correlated with HADS(D) (r = -
0.47), suggesting more severe injuries were associated with higher depression scores. To avoid
multicollinearity and confounding, we retained only PSEQ2, which showed the weakest correlation
with severity (r = -0.22). Additionally, PSEQ? is conceptually aligned with exercise participation, as
this measure of self efficacy in managing pain is a known predictor of participating in physical
rehabilitation activities (Nicholas et al., 2015). Thus, age, BMI, sex, and PSEQ2 were included as

control variables in all models.

Expectation HADS(A) HADS(D) CIRS PSEQ2 Severity Age BMI Sex
Expectation 1.00 0.42 0.51 0.03 -0.54 -0.26 -0.32 0.38 0.22
HADS(A) 1.00 0.60 -0.12 -0.49 -0.34 -0.17 0.12 0.43
HADS(D) 1.00 -0.05 -0.56 -0.47 -0.34 0.20 0.36
CIRS 1.00 0.33 0.01 0.12 0.21 -0.15
PSEQ2 1.00 0.22 0.50 -0.37 -0.41
Severity 1.00 -0.01 0.17 -0.20
Age 1.00 -0.14 -0.48
BMI 1.00 0.23
Sex 1.00

Table B2. Correlation Matrix Between Relevant Control Variables

We calculated the Variance Inflation Factor (VIF) for each predictor variable in input quantity
(Table 2.2, main text) and input quality (Table 2.3, main text) models to assess for problematic
multicollinearity. Generally, VIF values below 5 indicate low multicollinearity. We used the
Generalized Variance Inflation Factor (GVIF) for the input quantity model to account for the multi-
dimensional fixed effects (month and year fixed effects). The Adjusted GVIF allows for a direct
interpretation similar to the traditional VIF used in the input quality model. The results, presented in
Table B3, show that all VIF and Adjusted GVIF values are well below the threshold (of 5), confirming

that multicollinearity is not a concern.
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Input Quantity Input Quality

Variable GVIF Df Adjusted GVIF Variable VIF
Intervention 2.247 1 1.499 log(Repetition) 1.03
Days since last clinical visit 1.384 1 1.176 Injury severity 1.26
Number of physio visits 1.047 1 1.023 Age 1.63
Age 1.220 1 1.104 BMI 1.31
BMI 1.137 1 1.066 Sex 1.40
Sex 1.168 1 1.081 PSEQ2 1.79
PSEQ2 1.182 1 1.087
Month 2.008 11 1.032
Year 4.216 5 1.155

Table B3. Variance Inflation Factor (VIF)

Appendix C. Qualitative Analysis Protocol

We conducted qualitative interviews to examine the mechanisms underlying the intervention’s effects.
The resulting insights provide context for interpreting the quantitative results by offering an in-depth
view of participant perspectives. This approach is also valuable to understand unexpected patterns in
the data and clarify how the digital technology influenced participant behavior.

Interview participants were selected from the intervention cohort to ensure they had exposure to the
SPARS technology. The sampling strategy employed was purposive by targeting participants who had
completed most of the trial and therefore had a comprehensive experience with the technology. Of the
five participants who completed the full 12-week treatment, three consented to be interviewed. The
analysis of these three interviews formed the initial basis of the qualitative analysis. To corroborate
these initial findings, the interview with a fourth participant, who exited the study after eight weeks of
treatment, was then analyzed. An interview was also conducted with the physiotherapist who managed
the weekly in-clinic visits for hundreds of patients in the study. This interview ensures that the
experiences and perspectives shared by the four patient interviewees are consistent with the
physiotherapist’s overall perception of the participant population. All interviews were conducted in

person during the final weeks of their treatment, with each session lasting approximately 60 minutes.
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C1. Interview Protocol

Semi-structured interview guides were used to facilitate conversations with the patients and the
physiotherapist. The guide provided a list of topics to ensure consistency across interviews while
allowing flexibility to explore emergent themes and individual experiences. Sample questions for
patients are provided in Tables C1 and for the physiotherapist in Table C2. To ensure a natural flow of
conversation, questions were not asked verbatim but were instead introduced conversationally. All
interviews were conducted in person by a member of the research team with formal training in
qualitative research methods. Each interview prompted participants to discuss their experiences with
the SPARS/PT+ technology, its perceived utility, and any concerns regarding privacy, data use, and the

ethics of Al-enabled health monitoring. The interviews were audio-recorded and transcribed verbatim.

Table C1. Patient Interview Guide

Background and Context

e (an you start by telling me what brought you to physiotherapy at the Holland Centre and what your
experience there has been like?

e Was your injury work-related? Had you done physiotherapy before this, or was this your first time?

e Have any family members or friends been involved in your rehabilitation, now or in the past? Do
they help you with exercises, or do you do them on your own?

Enrollment in the Study:

e How did you decide to enroll in this study? Was there something specific that interested you about
the technology?

e Do you generally tend to like new technologies, or do you feel indifferent about them?

e What were your expectations about how this technology might affect your recovery?

Experiences with Physiotherapy:

e Could you describe your past experience with physiotherapy?

e Comparing this experience with your past physiotherapy experiences, did anything stand out?

e Has your experience at the Holland Centre been mostly positive or negative? Did anything stand out
as particularly notable, or was it fairly routine?

e Would you say the balance of in-person versus at-home therapy was right for you? Would you prefer

more in-person sessions, or more at-home work?

Experiences with the Technology:

e Could you describe the technology in your own words, as if explaining it to someone unfamiliar?
What does it look like, how do you use it, and what does it do?

e Walk me through your experience using the technology, step by step, from the first meeting with

your physiotherapist to your current stage.

Is there anything about the technology that stood out to you? positive, negative, or unique?

How do you feel about the technique ratings and feedback provided by the system?

Seeing your progress, does it make you feel motivated, stressed, or something else?

Did the technology affect your motivation or diligence? If so, how?
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Is there anything you would change about the technology?
Do you use any other technologies to manage your health? How does this compare?

Technology and Service Relationship:

If you had the choice to continue physiotherapy with or without this technology, which would you
prefer, and why?

How do you see the ideal balance between in-person sessions and at-home technology use (e.g.,
50/50, 75/25)?

How do you think using the tablet and watch changes or affects your relationship with your
physiotherapist?

Does it affect the work you do with your physiotherapist in-session?

Concerns and Reflections

Is there anything that worries you about the technology (e.g., the tablet, the watch)?
Hypothetically, how would you feel if your exercise data were shared with someone outside the
hospital or outside your care team?

Overall, besides motivation, are there any other ways the technology makes you feel?

Table C2. Physiotherapist Interview Guide

Background
Could you start by telling me about your educational and professional background? When did you
begin practicing as a physiotherapist, and where did you study?
What does an average day look like for you? How much of your time is spent interacting with
patients versus administrative or other responsibilities?
How would you describe the typical patients who come to the Holland Centre? How are they usually
referred?
What is the usual course of care at the centre, and how does discharge to the community typically
work?

Perspectives on Physiotherapy Practice
From your experience, what would you say are some essential elements of good physiotherapy?
Do you think patients define “good physiotherapy” in the same way? Have you noticed differences
between your professional view and patients’ expectations or preferences?

Experiences with SPARS/PT+
Can you recall your first impressions when you heard about SPARS/PT+? Has your opinion changed
over time?
Could you walk me through what happens when you start working with a patient using SPARS? How
do you introduce or onboard them to the technology?
What role do you see SPARS playing in physiotherapy?
Are there patients who found it difficult to use SPARS? What kinds of challenges did they face?
Have you noticed differences in how effective SPARS is depending on the quality of the
physiotherapist—patient relationship? For example, if rapport is weak, does SPARS still support
adherence and improvement?
For patients who did not improve, did you ever discuss SPARS with them? Did they attribute lack of
improvement to the technology, or was it viewed as neutral?

Reflections on Future Models of Care
e Thinking about how SPARS is currently designed, what would be your preference in terms of
the balance between in-person visits and technology-supported home exercise?
e Do you see a possible model of care where SPARS might replace some in-person contact
altogether, with physiotherapists mainly monitoring data? If so, what would that ideal model
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look like in your opinion?

e Are there contexts where you think SPARS should not be used?
e Do you have any concerns about SPARS (ethical, practical, or clinical) that have come up in your
time working with it?

C2. Analytical Approach

The thematic analysis was performed by a research team member who had no prior relationship with
the participants and was not involved in the technology’s development nor the trial’s implementation.
The analysis was guided by a grounded theory approach. The process began with open coding of the
verbatim transcripts to identify recurrent concepts and patterns in the data. These initial codes were
then refined into more focused codes, which were subsequently consolidated through an iterative
process to form emergent themes.

To ensure the trustworthiness of the findings, we implemented several methodological safeguards.
First, we conducted peer debriefing through regular meetings with the research team to review coding
decisions and interpretations, which helped validate and finalize the thematic structure. Second, we
engaged in iterative refinement of codes, revisiting and adjusting both codes and themes throughout
the analysis to ensure they accurately captured participants’ experiences. Finally, we employed
triangulation with quantitative results by comparing qualitative insights with the observed exercise
patterns from the smartwatch data. Figure C1 provides a summary coding tree that demonstrates the

development of codes into emergent themes.
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Figure C1. Coding Tree

First Order Codes Focused Codes

Emergent Themes

"The tablet shows me the movement. So, I get to see [...] the exact movement

Jthat I’'m trying to replicate." Technology
"Yeah, sort of the fact that [ know I’ve done the exercise correctly, makes me = reduces doubt
want to continue doing it." about technique
"The watch would be kind of measuring or calculating how good the patient correctness
was doing the exercise.” (Physiotherapist)

“I like that aspect, it’s giving you immediate feedback. Where before [...] are

you doing it quite correctly? Think so, but don’t know.”

“So, the way the program is set up, it gives you time to learn each step and so

you then are more likely to be doing it correctly.”

"With the tablet, it’s kind of giving me a rating each time [...] at the end, each Feedback provides
individual exercise, it says sort of are you in the green zone or are you in the reassurance
fred zone."

“Exercises will never make you worse [...] if aggravated, there is a

Iphysiological reason and we have to treat you.” (Physiotherapist)

"It’s nice to see, okay, I’'m in a green zone on this one and then I’m in a red

zone on this one, which means I haven’t done it correctly or something, so

[’ve got to think about it to prevent that from happening next time."

"By the time you got to number ten, your form had improved ... when you

move right into the second set, your brain and your memory for how you’re

doing the exercise is still with you."

"My exercise improves, my methodology of doing that exercise improves Builds routine/
from one week to the next, because of the way that I’m monitored" improvement
"It’s nice to see, okay, I’m in a green zone on this one and then I’'m in a red

zone on this one, which means I haven’t done it correctly or something, so

[’ve got to think about it to prevent that from happening next time"

"They start feeling stronger, less pain... they are more motivated to keep

|doing it." (Physiotherapist)

Uncertainty
reduction

"The tablet is sitting there, it’s ready to go ... instead of saying, oh screw it,

I’11 do it tomorrow, it’s like, no, I’ve got to do this."

"It keeps you honest. Sort of, hey, did it record you doing all of the Device creates a
Jexercises?" commitment
"I’m one of these personalities that might, I need to be monitored a bit,

Jbecause it increases my competitiveness and increases my desire to achieve."

"What is very important is... the patient has that commitment that I have the

watch." (Physiotherapist)

"I like that [...] I can see my progress."

"Each week I can see a progression in how much I can do" Tracking progress

"Maybe I’'m competitive, I like to see the green in the 80% completion range.
And that’s motivation."

over time

motivates
"There’s at least something tangible that I can look at and see what my

Jprogress is like."

Intrinsic
accountability
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"The importance is the patient will have a goal... They can see are these goals
being met or not" (Physiotherapist)

"I actually look forward to getting it done versus oh geez, here’s another
Ichore to do."

"If it wasn’t for this, this treatment would have followed the same path as
what I’ve done in the past."

"I need to make sure that the strength that I’ve now achieved, I continue."”

acts as a habit-
reinforcing tool

"With this, they’re able to see how correctly I’m doing the exercise."

"If I skip it, I have to tell [my physiotherapist], ‘Sorry ... I did not do it for
Jhow many days."

"When I go to the physiotherapist, like, he tells me, hey, am I doing it right or
Jam I doing it wrong."

"That sense of [the physiotherapist] watching is a very good motivation"

"It’s that idea that someone is following, someone is knowing if I do the Feeling of being
|exercises or not, and then the real motivation is basically to get better." monitored by
"They feel that, with the watch, someone will know if they are doing ornot  Physiotherapist
ldoing their exercises." (Physiotherapist)
"If he’s helping me, I don’t want to let him down either."
Data visibility

creates external
pressure not to
disappoint
provider

Extrinsic
accountability

Appendix D. Input Quality Exploratory Data Analysis

We validate the inclusion of random effects in our input quality analysis (Table 2.3, main text) and

examine the relationship between exercise technique accuracy and the number of exercise repetitions

completed by a participant for a given exercise, by performing an exploratory data analysis presented

in Figure D1. The results show distinct variation in accuracy scores, both between participants and

exercise types, which supports the addition of random effects by participant and exercise type. As well,

the improvement in accuracy scores follows a well-established learning curve pattern: an initial period

with rapid improvement followed by a slowing rate of improvement, eventually reaching an almost

stable level. Learning curve effects are commonly modeled as log-linear relationships (Anzanello &

Fogliatto, 2011).
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Figure D1. Exploratory Analysis of Input Quality Accuracy Scores

Appendix E. Robustness for Input Quantity Analysis

We assess the robustness of our main findings (Table 2.2, main text) by estimating alternative model
specifications with and without control variables. For ease of comparison, Models 1 and 4 in Table E1l
reproduce the main analysis. Models 2 and 5 exclude all control variables and continue to support our
findings. Models 3 and 6 include month and year fixed effects but omit demographic controls, and the

results remain consistent with the main specification.
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Dependent Variable

Exercise frequency

Exercise duration

1) (2) 3) “) (5) (6)
All No Month & All No Month &
controls controls Year FE Only controls controls Year FE Only
Intervention -0.369 0.034 -0.604 -0.701 -0.134 -1.442
(0.473) (0.324) (0.430) (1.206) (0.855) (1.118)
Days since last physio visit -0.055%**  _0.055%** -0.053%*** -0.030%***  -0.032%** -0.029%**
(0.004) (0.003) (0.004) (0.003) (0.003) (0.004)
Number of physio visits -0.195%** (0, 185%** -0.199%** -0.188*** (. 175%** -0.200%**
(0.012) (0.010) (0.012) (0.026) (0.026) (0.025)
Intervention X Number of visits 0.071** 0.069** 0.084*** 0.687*** 0.679%*** 0.653***
(0.026) (0.023) (0.025) (0.058) (0.054) (0.056)
Age 0.016+ 0.043+
(0.009) (0.023)
Sex -0.249 -0.949
(Female) (0.267) (0.702)
0.002 0.031
BMI (0.020) (0.053)
0.032 0.141
PSEQ2 (0.041) (0.108)
Year fixed effects Yes No Yes Yes No Yes
Month fixed effects Yes No Yes Yes No Yes
Random Effects Variance
Participant 1.637 1.613 1.650 11.62 11.94 12.32
(1.279) (1.270) (1.285) (3.408) (3.456) (3.510)
Residual 28.94 29.73 29.53
(5.380) (5.453) (5.434)
Num.Obs 9,310 9,310 9,310 9,310 9,310 9,310
AIC 9,357 10,124 10,097 58,201 62,091 62,047
BIC 9,542 10,167 10,254 58,394 62,141 62,213

+p < 0.1, *p < 0.05, ** p < 0.01, *** p < 0.001

Table E1. Regression Coefficient Estimates for Input Quantity With and Without Controls

Second, we re-estimated our models while restricting the sample to the 78 participants enrolled

during the overlap period between cohorts to address potential time related confounding. The univariate

results were consistent: intervention participants exercised for 10.07 minutes per day, on average, and

control participants performed a daily average of 4.11 minutes of exercises. This difference is

statistically significant (t(7.8064) = 3.16, p = 0.014) and represents a large effect size (Cohen’s d =

1.65, [95% CI: 0.86, 2.43]). Similarly, Table E2 shows that the mixed-effects model remains consistent

for this subset of participants. Results are reported in Table E2 (Model 2), with the full sample model
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(Model 1) from the main text reproduced for ease of comparison. Because of the limited sample size
(only 8 intervention participants), the binary outcome model for exercise frequency did not converge
reliably, whereas the continuous measure of exercise duration provided sufficient information for

estimation. Therefore, only exercise duration is reported.

Dependent Variable Exercise duration
(1) (2)
Full Sample Overlap Sample
Int i -0.701 -0.469
ntervention (1.206) (1.873)
. s e -0.030%%** -0.039%**
Days since last physio visit (0.003) (0.005)
.. -0.188%*%** -0.134%%*
Number of physio visits (0.026) (0.032)
skeskesk skskesk
Intervention X Number of visits 0('(6)'8075 8) 0('3?099 4)
Age 0.043+ 0.017
&° (0.023) (0.041)
Sex -0.949 0.430
(Female) (0.702) (1.001)
0.031 0.050
BMI (0.053) (0.096)
0.141 0.051
PSEQ2 (0.108) (0.150)
Year fixed effects Yes Yes
Month fixed effects Yes Yes
Random Effects Variance
Particinant 11.62 14.47
cp (3.408) (3.804)
. 28.94 27.32
Residual (5.380) (5.227)
Num.Obs 9,310 5,839
AIC 58,201 36,185
BIC 58,394 36,357

+p <0.1,*p <0.05 **p <0.01, *** p < 0.001
Note: Columns 1 includes all participants as reported in the main analysis. Columns 2
only includes participants which were enrolled between January 2022 and April 2023.

Table E2. Regression Coefficient Estimates for Input Quantity With and Without Overlap Sample
Third, we re-estimated our models with a subsample constructed through pairwise matching of
intervention and control participants. Nearest-neighbor matching without replacement was

implemented at a 1:1 ratio, using a logistic propensity score estimated from all available demographic
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information (Table B1). Missing values were imputed using the median for continuous variables and
the mode for categorical variables, with indicator variables included to capture missingness.

Propensity scores were estimated via logit regression, and nearest-neighbor matching was performed
based on the logit score. Each intervention participant was paired with the closest available control
participant; unmatched control participants were discarded. The resulting matched dataset was then
used to re-estimate the mixed-effects regression models. Results are reported in Table E3 (Models 2
and 4), with the unmatched estimates (Models 1 and 3) from the main text reproduced for ease of

comparison. The results remain consistent with our main findings.

Dependent Variable Exercise frequency Exercise duration
(1) (2) 3) (4)
Without Matching With Matching Without Matching With Matching
Intervention -0.369 -0.471 -0.701 -2.886
(0.473) (0.701) (1.206) (2.652)
Days since last physio visit -0.055%% -0.053 % -0.030%** -0.021*
(0.004) (0.007) (0.003) (0.009)
Number of physio visits -0.195%%** -0.275%%* -0.188*** -0.390%%**
(0.012) (0.029) (0.026) (0.072)
Intervention X Number of visits (200(7);2; Oi(1).3083*6*)* 0('8?4075*;* 063.1029*0*)*
Age 0.016+ 0.005 0.043+ 0.079+
(0.009) (0.011) (0.023) (0.039)
Sex -0.249 -0.827+ -0.949 0.415
(Female) (0.267) (0.461) (0.702) (1.670)
BMI 0.002 0.013 0.031 0.181
(0.020) (0.024) (0.053) (0.093)
0.032 0.024 0.141 0.167
PSEQ2 (0.041) (0.068) (0.108) (0.247)
Year fixed effects Yes Yes Yes Yes
Month fixed effects Yes Yes Yes Yes
Random Effects Variance
Participant 1.637 1.086 11.62 14.52
(1.279) (1.042) (3.408) (3.810)
. 28.94 34.26
Residual (5.380) (5.853)
Num.Obs 9,310 3,142 9,310 3,142
AIC 9,357 3,323 58,201 5,340
BIC 9,542 3,481 58,394 5,176

+p <0.1,*p < 0.05, ** p < 0.01, *** p < 0.001
Table E3. Regression Coefficient Estimates for Input Quantity With and Without Matching
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Note: This table summarizes the regression coefficients for exercise frequency (columns 1-2) and exercise
duration (columns 3—4). Columns 1 and 3 include all participants as reported in the main analysis. Columns 2 and
4 only include pairwise matched participants.

Appendix F. Robustness for Input Quality Analysis

We trained and compared mixed-effects regression models with and without a log transformation of
the repetition variable to validate the use of a log-linear model. The results, presented in Table F1,
indicate that the logarithmic model provides a better fit, as demonstrated by lower values for the REML,
AIC, and BIC criteria (Verbyla, 2019). In our analysis, the REML (143,195 vs. 143,459), AIC (143,215
vs. 143,479), and BIC (143,304 vs. 143,568) values favor the logarithmic model. Despite the relative
differences appearing small compared to the absolute values, such differences are considered

substantial within the model selection framework (Burnham & Anderson, 2004).

Std. Random Effects
Model Fixed Effects Estimate Error t-value  (Variance)  Std. Dev. AIC BIC _REML
Linear Intercept ~ 69.68%%* 976  7.14 rartiepantID o3 499 143 568 143,459
(Intercept)
Repetition  0.079%*% 00058 13.59 LxereiseID
(Intercept)
Severity ~ -2237 395 -0.57 CXereiselIDx g
Severity
Residual Residual 22.51
Logarithmic  Intercept  59.54%*% 948 628 LarticpantID s o043 015 143,304 143,195
(Intercept)
. Exercise ID
kksk
log(Repetition) 3.97 0.19 21.15 (Intercept) 14.7
Severity ~ -2.008 383 -0.52 xereseIDx g,
Severity
Residual Residual 22.33

+p <0.1,*p < 0.05,** p < 0.01, *+* p < 0.001

Table F1. Mixed-effects Regression Model Fit Comparison (Linear vs. Logarithmic)
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Supplementary Materials for Chapter 3

Appendix G. Descriptive Statistics for Dataset of Terminated Alliances

Variable name Missingness rate Mean Std. Dev. Min Max
Biotech firm size 0% 3.58 7.70 0 49
Pharma firm size 0% 4391 35.62 0 150
Biotech failure experience 0% 4.38 16.52 0 201
Pharma failure experience 0% 86.68 94.25 0 375
Biotech technology experience 0% 0.01 0.11 0 1
Pharma technology experience 0% 0.05 0.67 0 13
Alliance experience 0% 1.09 2.93 0 25
Biotech alliance portfolio size 0% 10.89 21.51 0 250
Pharma alliance portfolio size 0% 210.73 172.32 1 678
Biotech R&D portfolio size 0% 8.38 19.90 0 307
Pharma R&D portfolio size 0% 142.70 158.40 0 713
Principal investigator (biotech =1) 0% 0.73 0.48 0 1
Technology novelty 0% 0.02 0.14 0 1
Indication novelty 0% 0.02 0.15 0 1

Table G1. Descriptive Statistics for Numerical Variables

Variable name Missingness rate Ordinal variable Number of categories
Deyelopment SFage at the time of 0% Yes 5
alliance formation
Therapy area 0% No 18

Table G2. Descriptive Statistics for Categorical Variables
Appendix H. Datasets for CPH Models
The Cox proportional hazards (CPH) models in Section 3.3.3 (main text) consider alliances that did not
end in termination. Some of these alliances concluded as planned based on contractual terms and are
recorded as completed, while others remained active through the end of the study period. We prepare
two datasets for comparison: one that includes active alliances (n = 34,208) and one that excludes

them (n = 3,496). Descriptive statistics for both are presented in Tables H1 and H2.
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Allianc?:exvnz:geﬁlfmwn O|l)1tc0mes All Alliances
Variable name Missingness Mean Std. Min Max Missingness Mean Std. Min Max
rate Deyv. rate Deyv.
Biotech firm size 2.5% 3.56 745 0 62 4.2% 2.57  6.59 0 62
Pharma firm size 2.5% 1477 2547 0O 164 4.2% 9.01 2099 0 164
Biotech failure experience 2.5% 4.41 18.06 0 201 4.2% 4.13 1791 0 204
Pharma failure experience 2.5% 27.04 61.34 0 440 4.2% 17.74 48.67 0 440
Biotech technology experience 2.5% 0.01  0.09 0 1 4.2% 0.01 .015 0 7
Pharma technology experience 2.5% 0.02 0.39 0 13 4.2% 0.03 0.57 0 42
Alliance experience 0% 042 1.65 0 25 0% 027 1.10 0 25
Biotech alliance portfolio size 2.5% 10.82 23.66 0 271 4.2% 9.57 2325 0 271
Pharma alliance portfolio size 2.5% 70.06 126.83 1 756 4.2% 48.48 110.00 1 1052
Biotech R&D portfolio size 2.5% 747 1827 0 307 4.2% 571 1676 0 307
Pharma R&D portfolio size 2.5% 48.19 100.25 0 713 4.2% 2995 8252 0 715
Principal investigator 25% 058 049 0 1 42% 040 049 0 1
(biotech =1)
Technology uncertainty 0% 0.02 0.15 0 1 0% 0.03 0.18 0 1
Indication uncertainty 0% 0.02 0.15 0 1 0% 0.07 0.26 0 1
Table H1. Descriptive Statistics for Numerical Variables
Alliances with Known Qutcomes All Alliances
(Terminated of completed)
. Missingness Ordinal Number of Missingness Ordinal Number of
Variable name . . . .
rate variable categories rate variable categories
I.)evelopm.ent stage at the 32.1% Yes 47% Yes 5
time of alliance formation
Therapy area 0% No 19 0% No 19

Table H2. Descriptive Statistics for Categorical Variables

Compared to the characteristics of terminated alliances (see Tables G1 and G2), pharma firm

attributes, including firm size, failure experience, R&D portfolio size, and alliance portfolio size, are

substantially smaller in the two datasets described in Tables H1 and H2. This likely reflects the fact that

alliances marked as terminated are disproportionately associated with large pharmaceutical firms, for

which information is more publicly available and likely more closely tracked by analysts. While this

showcases a bias in the termination dataset toward larger firms, it remains appropriate for our study, as

large pharmaceutical firms account for the majority of alliances with biotech firms and are of great

interest in our analysis. We nonetheless acknowledge that the set of terminated alliances is biased

against smaller pharma firms.
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The differences between the known outcomes dataset (i.e., terminated or completed alliances) and
the all alliances dataset are also pronounced. The higher proportion of small pharma firms in the a//
alliances data suggests that many alliances involving smaller pharmaceutical firms are recorded in the
database without follow-up information and thus remain “active”. These firms are also less likely to
experience a drug launch, which can inflate the estimated effect of drug launches in our CPH models.
The main challenge is that firms with no drug launches are less likely to have termination events
recorded, even if a termination occurred, violating the missing-at-random assumption. While not a
perfect match, the known outcomes dataset more closely resembles the termination dataset than the full
alliance dataset does.

In contrast, the attributes of biotech firms are more consistent across all three datasets. This
suggests that potential misclassification of active alliances is more likely to involve smaller
pharmaceutical firms than smaller biotech firms. This is plausible, as biotech firms are typically small
thus less likely to be the source of public disclosures than their pharma partner. Termination information
is thus more likely reported through pharmaceutical firm communications.

Our assumption that some alliances receive less scrutiny and are misclassified as active is further
supported by the missingness rates reported in Tables H1 and H2. While the termination dataset
contains complete data for the variables used in our analysis, the datasets used for survival analysis
have higher rates of missing data. In a small number of cases (< 4.2%), firm names could not be
matched to Cortellis” Company Intelligence data. In these instances, neither the biotech nor the pharma
firm names matched. In addition, a substantial number of drug projects are missing information on
development stage at the time of alliance formation (missing in >32% of cases). Notably, none of these
projects resulted in a drug launch, supporting our view that alliances between firms without drug
launches receive less scrutiny and are more likely to be misclassified as active. Due to the high
missingness rate for the predictor development stage at the time of alliance formation, we exclude this
variable from our CPH models. As later reported in Figure 3.5 of the main text, feature importance

analysis show that this variable has minimal influence on model predictions.
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Appendix 1. Statistical Assumption Tests

We test the statistical assumptions underlying the application of inference-related approaches on the
dataset of terminated alliances (n = 1,649). We show that several issues threaten the reliability of
regression-based methods, making machine learning (ML) the more appropriate analytics tool. Such
justification is consistent with best practices when using ML methods for social science and
management research problems (e.g., Choudhury et al., 2021; Lundberg et al., 2022; Sheetal et al.,
2023). Specifically, we detect and assess multicollinearity among feature variables, examine the
linearity between the continuous predictors and the dependent variable, and evaluate the influence of
outliers. We also test whether the presence of interaction effects between predictors can improve model
fit, which may justify the use of more complex ML models.

I1. Tests for Multicollinearity Amongst Predictors

Since no single measure is considered definitive for detecting multicollinearity (Kovacs et al., 2005),
we perform a series of tests including Determinant [X'X], Farrar Chi-Square, Red Indication, Sum of
Lambda Inverse, Theil’s Method, and Condition Number (Imdadullah et al., 2016). Table I1 indicates
that the predictors failed four out of the six multicollinearity tests. Moreover, each individual predictor

failed at least one of the tests, indicating the presence of significant dependencies between the feature

variables.
Statistical test Results Multicollinearity detected Threshold value
Determinant |X'X| 0.0001 Yes 0.01
Farrar Chi-Square 240046.61 Yes Conf. =0.99
Red Indicator 0.4434 No 0.5
Sum of Lambda Inverse 60.535 Yes 30
Theil's Method 6.8411 Yes 0.5
Condition Number 21.0508 No 30

Table I1. Multicollinearity Tests of All Predictors Used
(threshold values as in Imdadullah et al., 2016)
12. Test for Linearity

We perform a Box-Tidwell test using a significance threshold of 0.05 to assess the assumption of

linearity between the continuous predictors and the log odds of the dependent variable. Table 12 shows
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that the linearity assumption is violated for Pharma firm size (p = 0.0196), pharma R&D portfolio

size (p = 0.0111), and pharma failure experience (p = 0.0134). Nonetheless, from Figure 3.5 in our

main analysis these three variables are found to be important predictors.

Variable Estimate Std. error Statistic p-value
Biotech: Alliance portfolio size -0.000213 0.000421 -0.504856 0.61366
Pharma: Alliance portfolio size -0.000439 0.000461 -0.952174 0.34100
Biotech: Firm size 0.0011913 0.000654 1.821379 0.068549
Pharma: Firm size 0.0010669 0.000457  2.3348884  0.019549*
Biotech: R&D portfolio size -0.000229 0.000289 -0.790625 0.429163
Pharma: R&D portfolio size 0.0009021 0.000355  2.5412249  0.011047*
Elapse time between termination & drug launch ~ 0.0000337 0.000314 0.107506 0.914388
Pharma: Failure experience -0.001682 0.00068 -2.473961  0.013362*
Biotech: Failure experience 0.0011299 0.001186 0.953014 0.340583
Alliance experience 0.0248959 0.01815  1.3716523 0.170172

Table I12. Box-Tidwell Test for Linearity Between Predictor and Dependent Variable’s Log Odds

13. Test for Outliers

(p < 0.05 is statistically significant)

We use Grubbs’ test (Grubbs, 1950) to assess the presence of outliers. Table I3 shows that 5 out of 11

continuous predictors reject the null hypothesis, suggesting the presence of at least one outlier. Since

outliers are only a problem if they have a strong influence on model predictions, we also assess their

impact by measuring Cook’s distance on a logistic regression model. Observations with Cook’s

distance values significantly higher than 4/n, with n as the sample size, are considered influential

outliers (Altman & Krzywinski, 2016). Figure 11 shows observations appearing as outliers with strong

influence; roughly 2%.

Variable G p-value Alternative hypothesis
Alliance length 6.049407  0.0000097 highest value 11109 is an outlier
Biotech: Alliance portfolio size 5.330877  0.0006565 highest value 1914 is an outlier
Pharma: Alliance portfolio size 2.978993 1  highest value 2018 is an outlier
Biotech: Firm size 3.653547 1 highest value 696 is an outlier
Pharma: Firm size 1.801667 1 highest value 696 is an outlier
Biotech: R&D portfolio size 5.140179  0.0018472 highest value 2642 is an outlier
Pharma: R&D portfolio size 3.107801 1 highest value 2797 is an outlier
Elapse time between termination & drug launch 1.735343 1 highest value 1094 is an outlier
Pharma: Failure experience 3.266567 1 highest value 722 is an outlier
Biotech: Failure experience 6.379223  0.0000012 highest value 664 is an outlier
Alliance experience 6.916252 0 highest value 47 is an outlier

Table I13. Grubbs’ Test for Outliers (p < 0.05 is statistically significant)
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Figure I1. Cook’s Distance Analysis with Influential Outliers Lying Above the Red Line

Since these outliers represent observations of large firms, and they have significant leverage (i.e.,
they influence the fit of a regression line), the coefficients of a regression model would change
substantially depending on whether these data points were included in the analysis, or not (Sarkar et
al., 2010). However, we cannot exclude such observations because they represent a feasible choice of
an alliance partner for biotech firms. As is common in research involving startups, many independent
variables follow a power law distribution, for which Crawford et al. (2015) emphasize the importance
of incorporating data from the tails. For instance, the distribution of biotech alliance portfolio sizes
shown in Figure 12a is highly skewed. Removing the largest biotech firms from the analysis, due to
their classification as outliers, risks introducing reverse survivorship bias into the final dataset since
these firms overwhelmingly represent cases with drug launches. In contrast, the distribution of pharma
firm sizes shown in Figure 12b portrays concentrations of very small firms and very large firms, aligning
with findings that the industry is an oligopolistic market (Spitz & Wickham, 2012). This precludes the
identification of pharma firm outliers based on size. Thus, removing observations based on outlier
detection would significantly bias any analysis by overrepresenting alliances between successful

pharma firms and less successful biotech firms.
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Figure I2. Density Plots
I4. Test for Significance of Interactions between Predictors
We determine whether interactions between predictors improve model fit using ANOVA, to compare a
logistic regression model with only main effects to models that include interaction terms. The ANOVA
results (Table 14) show that adding two-way interaction terms significantly reduce the residual deviance
as compared to a model with only main effects (p < 0.05). We observe additional improvement when

the model includes all three-way interactions (p < 0.05). These results indicate that important higher-

order interaction effects may exist and they should not all be overlooked (Lavelle-Hill et al., 2023).

df residual residual deviance df deviance p-value
Main effects only 7845 10256.54 NA NA NA
Two-way interaction effects 7800 10007.48 45 249.0613 4.68E-30
Three-way interaction effects 7680 9730.08 120 277.3961 1.74E-14

Table I4. Logistic Regression Model Fits With and Without Interactions
Overall, the tests in sections C1-C4 indicate significant violations of the prerequisite requirements
for using logistic regression and call into question the reliability of interpretations from statistical
inference more broadly, as well as any model that ignores interactions and nonlinear relationships
between the predictors and outcome. Thus, our choice of using ML for theory building is well-
grounded, as XGBoost and BART make no statistical assumptions and can automatically capture
nonlinear relationships and interaction effects without the need for explicit specification (Tan & Roy,

2019). Moreover, in our main analysis (Table 3.3), we benchmark BART against a Naive Bayes
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classifier and a Bayesian Neural Network (BNN). We show that the Naive Bayes classifier has lower
out-of-sample performance as compared to BART, which, in addition to Table 14, strengthens the
argument for choosing a more complex ML model. Yet, we also show that BART retains similar out-
of-sample performance as compared to the BNN, indicating that relevant and interpretable knowledge
can, indeed, be extracted from the ML approach. Further, using ML to obtain managerial insights from
large datasets overcomes the challenge of interpreting p-values, which is a major issue when analyzing
big data in biomedical research (Gomez-de-Mariscal et al., 2021).

Appendix J. Additional Robustness Test

To validate the robustness of our analysis, we train additional XGBoost models given their high
predictive performance (Table 3.3, main text) and significantly faster computing speed compared to
BART. Table J1 presents the results after modifying the maximum time span between the drug launch

and alliance termination to 2-year, 3-year, and 4-year intervals. The results remain consistent across all

models.

Time horizon (around launch) 2-year 3-year 4-year
Threshold 0.901 0.929 0.940
o PPV (positive prediction value) 0.938 0.972 0.986
Prediction on NPV (negative prediction value) 0.468 0.488 0.422

validation data
Detection rate 0.0096 0.0213 0.0258
Prediction on PPV 0.900 0.974 0.985
held-out testing data NPV 0.455 0.505 0.424
Detection rate 0.0064 0.0419 0.0260

Table J1. XGBoost Performance Varying the Time Horizon Around Drug Launch
Though unlikely, we also verify whether the results could be influenced by systematic timing
errors—like the possibility that alliance termination dates have been erroneously recorded with a lag,
while drug launch dates were recorded accurately. We thus train two additional models that exclude
data points where the drug launch and alliance termination occur within a specified time window of
each other, focusing on 30-days and 60-days time windows. The same 3-year time horizon as in the
main analysis is applied to select each alliance termination—drug launch pair. Table J2 shows that the

results remain consistent with our main findings. These results also corroborate the survival analysis in
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Section 3.3.3 (main text), which shows that the increase in alliance terminations extends for three years
after a drug launch.

Moreover, to rule out data leakage between the training, validation, and testing datasets as a
potential cause of our findings, we use a temporal split. Data points corresponding to the earliest 60%
of alliance terminations are assigned to the training set, the next 20% to the validation set, and the most
recent 20% to the testing set. Specifically, the training data covers terminations from January 2000 to
October 2008, the validation data spans from October 2008 to April 2012, and the testing data covers
April 2012 to December 2016. Alliance terminations occurring after December 2016 are excluded to
mitigate censoring bias since drug launches are only considered until December 2019. This ensures that
data points in the testing set have the same opportunity to observe terminations before and after drug

launches as those in the training and validation sets. Table J3 presents the results.

Time window (around launch) 30 days 60 days
Threshold 0.916 0.895
o PPV (positive prediction value) 0.987 0.952
Pr§dlc.t10n on NPV (negative prediction value) 0.480 0.504
validation data
Detection rate 0.0433 0.0377
Prediction on PPV 0.962 0.909
held-out testing data NPV 0.491 0.495
Detection rate 0.0289 0.0336

Table J2. XGBoost Performance: No Datapoints Within a Time Window Around Drug Launch

Threshold 0.537

o PPV (positive prediction value) 0.778

Pre.:dlc.tlon on NPV (negative prediction value) 0.513
validation data

Detection rate 0.0129

Prediction on PPV 0.6111

held-out testing data NPV 0.4935

Detection rate 0.0051

Table J3. XGBoost Performance with Temporal Train-Validation-Test Data Split
While the performance of the model in Table J3 is not as strong as those achieved with XGBoost
in our main analysis, it demonstrates that predicting whether a termination occurs after a drug launch
remains possible with an accuracy greater than random chance. However, analyzing the data with a

temporal split introduces challenges that are not fully addressed within our data. For instance, firms
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considered large in the testing dataset (2012-2016) have feature values significantly larger than those
observed in the training dataset (2000-2008). Consequently, XGBoost must extrapolate beyond the
training data to make predictions, leading to inaccuracies in its outputs. Although time-series models
could improve predictive accuracy in such case (Ahmed et al., 2010; Masini et al., 2023), their
application is beyond the scope of this study. We chose to use traditional ML models to pair them with
well-established interpretation methods that allow us to investigate the factors driving model

predictions.

Appendix K. Feature Reduction

To reduce the number of features (predictors) so that only important ones are in the model, we first
retrain each ML model from Table 3.3 (main text) using only the important predictors identified in
Figure 3.5 (main text) and test their performance on the validation and held-out test sets. As shown in
Table K1, XGBoost and BART continue to perform better than non-tree-based models, while Random
Forest performs significantly better on the held-out dataset than its corresponding full model. This
indicates that removing unnecessary predictors reduces the Random Forest model’s tendency to overfit.
Among the simplified models, the forest-based ones consistently perform the best. However, their
structure, which aggregates multiple decision trees, is still not easily interpretable.

We assess the feasibility of approximating an interpretable decision tree (Sagi & Rokach, 2021) based
on our XGBoost model to prioritize inherently interpretable models over post-hoc interpretations. Our
goal is to eliminate unnecessary decision rules and minimize the number of trees while optimizing for
the highest PPV. XGBoost was chosen because it achieved the highest out-of-sample PPV in Table 3.3
(main text). This analysis produces a list of simplified decision trees, ranked by their effectiveness in
increasing the PPV on the validation set. Figure K1 shows the tradeoff between interpretability and
performance as the PPV increases as more trees are included in the model. To reach a PPV of 75%, a
minimum ensemble of 20 trees is required (based on limiting the tree depth—number of splitting

decisions—to 5 as increasing the tree depth is at the expense of model interpretability). As identified
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in Appendix C above, our model contains nonlinear effects and high-level interactions that may not be
easily captured with only a few trees. We also tested methods developed for other tree-based ensembles

on our BART and Random Forest models and found similar results (Banerjee et al., 2012; Laabs et al.,

2024).
Bayesian Models Frequentist Models
BART  BNN  Naive Random v op &t Ridge  Lasso
Bayes Forest
Threshold 0965  0.420 0.993 0.997 0.922 0.742  0.708
PPV
(Positive 0.917 0.99 0.616 0.826 0.989 0.950  0.944
Prediction Prediction Value)
on - 0.400  0.446 0.269 0.417 0.408 038  0.385
3 . Negativ . . . . . . .
validation Preéic:i%m Vze\lue)
data .
D";‘*::;"“ 0.055  0.0005  0.598 0.123 0.068 0014  0.012
Pre‘gﬁ“"“ PPV 0.936  0.545 0.604 0.868 0.953 0.928  0.923
held-out NPV 0414 0442 0214 0435 0420 0392 0391
testing
data D";‘*::;"“ 0.067 0.0028  0.582 0.134 0.080 0.0085  0.0079

Legend: Gray cells represent the best performing model from the Bayesian (left) and Frequentist (right) algorithms.

Table K1. Comparisons of Predictive Performance Results for the Simplified Models
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Figure K1. PPV vs. No. of Trees: Each Added Tree is the Next Most Effective in Improving
Performance
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Appendix L. Example of DiCE Counterfactual Generation

Counterfactual Data Values

Original Data Values (No risk of post-launch termination)

Predictors (Risk of post-launch termination) #1 #2 #3
Pharma failure experience 6 75 6 17
Pharma firm size 7 7 112 7
Pharma alliance portfolio size 33 33 33 33
Pharma R&D portfolio size 39 39 39 9
Biotech firm size 1 1 1 1
Biotech alliance portfolio size 5 5 5 5
Alliance experience 1 1 1 1
Principal investigator 1 1 1 1

Legend: Gray cells represent modified predictors.

Table L1. Three DiCE Counterfactual Scenarios Based on One Alliance from the Held-out Sample

Appendix M. Excluded Variables

Alliance duration

Alliance
experience
asymmetry

International
distance between
partners

R&D portfolio size
asymmetry

Substitution option

It measures the length of time (in days) between alliance formation and alliance
termination. This variable is not used in Section 3.4 of the main text as we are
interested in determining if there are ex-ante predictors of alliances terminated
post-drug launch.

It measures whether both firms have an equal number of past alliances. We do
not explicitly construct this variable since we include a separate variable for
the biotech and pharma firms’ alliance experience. Should experience
asymmetry be relevant, our BART model would have constructed an
interaction between the two alliance experience variables to represent this
asymmetry.

It was excluded as most firms have a global footprint with subsidiaries in
multiple countries. Without information regarding where R&D activities take
place, determining the international distance between collaborating workers is
not feasible.

For the same reasoning as the exclusion of an alliance experience asymmetry
variable, it is not measured because this information is already captured by
including a portfolio size variable for both partners in the alliance.

It is not feasible to determine whether an immediate substitute partner is
available. We assume that from the perspective of a biotech firm, a substitute
pharma partner is always possible since the resources contributed by the
pharma firms are less differentiated than the specialized resources of the
biotech firm. From the perspective of the pharma firm, while a substitute
biotech firm with identical capabilities is not likely, we assume that it is always
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possible to find alternative projects to include in their drug development
pipeline.

Some articles in the literature identified that the expectation that an R&D
Project expected project will not progress sufficiently can lead to an alliance termination.
progress However, measures of expectation are not observable in practice, thus we
exclude this variable.

It is measured as the number of project activities encompassed by the
Alliance scope collaborative agreements. This information was not available within our
dataset.

It is measured by counting the number of active alliances that each partner has

. . in common at the time of alliance formation. As we restricted the analysis on
Alliance centrality . . . .
alliances between pharma and biotech firms, there were few alliances in

common.

Table M1. Variables Present in the Literature but Excluded From This Study
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Supplementary Materials for Chapter 4

Appendix N. Regression model details
for event-time coefficients representing effect of discontinuations on new
collaborations (mediator)

Estimate Std. Error t-value p-value
Treated x t=—5 0.036790 0.040126 0.916848 0.35925
Treated x t=—4 0.019575 0.032860 0.595699 0.55139
Treated x t=—3 —0.005635 0.028428 —0.198205 0.84289
Treated x t=-2 0.024265 0.026727 0.907888 0.36396
Treated x t=—1 —0.037049 0.022613 —1.638354 0.10139
Treated x t=1 —0.008924 0.021875 —0.407939 0.68333
Treated x t=2 0.039088 0.025233 1.549105 0.12139
Treated x t=13 0.083334 0.027295 3.053106 0.00227**
Treated x t=4 0.125745 0.030300 4.150010 0.00003 **=*
Treated x t=15 0.166035 0.034898 4.757779 0.000002 ***
Project fixed effects Yes
Year fixed effects Yes
Clustered standard errors Yes
Observations 12,131,493
R2 0.352855
Within R? 5.784¢-4

#% n<0.001, ** p<0.01, * p< 0.05
Table N1. Event-time Regression Model Details
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