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Abstract

How does the expansion of general knowledge influence worker specialization and the
adoption of new technologies? This study empirically addresses this question within
the field of medical oncology, which has experienced rapid knowledge growth, as shown
by novel evidence from the evolution of cancer treatment guidelines. Initially spe-
cialized oncologists respond to knowledge growth by further specializing. However,
most oncologists remain general oncologists. These divergent responses may reflect
differing constraints. Empirically, extreme specialization requires scale in both orga-
nization and market size. However, the median oncologist remains general regardless
of market scale and, for non-academic organizations, organization size, consistent with
either high coordination costs or low returns to specialization for the typical oncologist.
Importantly, specialization is increasingly associated with differences in patient care.
Over time, the most specialized oncologists prescribe newer anti-cancer drugs and have
greater clinical experience with their medications compared with less specialized ones.
These findings suggest that, in response to rapid knowledge growth, some professionals

may not specialize further but instead risk lagging behind the technological frontier.
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1 Introduction

Many disciplines, including computer science, molecular biology, and medicine, have experi-
enced rapid expansion in their knowledge bases, accompanied by the proliferation of special-
ized subfields. Expert workers operating at the frontier of fields with significant innovation
must contend with the growing challenge of remaining current. As knowledge expands, the
costs associated with staying updated across numerous subfields increase substantially. One
plausible response is specialization—that is, narrowing one’s scope of practice—which can
mitigate the cognitive and informational burden. However, not all workers have the flexi-
bility to specialize due to organizational or market constraints. In such cases, experts are
faced with a dilemma: either bear the growing costs of maintaining expertise across multiple
domains or risk falling behind the frontier of knowledge.

This study investigates how expert workers respond to knowledge growth in the context
of medical oncology. Specifically, it develops novel empirical measures of knowledge growth
and assesses how oncologists—specialist physicians who administer systemic cancer therapies
such as chemotherapy and immunotherapy—adapt to this expansion. These clinicians are
highly trained knowledge workers, requiring a minimum of 9 years of post-baccalaureate
education in the United States: 4 years of medical school, followed by 3 years of internal
medicine residency and at least 2 years of fellowship training in oncology. Some oncologists
informally subspecialize and treat only select types of cancers while others remain in a
“general” oncologic practice. For both types, their practice centers on complex cognitive
and communicative tasks, and they are primarily consumers—not producers—of scientific
knowledge (Jain et al., 2019; Schlafly & Sebro, 2022; Taylor, 2004).

Despite these significant initial investments in human capital, oncologists must engage in
continual learning to remain at the forefront of their rapidly evolving field. Cancer affects a
substantial portion of the population—the lifetime risk of developing cancer is approximately
40% (American Cancer Society, 2024). This high disease burden fuels both innovation and

rapid knowledge growth. Indeed, one article in a popular science magazine observed that



“Incorporating this torrential evolution of knowledge is an impossible, Sisyphean task” (Wal-
lis, 2023). An oncologist interviewed in the course of this research remarked, “Some fields of
cancer treatment are as complex now as the whole of oncology was 20 years ago.” The on-
cology setting, therefore, provides a rich context in which to measure accelerating knowledge
accumulation and examine the consequences, with implications for clinical care and patient
health.

To evaluate the relationship between knowledge growth and specialization empirically,
I construct measures based on changes in the National Comprehensive Cancer Network
Clinical Practice Guidelines in Oncology (NCCN Guidelines®), which constitute the most
authoritative source of clinical guidance for cancer management in the United States. Since
2001, these guidelines have offered a comprehensive framework for screening, diagnosis, and
treatment by cancer type (NCCN, 2023b). In this study, changes in guideline length and
citation counts serve as proxies for the expansion of clinically relevant knowledge. A principal
advantage of these guideline-based measures is that they reflect the operational body of
knowledge that oncologists must engage with in their daily practice.

The analysis confirms substantial growth in oncology-related knowledge over time. Be-
tween 2002 and 2020, the total number of pages in NCCN screening and treatment guide-
lines increased from 1,129 pages to 5,825 pages. This expansion corresponds closely with
an increase in guideline citations to the relevant biomedical literature and coincides with
the approval of a significantly greater number of FDA-approved cancer therapies, with the
cumulative count rising from 90 in 2002 to 243 in 2020.

To examine how oncologists respond to this knowledge growth, I construct a 21-year
panel of Medicare claims data and measure annual specialization at the physician level.
Notably, while highly specialized oncologists have become increasingly specialized the median
oncologist has not. In fact, median specialization has declined slightly, despite the marked
expansion of the clinical knowledge base.

To explore the causal relationship between knowledge growth and specialization, I con-



struct a physician-level measure of exposure to knowledge expansion. This is defined as the
cumulative increase in guideline length across the set of cancer types treated by the oncol-
ogist in a baseline year. For example, if a physician treats both kidney and lung cancer,
and each guideline expands by 20 pages, the physician is considered to have been exposed to
40 pages of knowledge growth. This metric combines two sources of variation: variation in
the sets of cancer subfields that physicians work in and variation in the rates of knowledge
growth rates across subfields.

However, this measure may suffer from omitted variable bias, as physicians’ choice of
subfields is not random. To address this, I apply a recentering procedure adapted from
Borusyak and Hull (2023), which removes predictable variation in exposure due to the num-
ber of cancer types treated, cancer prevalence, and the presence of surrogate endpoints in
certain cancers. The residual variation—interpreted as exposure to “unpredictable” knowl-
edge shocks (e.g., success in clinical trials or discovery of novel molecular targets)—is used
in subsequent analyses. Reassuringly, this procedure eliminates correlations between the
measure and observable confounders such as patient volume and market size.

Using the adjusted measure, I find that exposure to knowledge growth affects more
and less specialized oncologists differently. Oncologists who are already specialized respond
to knowledge growth, increasing their specialization by approximately 196 Herfindahl—
Hirschman Index (HHI) points per 100-page increase in guideline length—a 4% increase in
HHI for a 13% increase in relevant knowledge. In contrast, oncologist who are initially less
specialized exhibit a muted response: they treat slightly fewer unique cancers with limited
increases in overall specialization.

Several constraints appear to underlie these divergent responses. More specialized oncol-
ogists are strongly constrained by organizational scale. The upper extent of specialization
increases with institution size, particularly within academic settings, which house a dispro-
portionate share of highly specialized oncologists. Moreover, the maximum level of special-

ization observed within a given market scales with market size, and this relationship has



increased over time. Consequently, geographic disparities in access to highly specialized care
have grown, pointing to increasing market-level economies of scale in oncology.

In contrast, more general oncologists—who typically work outside academic institu-
tions—face persistent barriers to specialization that are not alleviated by larger organizations
or markets. In non-academic settings, specialization does not increase with organizational
size. Overall, median market-level specialization remains nearly flat with respect to market
size. These findings suggest that, for the majority of oncologists, the returns to specialization
may be low or the associated costs prohibitively high, regardless of local market size.

Given the growing dispersion in specialization, an important question arises: does spe-
cialization affect patient care? Analysis of prescribing behavior indicates that it does. Over
time, the most specialized oncologists have more experience with each drug they prescribe
than less specialized oncologists. Furthermore, less specialized oncologists have lagged in
adopting new cancer therapies, especially breakthrough drugs. These practice differences
have widened over time, suggesting that specialization is increasingly associated with higher-
quality care.

This study makes several contributions to the economics literature on innovation, health-
care, specialization. First, it offers a novel empirical measure of knowledge growth based on
guideline evolution—a more clinically grounded alternative to counts of drug approvals or
patents. Recent medical literature has documented that NCCN Guidelines for four com-
mon cancers have grown longer and include more citations over timeKann et al. (2020).
I extend this line of inquiry by quantifying the growth in content across all cancer types
and documenting the turnover in citations over time. In the economics literature, Glied
and Lleras-Muney (2008) measures technological change in health care using stocks and
flows of drug approvals. However, drug approval-based approaches face certain limitations
that guideline-based measures can overcome. Specifically, clinical guidelines reflect the full
breadth of innovation and knowledge growth in oncology, encompassing not only new drug

approvals but also off-label uses, novel drug combinations, biomarkers, delivery strategies,



and more. Importantly, guidelines are curated to include only clinically relevant knowledge,
excluding outdated information—such as therapies no longer in use—thus capturing the
current knowledge set most pertinent to clinical decision-making.

Patents and drug approvals have also served as proxies for innovation in an extensive liter-
ature (Alcacer & Gittelman, 2006; Roach & Cohen, 2013). A key advantage of using clinical
guidelines over patents or drug approvals in this setting is that guidelines better measure the
volume of knowledge directly relevant to the day-to-day work of clinicians rather than the
historical accumulation of knowledge. For example, the chemotherapy agent sirolimus has a
compelling and extensive history, encompassing numerous patents and scholarly articles—
rich enough to warrant a dedicated volume (Duffin, 2019). However, this historical narrative
holds little relevance for the routine clinical responsibilities of oncologists and is not included
in clinical guidelines.

Notably, this study examines a research question similar to that posed by Jones (2009),
namely how the growth of knowledge influences specialization, but it arrives at different
conclusions. Jones (2009) empirically demonstrated that inventors increasingly face a greater
“depth of knowledge” over time—quantified through patent citations—which, in turn, drives
increased specialization. Similarly, a small number of highly specialized oncologists respond
to expanding knowledge by becoming even more specialized. However, the majority of
oncologists remain relatively general and do not exhibit increased specialization over time,
nor do they respond to knowledge growth in the same way. A key explanation for these
contrasting results may lie in the fundamental differences between inventors and physicians.
While inventors are primarily generators of new knowledge, most oncologists—particularly
general oncologists—serve as users of existing knowledge. This distinction suggests that
users may experience the burden of knowledge accumulation more lightly than creators, as
applying existing knowledge is arguably less demanding than producing it. Furthermore, as
documented in this study, knowledge users may opt to lag behind the technological frontier

when the cost of remaining up becomes prohibitively high—an option that may not be



available to knowledge creators. In medicine, as in many other domains, the majority of
professionals are knowledge users rather than creators. Consequently, the implications of
knowledge growth for such workers may differ significantly from what previous studies on
knowledge creators have suggested.

This research also contributes to the broader literature on labor specialization. Consistent
with findings by Baumgardner (1988) and Baicker and Chandra (2004), this work finds
that physicians tend to be more specialized in larger markets and within larger healthcare
organizations, even when controlling for narrowly defined specialties. Importantly, the study
extends these findings by demonstrating that such specialization has increased over time.
Additionally, the results replicate a key insight from (Atalay, Sotelo, and Tannenbaum, 2024),
who find that the task composition of work differs significantly by market size, even within
tightly defined occupational categories. Notably, this study provides suggestive evidence
that physician specialization is associated with improvements in care quality—a contrast
to the findings of Baicker and Chandra (2004). The difference may partly be explained by
the time period analyzed here, during which the returns to specialization appear to have
increased.

Moreover, this study adds to a well-established empirical literature on the effects of tech-
nological change in health care. Prior research has often focused on the adoption of specific
technologies and their varying economic impacts on healthcare providers and patients (e.g.,
Arrow et al., 2020; Chandra et al., 2014; Skinner, 2011; Skinner & Staiger, 2015). In con-
trast, this study considers the aggregate effects of technological accumulation, using the
cumulative stock of drug approvals as a proxy for overall knowledge growth. Existing evi-
dence suggests that such cumulative technological change exacerbates educational disparities
in health outcomes (Glied & Lleras-Muney, 2008). Building on this, the current analysis in-
vestigates how knowledge growth affects healthcare workers and contributes to geographic
disparities in healthcare provision. The findings align with those of Dingel et al. (2023), who

identify significant market-level economies of scale in health care. This study advances their



work by demonstrating that these economies of scale have likely intensified over time, with

knowledge growth emerging as a critical explanatory factor.

2 Conceptual Framework

This section presents a theoretical framework to consider how oncologists respond to knowl-
edge growth. Medical oncologists, who treat cancer primarily with pharmaceutical inter-
ventions rather than surgery or radiation, can specialize horizontally (within disease types)
and vertically (within knowledge hierarchies). Although traditional economic theory posits
that market size restricts specialization, coordination costs can also limit the extent of labor
division. As clinical guidelines become more complex, both the costs of acquiring knowledge
and the potential returns to specialization increase, which may further incentivize specializa-
tion. Consequently, knowledge growth could exacerbate differences in specialization between
large and small healthcare markets: large markets can support more specialized oncologists,
while small markets may only support generalists, potentially contributing to geographic

inequalities in access to specialized cancer care.

2.1 Medical Oncology

This research focuses specifically on medical oncologists, who differ from other cancer care
providers on two main dimensions: disease focus and treatment modality. In terms of disease,
medical oncologists specialize in the treatment of cancer. With respect to modality, they
are based primarily on drug-based therapies, unlike their surgical or radiation oncology
counterparts. Their training pathways also differ significantly to reflect this clinical focus®.
Thus, medical oncology constitutes a distinct specialty with its own professional identity and

set of clinical responsibilities.

"While surgical oncologists first specialize surgery in a specific anatomical region and then in cancer
surgery, medical oncologists complete internal medicine training followed by a fellowship in medical oncology.



2.2 Horizontal Specialization

The costs and benefits of horizontal specialization among oncologists can be analyzed using
classic economic models of division of labor. Medical oncologists may specialize by cancer
type—for example, focusing exclusively on breast cancer or lung cancer—thereby increasing
productivity and clinical efficacy. Such specialization reduces redundant learning efforts, as
each oncologist needs to stay updated only on advancements within their specific domain.
This focus also facilitates “learning by doing,” enabling, for instance, a breast cancer special-
ist to become highly adept at managing drug regimens and associated side effects, ultimately
improving patient outcomes.

In classic economic theory, this specialization is considered highly productive and is
generally constrained by the size of the market that can sustain it (Smith, 1776; Kim, 1989).
Consequently, the level of specialization is expected to increase with market size.

However, Becker and Murphy (1992) argue that the division of labor distributes responsi-
bilities across a greater number of workers, thereby incurring substantial coordination costs.
These costs can manifest in various forms, including communication inefficiencies, incentive
misalignment, and hold-up problems. For instance, when treating cancer patients, financial
incentives may encourage oncologists to retain patients rather than refer them to special-
ists with greater expertise, ultimately hindering optimal care delivery. The optimal level of
specialization is determined by weighing its productivity benefits against these coordination
costs. In some cases, these coordination challenges may substantially limit the extent of
specialization, resulting in a relatively flat relationship between specialization and market
size. Nevertheless, advances in knowledge increase the benefits of specialization within a

field, thereby promoting greater specialization in equilibrium.

2.3 Vertical Specialization

The organization of labor within medical oncology can also be examined through the frame-

work of vertical knowledge hierarchies, as described by Garicano (2000) and Garicano and
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Santos (2004). Oncologists occupy the apex of a hierarchical structure that includes oncology
nurses, technicians, care coordinators, and other non-physician healthcare providers. All on-
cologists are formally licensed to manage a broad range of cancers. However, within medical
oncology, informal knowledge hierarchies persist despite formal equivalence in licensure. In
theory, general community oncologists are equipped to manage routine cancer cases, while
more complex presentations are ideally referred to subspecialists with deeper expertise.

However, several frictions hinder the efficiency of the referral market. Anecdotal evidence
suggests that healthcare organizations are often reluctant to refer patients externally, largely
due to the financial incentives associated with retaining cancer care in-house. Furthermore,
anti-kickback regulations prohibit compensation for referrals, meaning physicians are not
reimbursed for the opportunity cost of lost revenue when referring patients to other providers.
These dynamics can result in systematic under-referral, consistent with the predictions of
Garicano and Santos (2004), who argue that in a spot market with zero-priced referrals, the
equilibrium level of referral falls short of the social optimum. To address this inefficiency,
they propose the establishment of ex-ante agreements—often implemented through firms,
partnerships, or similar organizational structures——that formalize referral and compensation
arrangements.

This type of vertical specialization is influenced by the cost of knowledge acquisition. In
this setting, clinical guidelines can be conceptualized as a technology that impacts these costs.
Initially, the introduction of guidelines lowers these costs by offering a structured, accessible
knowledge base. However, as guidelines become increasingly detailed and complex, the
cost of extracting and applying relevant knowledge also rises. These guidelines function as
compressed summaries of external expertise, and their length and complexity serve as proxies
for the volume of underlying knowledge required to deliver comprehensive cancer care. As
the burden of knowledge acquisition increases, oncologists may be more likely to specialize
further, thereby deepening vertical knowledge hierarchies within oncology (Garicano, 2000;

Garicano and Santos, 2004).



2.4 Knowledge Growth and Market Size

A natural corollary to the preceding arguments is that the growth of medical knowledge
may exacerbate differences in specialization across markets of varying sizes. For instance,
the viability of a breast cancer specialist is contingent upon a sufficient patient population—
a threshold that may only be met in large healthcare markets. As the complexity of breast
cancer care increases, these specialists may further narrow their focus to specific subtypes
of breast cancer, but again, only where patient volume can sustain it. In contrast, smaller
markets may lack the population density necessary to support such specialized roles. As
a result, general oncologists may remain the only viable providers in these settings. This
disparity may contribute to a widening gap in the degree of specialization—and potentially

in the quality and scope of care—between small and large markets.

3 Data and Measurement

The empirical strategy integrates multiple data sources to examine trends in knowledge
growth and specialization within medical oncology over time. Knowledge growth is proxied
through changes in page length and reference counts in cancer treatment guidelines, catego-
rized by cancer type. Physician specialization is assessed using Medicare claims and provider
data, which capture longitudinal changes in physician practice patterns over a 21-year period.
These datasets are combined to generate physician-level estimates of exposure to knowledge

growth across a multi-year panel.

3.1 Cancer Guidelines Data

To measure knowledge growth, I constructed a novel dataset based on historical cancer
treatment guidelines issued by the National Comprehensive Cancer Network (NCCN). The
NCCN is a prominent not-for-profit alliance comprising 33 leading cancer centers dedicated to

patient care, research, and education (NCCN, 2023a). Since 1996, the NCCN has published

10



treatment guidelines for common cancers, culminating in the release of a comprehensive
“library” of guidelines in 2001 (NCCN, 2023b). These guidelines are widely used in clinical
practice—according to one survey, 96% of oncologists reported that the NCCN Guidelines
are important for making treatment decisions (McGivney, 2008).

The NCCN Guidelines offer recommendations spanning the full spectrum of cancer care,
including “diagnosis, imaging, pharmacotherapy, radiation, and surgical interventions” (Mc-
Givney, 2008). These recommendations are particularly relevant to medical oncologists,
who coordinate care across various specialties, such as surgical oncology, radiation oncology,
and pathology. Accordingly, medical oncologists are trained to manage all aspects of can-
cer treatment and must stay abreast of high-level guidelines across cancer types (Popescu
et al., 2014). For simplicity, the term “oncologist” in this study refers specifically to medical
oncologists.

Each NCCN Guidelines reflects a consensus of expert opinion and is overseen by a com-
mittee composed of dozens of specialists from NCCN member institutions. These guidelines
are updated at least annually—and often more frequently—to incorporate the latest evi-
dence and newly approved therapies. Substantive updates require approval by a quorum of
committee members. In practice, the vast majority of recommendations are supported by
strong consensus among members, meaning > 85% approved the recommendation (NCCN,
2024).

To quantify knowledge growth, changes in NCCN Guideline page length and citation
counts are used as proxies for the expanding volume of clinically relevant information. Page
lengths and citations were measured for the initial set of NCCN Guidelines for cancer screen-
ing, treatment, and risk reduction by type and by year. Changes in page lengths serve as a
proxy for the growth in clinically relevant knowledge for each cancer type. As a robustness
check, changes in the number of citations of any type and to identifiable scholarly works
over time are also used as alternative proxies for knowledge expansion. Identifiable scholarly

works were identified in using OpenAlex, a comprehensive database of research literature
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(Priem et al., 2022). These citation-based metrics reflect the evolving volume of scientific
literature that underpin the guidelines.

Importantly, the volume of relevant knowledge measured in this way is distinct from
the advancement of treatment technologies. For example, many pages in the guidelines are
devoted to managing side effects of existing therapies. In theory, if future treatments are de-
veloped that cure all cases with minimal side effects, clinical care could become simpler, and
guidelines could be shorter. In practice, however, this scenario is rare. Despite therapeutic
breakthroughs, some patients still present with cancers that are incurable or progress after
first-line treatments. In such cases, the goal often shifts from curing the disease to slowing
its progression. Clinicians continue exploring available therapies until no effective or unused
options remain. Consequently, lines of therapy accumulate over time, contributing to longer
and more complex guidelines.

Guideline expansion has also been driven by the medical system’s increasing capacity
to subtype cancers and tailor target treatments accordingly. For instance, lymphomas—
cancers of the lymphatic system—were once braodly classified as either “Hodgkin’s” (named
after the English physician who first described it) or the general category “non-Hodgkin’s
lymphoma” (Armitage, 2010). As scientific understanding has advanced, “non-Hodgkin’s”
lymphoma has come to encompass a growing number of biologically distinct subtypes, each
requiring unique treatment approaches (Jaffe, 2009).

Appendix Figures A.2 and A.3 provide examples of how the NCCN Guidelines changed
between 2009 and 2014. Appendix Figures A.2a and A.2b display the table of contents for
non-Hodgkin lymphoma (NHL). Over this period, the table of contents become longer and
incorporated new NHL subtypes. Figures A.3a and A.3b show a diagnostic workup flowchart
for lobular carcinoma in situ, a breast cancer subtype. Between 2009 and 2014, the flowchart
increased in complexity: it added a new diagnostic test, introduced more decision splits, and
expanded the number of linked flowcharts from three to five.

Several assumptions are necessary for changes in page length to serve as a valid proxy for
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changes in the volume of clinically relevant knowledge. First, this measure assumes that each
page corresponds to a comparable amount of information. Reassuringly, the formatting of
the NCCN Guidelines remained consistent and standardized across cancer types throughout
the core study period (2008-2014), supporting the interpretation that increases in page
length reflect added content rather than formatting changes (e.g., font size or layout). In
fact, changes in page length may slightly understate knowledge growth. Figures A.2 and A.3
show examples where a single page contains more detailed content over time.

Second, the measure assumes that any relevant information not captured in the NCCN
Guidelines is either proportional to the information that is included or remains constant
across cancer types. For instance, while the guidelines may not capture every detail about a
chemotherapy drug, they are assumed to consistently represent a comparable share of infor-
mation across treatments. Likewise, the NCCN Guidelines rely on foundational knowledge in
internal medicine and cancer care. Even if the volume of general medical knowledge changes
over time, this assumption holds as long as those changes affect all cancer types equally.

Finally, growth in page count is a net measure of knowledge growth. It assumes that
knowledge primarily accumulates rather than replaces prior content. For example, if a 20-
page guideline grows to 30 pages, this is interpreted as 10 pages of new knowledge. If,
however, 10 pages were removed and replaced by 20 pages of new content, the net mea-
sure would understate total knowledge growth. This assumption is evaluated empirically in
Section 4.

Despite its limitations, this proxy offers several advantages over alternative knowledge
growth metrics. Other measures—such as the number of new journal articles, patents, or
drug approvals by cancer type—may capture innovation but often include information irrel-
evant to everyday clinical practice. In contrast, the NCCN Guidelines are curated to reflect
actionable knowledge. Moreover, not all new research replaces older information. For ex-
ample, many citations from the 2002 NCCN Guidelines remain present in the 2020 edition,

highlighting the enduring relevance of some medical evidence.
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3.2 Medicare Claims Data

I also use a 21-year panel of Medicare claims data to observe oncologists’ clinical activity.
Specifically, I use a 20% sample of Medicare Part B claims from 1999 to 2019. Medicare pro-
vides federally sponsored health insurance coverage to disabled adults and most U.S. adults
aged 65 and older. This age group has the highest incidence of cancer in the United States,
making it an ideal population for studying cancer care (Disease Control and Prevention,
2019).

Using these data, I construct an annual panel of oncologists. The sample is restricted
to physicians whose most frequently listed specialty in a given year is Hematology, Medical
Oncology, or Hematology—Oncology. I further limit the sample to physicians who treated at
least 25 unique cancer patients per year in the claims data. This threshold ensures patient
privacy and that specialization measures are based on a sufficient patient volume. The
influence of patient volume on the measurement of specialization and on the overall results
is discussed in detail in Section ?? and Appendix C. For the primary regression analysis, |
focus on a balanced panel of oncologists from 2008 to 2014. The panel begins in 2008, which
is the first year with data on many physician characteristics, as outlined in Section 3.3. It
ends in 2014, the last full year before the transition from ICD-9 to ICD-10 diagnosis codes
in 2015. This coding change introduces significant discontinuities in the measurement of
physician specialization, as described in Section 4.3, leading me to end the panel just prior
to the coding change.

Next, I measure the types of cancer each oncologist manages. The analysis is limited to
outpatient evaluation and management claim lines billed by oncologists. These visits involve
high-level medical decision-making and long-term care planning, in contrast to services such
as chemotherapy administration prescribed by another physician or acute inpatient man-
agement. Each evaluation and management visit is assigned to a cancer type based on the

patient’s primary cancer diagnosis’. An advantage of this context is that cancer diagnoses

2Cancer patients are defined as those with at least $250 (in 1999 inflation-adjusted dollars) of Medicare
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are standardized and determined independently of an oncologist’s specialization, eliminating
concerns that the oncologist’s focus might influence the type of cancer diagnosed.

I also measure the time each oncologist devotes to managing different cancer types. Each
evaluation and management code is mapped to work Relative Value Units (wRVUs), which
Medicare uses to estimate the physician effort required. For evaluation and management
services, wRVUs reflect expected physician time to provide care.

The resulting measure captures horizontal specialization across disease categories—for
example, an oncologist focusing on lung cancer versus one treating a broad range of cancer
types—by share of time managing each category. This measure does not directly capture
vertical specialization, such as depth of knowledge related to disease stage, biomarkers, or
clinical history. However, in practice, horizontal and vertical specialization are often linked:
a narrower horizontal focus typically allows for deeper vertical expertise. For example, an
oncologist specializing in lung cancer is more likely to have advanced expertise in managing

complex metastatic lung cancer than a generalist managing multiple cancer types.

3.3 Medicare Data on Provider Practice and Specialty

Additional physician characteristics are obtained from the Medicare Data on Provider Prac-
tice and Specialty (MD-PPAS) dataset for the period 2008-2014. This dataset provides
information on each physician’s birth year, which I use to calculate their age at the begin-
ning of the panel period in 2008.

MD-PPAS also reports the top tax identification (ID) number under which each oncolo-
gist bills. This tax ID reflects the organization or individual receiving Medicare payments.

Multiple physicians sharing the same primary tax ID are interpreted as belonging to the

Part B spending associated with cancer diagnoses. A patient’s primary cancer is the most specific cancer
type for which they have the highest number of diagnosis codes in a given year. For example, a patient
with 10 diagnosis codes for lung cancer and 30 for breast cancer is classified as having breast cancer. Most
patients (67%) are diagnosed with a single cancer type, while only 33% have multiple types in 2009. Among
patients with multiple diagnoses, the primary cancer accounts for the majority of diagnosis codes (80%).
If a patient has codes for both “Unspecified” cancer and breast cancer, they are classified as having breast
cancer, regardless of the number of Unspecified codes. Patients with only unspecified or non-specific cancer
diagnoses are excluded from the sample (1.9% of patients in 2009).
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same organization or group practice (ResDAC, 2024). I use the number of physicians billing
under a given tax ID as a proxy for the organization size. There are limitations to this
approach. Some healthcare organizations may operate under multiple tax ID numbers, and
providers within the same organization may bill under individual tax IDs. In such cases, the
number of physicians linked to a tax ID may understate the actual size of the organization.
Additionally, tax ID names are used as a proxy for academic affiliation; the details of this
construction are provided in Appendix B.2. Despite its imperfections, the tax ID serves as
a useful indicator of whether a physician is part of a larger organization and the nature of

that organization.

3.4 Measuring Relevant Knowledge Growth for Each Oncologist

I combine the Medicare claims data with NCCN Guidelines data to construct the main
treatment variable: the growth in relevant knowledge experienced by each oncologist. For
each oncologist i, let C; denote the set of cancer types they manage in outpatient settings
in 2008, as determined from that year’s Medicare claims. For each cancer type, define c as
the change in the number of guideline pages between 2009 and 2014. I assume that the full
guidelines and their updates for cancer ¢ are relevant to all oncologists who treated cancer
c in 2008. Under this assumption, oncologist ¢’s exposure to knowledge growth is calculated
as Ak; = Y Ak.. As a robustness check (Section 6.2, I exclude cancer types for which a
physician treated only one or two patients annually, thereby requiring a minimum level of
engagement for inclusion.

For example, suppose oncologist i treated only lung and breast cancer in 2008. If the
lung cancer guidelines expanded by 50 pages (Akjy,, = 50) and the breast cancer guidelines
by 100 pages (Akpreast = 100) over the next 5 years, then oncologist i is exposed to a total
of 150 pages of knowledge growth between 2009 and 2014.

To link cancer types in the claims data to guideline categories, I construct custom group-

ings of diagnosis codes aligned with the NCCN Guidelines. These groupings depart from
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standard systems such as the Clinical Classification Software to better reflect the taxonomy
used by the NCCN Guidelines. They also combine certain NCCN Guidelines to maintain
consistency over time. For example, the NCCN Guidelines for basal and squamous cell can-
cer (both forms of skin cancer) were presented in a single document until 2013, after which
they were issued separately. I treat these jointly under the broader category of “skin cancer
guidelines.” Additional details are provided in Appendix B.1.

The groupings are organized by the anatomical origin of the cancer (e.g., lung). Histor-
ically, cancer classification has been based on the location of the primary tumor, regardless
of metastatic spread. For example, lung cancer that metastasizes to the brain is still cat-
egorized as lung cancer, not brain cancer. This classification strategy is embedded in the
structure of NCCN Guidelines, patterns of physician specialization, and treatment protocols
during the study period. Although recent years have seen the emergence of biomarker-driven,
tissue-agnostic cancer therapies, the first such FDA approval occurred in 2017 (Olivier et

al., 2021), which falls outside the primary panel period analyzed here.

3.5 Measuring Physician Specialization

The main outcome of interest is oncologist specialization, measured using the Herfindahl—

Hirschman Index (HHI) based on the distribution of time an oncologist spends managing

different cancer types. The HHI is calculated as follows: HHI; = 10,000 ) (%)2, where
T;. represents the time oncologist ¢ spends managing cancer type ¢ and T; is their total time
spent managing all cancers.

The H HI; ranges from 0 to 10,000. A value of 10,000 indicates complete specialization—
that is, the oncologist treats only one cancer type. If time is split equally across two cancer
types, the HHI; is 5,000. As the number of cancer types increases and time is more evenly
distributed, the H HI; approaches 0.

This measure has several advantages. First, it is continuous and grounded in actual clin-

ical activity, unlike job titles, which may not reflect granular differences in practice. Second,
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it captures subtle changes on the intensive margin of specialization. For example, it detects
if an oncologist begins focusing more heavily on a specific cancer type without completely
discontinuing care for other patients. As such, the HHI can reflect within-physician changes
over time and reveal variation across physicians with the same formal titles or specialty

designations.

4 Descriptive Patterns

This section examines trends in the expansion of clinical knowledge and specialization among
oncologists over time. Both the volume of clinical knowledge and the degree of specialization

in oncology have increased considerably.

4.1 Knowledge Growth Over Time

The volume of clinical knowledge, as measured by the length of treatment guidelines, has
significantly expanded over time. This increase in guideline length is primarily driven by
the growing body of relevant scientific literature, which has contributed new content. This
knowledge growth is largely additive, with limited turnover. Furthermore, the scientific
literature underlying these guidelines is almost entirely distinct across cancer types.

An analysis of historical guidelines reveals a substantial increase in the length of cancer
treatment guidelines since 2002. Figure la illustrates the lengths of these guidelines from
2000 to 2020 for selected cancer types. Table A.1 provides a comprehensive list of the page
counts for various guidelines in 2002, 2009, 2014, and 2020. Over this period, the total length
of guidelines has grown by more than five times, from 1,129 pages in 2002 to 5,825 pages in
2020.

One significant factor contributing to the increase in guideline length appears to be the
rapid expansion in the number of FDA-approved cancer treatments. Appendix Figure A.1

depicts the cumulative number of anti-cancer drugs approved by the U.S. Food and Drug
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Administration (FDA) over time®. From 2002 to 2020, the number of FDA-approved anti-
cancer drugs grew from 90 in 2002 to 243 in 2020. Not only has the total number of drugs
increased rapidly, but the rate at which new drugs are being introduced has also accelerated.

The growing body of scientific literature is another contributor to the expansion of guide-
lines. Figure 1b shows the number of citations in these guidelines each year. Table 1 illus-
trates the close relationship between guideline length and the number of sources cited within
them, both cross-sectionally and over time. In 2009, each additional citation was associated
with an additional one-third of a page in the guideline length (R* = 88%). By 2014, this
relationship shifted, with each additional citation contributing to an increase of one-quarter
of a page (R? = 95%), suggesting either that citations were less informative or that the
content of the guidelines had become more dense. Over time, the growth in citation counts
is strongly correlated with guideline length. Between 2009 and 2014, each additional citation
corresponded to an increase of about one-fifth of a page in the guidelines (R? = 94%). Guide-
lines during this period typically included around 15 citations per page. This implies that
each citation adds approximately %th of a page through the citation itself and an additional
1—25th of a page through expanded content within the guideline.

While knowledge growth is largely additive, there is some turnover in the references cited
across guidelines. The 2009 guidelines cited 4,013 unique scholarly works, with 2,071 sources
(65%) also appearing in the 2014 guidelines. However, 1,106 sources (35%) were dropped.
Additionally, 5,195 unique references were added between 2009 and 2014, significantly out-
pacing the number of dropped sources. Figure 2 shows these changes. These patterns suggest
that the expansion of clinical knowledge is primarily additive, with minimal difference be-
tween net and gross knowledge growth. Appendix Figure A .4 illustrates the yearly counts of
papers added, remaining, and removed from the guidelines based on their publication year.
The newly added references to the guidelines have a diversity of ages but predominantly

reflect recent literature.

3Data on anti-cancer drugs is sourced from Pantziarka et al. (2021), utilizing Anatomical Therapeutic
Chemical Level 5 classifications to define individual drugs.
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The majority of references in the guidelines are to published research papers. Of the
33,621 citations in 2009 and 2014, 76% can be linked to published scholarly works. The
remaining 24% of citations include sources such as drug package labels, conference posters,
professional society reports, government documents, and papers that could not be reliably
linked.

The overlap of knowledge across different cancer types, as measured by the overlap of
scientific literature cited in the guidelines, is minimal. In 2009 and 2014, 94% of cited
scholarly works were referenced by only one cancer type’s guidelines. This suggests that the
underlying scientific literature for each cancer type’s guideline is largely distinct.

A limitation of the data is revealed in Table A.1, which indicates that a few cancer types
did not have guidelines in 2002, 2009, and 2014, despite the NCCN considering their 2002
guidelines a “complete library” of clinical guidelines. One such example is mesothelioma, a
rare cancer that lacked guidelines until 2010. A 2010 news article on the release of mesothe-
lioma guidelines noted that authors faced challenges due to limited evidence on how to treat
the disease (Mulcahy, 2010). However, mesothelioma was being treated in 2010, likely using
general principles of cancer care rather than disease specific knowledge. This highlights a
key issue in using guideline length as a measure of knowledge: zero pages of guidelines does
not mean that there is zero knowledge about how to treat a cancer type. Fortunately, the
empirical strategy used does not require assuming that zero-page guidelines indicate zero
knowledge, only that more pages correlate with more knowledge. However, the introduc-
tion of formal guidelines may cause a discontinuous jump in guideline length, potentially
overestimating the relative growth of knowledge for this type of cancer. The impact of this
measurement challenge affects only a small proportion of patients in the sample (2.80 in 2009

have a cancer for which guidelines are first introduced in the study period).
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4.2 Oncologist Characteristics

This section presents summary statistics for a balanced panel of oncologists observed from
2008 to 2014. Table 2 provides descriptive statistics for key variables of interest based on a
panel comprising 3,948 oncologists. In the baseline year of 2008, each oncologist treated an
average of 61 unique cancer patients in the outpatient setting, with the dataset including
only those who saw a minimum of 25 patients. These patients were diagnosed with an
average of 14 different cancer types, though this number ranged from as few as one to as
many as 25 types. The mean HHI—used to quantify each oncologist’s degree of clinical
specialization—was 2,913 in 2009, with some oncologists reaching the maximum possible
value of 10,000, they managed only one type of cancer in the outpatient setting over the
course of a year. At the start of the panel, the average oncologist was 49 years old.

Regarding practice size, oncologists worked in organizations with an average of 19 oncol-
ogy colleagues. However, this ranged widely, from solo practices with only one oncologist to
large organizations with as many as 219 practitioners.

In 2009, the cumulative length of the NCCN Guidelines totaled 1,832 pages. Over the
subsequent 5 years, this volume doubled to 3,534 pages. When filtered to include only cancers
treated by each oncologist in 2008, the number of relevant guideline pages also doubled—from

an average of 1,086 pages per oncologist in 2019 to 2,118 pages by 2014.

4.3 Trends in Oncologist Specialization Over Time

This section analyzes the evolution of oncologist specialization from 1999 to 2019. Figure 3
shows the 10th, 25th, 50th, 75th, and 90th percentiles of the HHI of oncologists over time
for the sample of 12,537 oncologists. Bootstrapped confidence intervals for these percentiles
are derived from re-sampling oncologists. The figure also includes the HHI for the over-
all distribution of cancer patients in the dataset, with confidence intervals calculated by
bootstrapping over the patient-level sample. Several noteworthy patterns emerge.

First, there is a marked, discontinuous decline in HHI values across the distribution
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between 2014 and 2016. This drop aligns temporally with the transition from ICD-9 to ICD-
10 diagnostic codes, which occurred in mid-2015. The abrupt nature of this shift supports
the decision to end the main balanced panel in 2014 to avoid potential confounding due to
changes in disease classification systems.

Second, contrary to expectations given the rapid expansion of clinical knowledge and
treatment options, the typical oncologist has not become more specialized over time. The
median (50th percentile) and lower percentiles of the HHI distribution have remained flat or
declined over the study period. These oncologists, whose specialization levels are similar to
the overall patient distribution, appear to function as generalists. Throughout the observed
years, the 10th, 25th, and 50th percentiles remain within a narrow 1,000-point HHI range
that includes the population-level HHI, indicating relatively stable patterns of generalist
practice despite considerable growth in knowledge.

In contrast, oncologists at the upper end of the specialization have become significantly
more specialized. From 1999 to 2014, the 90th percentile of oncologist HHI increased by 1,031
(800, 1,363] points. Between 2016 and 2019, this trend continued, with a further increase of
298 [-13, 664] HHI points.

These findings are robust to alternative measures of specialization. Figure A.5a shows
specialization trends using a sample of 25 randomly selected patients per oncologist, which
controls for variation in patient volume but increases measurement error. Figure A.5b
presents HHI calculated using the share of unique patients by cancer type rather than time-
based measures. Using patient counts reduces the influence of certain confounding factors,
such as variation in visit frequency across physicians. However, it also introduces additional
noise due to instances where physicians temporarily see one-time patients—for example,
when covering for colleagues on leave.

Despite these limitations, the overall trends depicted in both figures remain consistent.
The 90th percentile of physician specialization increased markedly between 1999 and 2014

and showed variable growth from 2016 to 2019. In contrast, the 50th percentile and lower
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percentiles either remained stable or declined across both periods.

These divergent trends suggest that “generalist” and “specialist” oncologists may respond
differently to the expansion of medical knowledge. While specialists appear to have adapted
their practices in response to knowledge growth, generalists show little change in their level
of specialization during the same period. This observation supports the hypothesis that
generalists do not respond to knowledge growth in the same way as specialists.

To formally test this hypothesis, the main analysis stratifies the sample into generalist and
specialist oncologists and examines whether their responses to increasing knowledge differ.
It is important to note that although this classification distinguishes between “specialist”
and “generalist” oncologists, all individuals in the sample are medical subspecialists. The
analysis highlights variation within this already specialized group to examine the extremes

of specialization.

4.4 Differences Between More and Less Specialized Oncologists

Table 3 summarizes the baseline characteristics of generalist and specialist oncologists in
2008, the first year of the balanced panel. Generalists are defined as those below the 75th
percentile of the physician HHI distribution, while specialists are those at or above the 75th
percentile.

Substantial differences between the two groups are evident in the baseline year. In 2008,
the average HHI for specialists was 4,858 —more than twice that of generalists, whose average
HHI was 2,262. Specialists were also more likely to be affiliated with academic institutions,
with 24% of them identified as academic physicians, compared to only 6% among generalists.

Furthermore, specialists were more frequently located in large markets: 60% practiced
in the top 20% of markets by size, compared with 47% of generalists. They also tended to
work in larger organizations, with an average of 21 other oncologists in their institutions,
versus 17 for generalists. These patterns suggest that specialization is facilitated by access

to large firms, large markets, and academic environments.
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Interestingly, the two groups did not differ meaningfully in terms of age: the average
age at baseline was 50 years for specialists and 49 years for generalists. Anecdotal evidence
supports the notion that oncologists typically make specialization decisions early in their ca-
reers, often during fellowship training. This implies that physicians rarely transition between
generalists and specialist roles later in their careers.

Despite similarities in age, the observable and likely unobservable differences between
specialists and generalists indicate that they are distinct groups. These baseline differences
in specialization justify the decision to estimate responses to knowledge growth separately
for the two groups. Moreover, the identification strategy accounts for potential bias arising

from differences in practice breadth and associated exposure to knowledge growth.

5 Identification

This section outlines the identification strategy used to assess the extent to which knowl-
edge growth contributes to increased specialization. Specifically, changes in specialization
are regressed on a measure of exposure to knowledge growth at the physician level. The
measure of exposure to knowledge growth may be subject to omitted variables bias. In
particular, exposure to knowledge shocks could be non-random and correlated with changes
in specialization due to other factors. To address this potential bias, the exposure measure
is recentered to account for expected, or non-random, exposure to knowledge growth. This

adjustment follows the general approach outlined in Borusyak and Hull (2023).

5.1 Estimating Equation

The primary estimating equation is as follows. Let AH HI; denote physician ¢’s change in
specialization, as measured by the HHI, between 2009 and 2014. Let Ak; represent their
exposure to knowledge growth. Exposure is calculated as: Ak; = Zci Ak., where C; is

the set of cancers treated by physician ¢ in 2008 and Ak, is the change in page length for
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each cancer type between 2009 and 2014. Additionally, let X; denote the vector of other
physician characteristics, including age, market, patient volume, and organization size at the
beginning of the panel.

The estimating equation is as follows:

where the equation is estimated using ordinary least squares with robust standard errors.

This equation incorporates several key features. First, the outcome variable uses within-
physician variation in specialization over time, which necessitates a balanced panel. This
within-physician design allows specialization to respond immediately to knowledge growth.
However, if the specialization response is significantly lagged, the estimates may be attenu-
ated.

The main coefficient of interest is 3, which represents the effect of knowledge growth on
specialization. (3 is estimated using variation in exposure to knowledge growth (Ak;), which
arises from two sources. The first source is that physicians work in different sets of cancer
subfields. For instance, some physicians treat breast cancer, others treat leukemia, and
some treat both. The second source of variation is that different cancer subfields experience
varying levels of knowledge growth. For example, leukemia may experience more knowledge
growth than breast cancer, meaning physicians who treat leukemia exclusively are more
exposed to knowledge growth than those who treat breast cancer exclusively.

The intercept term o absorbs any global shocks to knowledge. Specifically, it includes
the impact of knowledge growth that affects all cancer fields or the general practice of
medicine. Consequently, the main coefficient of interest, 3, captures the effect of changes in
specialization within different cancer subfields, isolating it from global knowledge shocks.

Moreover, the intercept term « also accounts for changes in the composition of oncology

patients. The HHI of the overall distribution of patients in the sample shows a modest
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decline from 2009 to 2014, as evidenced by the following change: -335 [-416, -252|. This level

change is absorbed by a.

5.2 Recentering the Instrument to Correct for Omitted Variables
Bias

The measure of exposure to knowledge growth may be susceptible to omitted variables bias.
To correct for potential bias and estimate causal coefficients, the measure was recentered
using the general approach outlined in Borusyak and Hull (2023).

Omitted variables bias may arise because physicians who treat more cancer types are,
by construction, exposed to more knowledge growth. For instance, a physician who spe-
cializes only in breast cancer will experience less exposure to knowledge growth than one
who treats both breast cancer and leukemia. Moreover, these two physicians may differ in
other important characteristics. For example, the breast cancer oncologist may be more
likely to practice in a large healthcare market, such as New York City, where the patient
volume justifies a breast cancer-only practice. On the other hand, oncologists practicing in
smaller markets, like Paducah, Kentucky, may have different specialization trends, which
are unrelated to knowledge growth. This variation in market size may be correlated with
both exposure to knowledge growth (Ak;) and changes in specialization (AHHI;), leading
to omitted variables bias in the estimate of 5.

Empirically, realized exposure (Ak;) is directly calculated from the data. Conceptually,

it can be decomposed into two components:

Ak, =  E[AR]  + Ak (1)
~—~
Expected Exposure Remaining Exposure

The first component, E[Ak;], represents the expected exposure to knowledge growth and
contains the omitted variables bias. The second component, Ak;, is the remaining exposure

to knowledge growth, which is exogenous and uncorrelated with other factors influencing
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specialization, apart from knowledge growth.
The realized exposure (Ak;) can be replaced with the “recentered” or residual exposure

(AF;) for an unbiased and efficient estimate of 3 (Borusyak & Hull, 2023), as shown below:

The formal identification assumption here is that recentered exposure to knowledge
growth is uncorrelated with the error term, including omitted variables (Ak; L ¢;). The
real-world interpretation of this assumption depends on how one formulates the expectation
of exposure to knowledge growth.

To formulate the expectation, assume there exists an expected knowledge growth for
each cancer type, denoted E[Ak.]. The expected exposure for a physician, E[Ak;], can be

calculated as follows:

E[Ak] =) E[Ak]. 3)
C;

The central challenge is to estimate the expected knowledge growth by cancer type,
E[Ak.]. The next section will discuss progressively more sophisticated approaches to esti-
mating E[Ak.] and their implications for the identification assumptions. More sophisticated
approaches reduce observable omitted variables bias more, until none is detectable. The final
approach is used in the main analysis in Section 6.

The simplest assumption is that there is no expected knowledge growth in any cancer
field (E[Ak.] = 0). Under this assumption, recentered exposure (Ak;) equals realized ex-
posure (Ak;), which is implicit in the original measure of exposure to knowledge growth.
However, assuming no expected knowledge growth after 2009 is arguably implausible, given
the historical trends in knowledge growth prior to that year.

A somewhat more plausible assumption is that all cancer fields share the same non-zero
level of expected knowledge growth. While physicians may expect knowledge to grow across

all fields, they do not predict which ones will experience more growth. This assumption can

27



be operationalized as E[Ak.] = Ak,, where Ak, represents the mean realized page increase
across cancer types. This estimate of E[Ak.] can then be used to derive the recentered
exposure measure (Alziz) using Equations 1 and 3.

This approach compares physicians who treat the same number of cancers and is equiv-
alent to controlling for the number of cancers an oncologist treats (Borusyak & Hull, 2023).
Variation in the recentered exposure arises because oncologists, even when treating the same
number of cancers, vary in the composition of cancers they treat. Some cancers experience
more innovation than others. Importantly, this approach assumes that cancer-level knowl-
edge shocks are unpredictable. However, one concern is that cancer-level rates of knowledge
growth may be predictable and thus correlated with physician specialization. For example,
an oncologist may anticipate rapid advancements in breast cancer treatments and choose to
specialize in that field rather than in a field with less change. Addressing this potential bias
motivates further refinement of the estimate of expected knowledge growth.

Next, I allow expected knowledge growth (E[Ak,]) to vary based on cancer characteristics.
Acemoglu and Linn (2004) suggests that health conditions with more potential patients tend
to experience more innovation, implying that more common cancers may experience greater
knowledge growth. Budish, Roin, and Williams (2015) find that cancers with high-quality
surrogate endpoints also tend to experience more innovation. Surrogate endpoints enable
researchers to assess more quickly and cheaply if a treatment is working than using a primary
outcome—suh as mortality—leading to cheaper, faster research. I incorporate both of these
factors into the estimate of expected knowledge growth, E[Ak,].

The expected knowledge growth for each cancer type is estimated using a Poisson regres-
sion of page count increases on cancer prevalence and an indicator for high-quality surrogate
endpoints. Let p. denote the share of cancer patients in Medicare with each cancer type in
2008, and let e. be an indicator variable indicating whether a cancer type has high-quality

surrogate endpoints, as defined by Budish, Roin, and Williams (2015). The Poisson maxi-
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mum likelihood regression model is as follows:

E[lnAk. = 6o + d1€c + dape + 03€cpe- (4)

This regression controls for knowledge shocks common to all cancer types (captured by dp).

Table 4 shows the coefficient estimates for the regression. The independent variables
substantially predict knowledge growth, explaining 77% of the variation in the growth of
knowledge. The remaining variation is attributed to randomness and uncertainty in research
and development. For instance, some clinical trials and drug development lines fail, while
others succeed.

After estimating the expected knowledge growth for each cancer type (E[Ak,.]), I use this
information to calculate each physician’s recentered exposure to knowledge growth (Al%i),
removing variation attributable to both the physician’s scope and cancer characteristics.

This approach relies on several key assumptions. First, it assumes that patient preva-
lence, secondary endpoints, and shared knowledge shocks are the main factors driving pre-
dictable variation in innovation across cancer types. This assumption is supported by the
finding that these factors explain a substantial share (77%) of the variation in guideline page
count increases. Additionally, the method assumes that the residual variation in knowledge
growth is unrelated to physicians’ specialization decisions, except through its direct effect
on specialization. While this assumption is untestable, it is consistent with the inherent
unpredictability of clinical research. If clinical research outcomes were entirely predictable,

the success rate of investigational drugs would likely be higher than the estimated 14%

(Schuhmacher et al., 2025).
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5.3 Correlation of Exposure to Knowledge Growth with Omitted

Variables

This section empirically evaluates the extent to which the recentering procedure mitigates
bias in the estimation of exposure to knowledge growth arising from omitted variables, fol-
lowing the methodology proposed by Borusyak and Hull (2023). The original (unadjusted)
measure of knowledge growth exhibits a strong correlation with several observable omitted
variables, indicating that recentering is necessary to obtain unbiased estimates. Encourag-
ingly, as increasingly refined estimates of expected knowledge growth (E[Ak.]) are used for
recentering, the correlation between exposure to knowledge growth and omitted variables
progressively declines—eventually becoming statistically insignificant.

Column 1 in Table 5 shows the coefficient estimates from regressions of observed omitted
variables on the unadjusted measure of knowledge growth. These omitted variables include
key baseline physician characteristics: market size (measured as the population within the
physician’s hospital referral region [HRR]), firm size (approximated by the number of other
oncologists sharing the same tax ID number), number of unique patients seen, and physician
age. As expected, the unadjusted knowledge growth measure is significantly correlated with
all included omitted variables. For instance, an increase of 1 million in HRR population is
associated with a statistically significant decrease in exposure to knowledge growth by 15
pages (SE = 2). Consequently, regressions using the unadjusted measure may inadvertently
compare physicians practicing in markedly different market environments, thereby intro-
ducing bias into estimate of § due to unrelated specialization dynamics. Collectively, the
omitted variables account for 33.5% of the variation in the unadjusted exposure measure,
underscoring the severity of omitted variable bias.

Columns 2—4 of Table 5 sequentially eliminate additional sources of variation from the
exposure measure. Specifically, Column 2 removes variation attributable to physician scope,
Column 3 further adjusts for cancer prevalence, and Column 4 incorporates adjustments for

surrogate endpoint variation. With each stage of recentering, the explanatory power of the
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observed omitted variables declines. By Column 4, the final recentered measure exhibits no
statistically significant correlation with patient volume, market size, organization size, or
physician age. For example, a 1 million increase in HRR populaton is now associated with
a negligible and statistically insignificant change of —0.3 pages (SE = 0.5) in exposure to
knowledge growth. Overall, the proportion of variation in exposure explained by observed
omitted variables drops from 33.5%to just 1% —a reduction of more than 99%.

Tables A.2 and A.3 present the same regressions disaggregated by specialist and generalist
oncologists, respectively. The results are consistent across both subgroups: the recentering
procedure reduces the explanatory power of observed omitted variables by 96% for specialists
and over 99% for generalists.

In conclusion, the final recentering specification effectively eliminates the correlation be-
tween exposure to knowledge growth and observed omitted variables. These findings sug-
gest that the procedure may also attenuate correlations with unobserved omitted variables,
thereby enhancing the credibility of subsequent analyses. The fully recentered measure of

exposure to knowledge growth is employed in all analyses presented in Section 6.

6 Effect of Knowledge Growth on Specialization

Knowledge and specialization in oncology have evolved substantially over time. This study
investigates whether these trends are interconnected. The findings indicate that oncolo-
gists who were already specialized (“ex-ante specialists”) tend to deepen their specialization
as relevant medical knowledge expands. This intensified focus primarily occurs along the
intensive margin—that is, within the subset of cancer types they already manage. In con-
trast, oncologists who were initially generalists exhibit a more limited response to knowledge
growth. Their changes are modest and occur mostly on the extensive margin, reflecting a
slight reduction in the breadth of cancer types they treat. The evidence suggests that gener-

alists selectively discontinue managing cancer types that constitute a minimal share of their
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caseload, resulting in negligible changes in their overall HHI scores—a metric used here to

quantify specialization.

6.1 Effects on Overall Specialization

Figure 4a presents the univariate relationship between exposure to knowledge growth—using
the measure defined in Section 5—and changes in specialization among ex-ante specialist on-
cologists. The results reveal a statistically significant increase in specialization in response to
knowledge expansion. Specifically, every 100-page increase in guideline content is associated
with a 196-point (s.e. = 80) increase in HHI*. Relative to the baseline mean, this represents
a 4% increase in HHI in response to a 13% increase in guideline content. When fixed effects
for oncologist age, hospital referral region, patient volume, and organization size are incor-
porated, the estimated increase in HHI rises slightly to 246 points (s.e. = 91) per 100-page
increase (Table 6).

In contrast to specialists, general oncologists do not consistently respond to the growth
of medical knowledge by increasing their degree of specialization. Figure 4b presents the
univariate relationship between exposure to knowledge growth and changes in specialization,
focusing exclusively on oncologists classified ex ante as “generalists.” The estimated effect
on the HHI is more precisely measured in this group than among specialists but remains
statistically indistinguishable from 0 at 8 = 50 (s.e. = 31)°. Table 7 presents regression
estimates incorporating fixed effects. When all fixed effects are included, the coefficient
increases modestly and attains marginal statistical significance at the 95% confidence level
(8 =66 (s.e. = 33)). These findings indicate only a minimal specialization response among
generalists to the expansion of clinical guidelines.

Figure A.6 and Table A.4 provide univariate and fixed-effect regression estimates for the

4Mean reversion in HHI is observed: HHI tends to decrease for oncologists in the top 25% of the
distribution. More precisely, the reduction in HHI is attenuated by 196 points for every additional 100
pages of guideline exposure.

5Mean reversion in HHI is also observed within this sample. Although the HHI increases for oncologists
in the bottom 75% of the distribution, there is no differential increase associated with higher exposure to
guideline growth.
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full sample of oncologists. Across all model specifications, the estimated coefficients exhibit
small positive effects, and the inclusion of fixed effects does not substantively alter these

results.

6.2 Effects on Different Margins of Specialization

Among specialists, increases in specialization appear to be driven primarily by adjustments
along the intensive margin. In contrast, the absence of a significant specialization response
among generalists masks a modest reduction in scope along the extensive margin following
exposure to knowledge growth.

Table A.6 shows that, for generalists, increased guideline exposure is associated with a
small reduction in the number of unique cancer types treated. Specifically, estimates suggest
a decrease of approximately 0.2 (s.e. = 0.1) cancer types. Across all model specifications,
the data rule out that exposure to 100 additional guideline pages reduces the number of
cancer types treated by 0.5 or more (on a mean of 14) at the 95% confidence level. These
results suggest that general oncologists may cease treating cancers that occupy only a small
fraction of their practice, thereby producing negligible changes in their overall HHI.

By contrast, Table A.5 indicates that specialists do not reduce the number of cancer
types they treat in response to knowledge growth. Thus, observed increases in HHI among
specialists must stem from adjustments along the intensive margin. In practical terms,
specialists appear to concentrate more heavily on certain cancer types within their domain
of expertise without discontinuing care for others.

Table A.7 provides pooled regression estimates for all oncologists. The findings from this
analysis are broadly consistent with those derived separately for generalists and specialists,
indicating that the average effect reflects a weighted combination of both groups’ responses.

The observed patterns among specialists may reflect a tendency to continue treating
established patients while narrowing the scope of new patient intake to specific cancer types.

To test this hypothesis, an alternative specialization measure was calculated using only new
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patient evaluation and management codes (Tables A.8 and A.9). However, restricting the
analysis to new patients significantly reduced the sample size to approximately one-quarter
of its original size—even after lowering the patient count threshold to 11)—resulting in
substantially larger standard errors and rendering the estimates statistically inconclusive.
Another plausible explanation is that oncologists respond to knowledge growth selectively,
focusing only on cancer types that constitute a significant portion of their clinical practice.
For example, a physician who frequently treats breast cancer iay keep up to date with new
guidelines for that cancer type while disregarding guidelines for rarer cases in their caseload.
In the primary analysis, a physician was considered “exposed” to knowledge growth fro a
given cancer type if they had treated at least one patient with that cancer in the baseline
year. To eliminate the influence of one-off cases, this threshold was raised to two and then
three patients in Table A.8. The resulting estimates remain consistent, showing similar
effect sizes: § = 186 (87) for the two-patient threshold g = 311 (110) for the three-patient
threshold. These findings underscore the robustness of the observed relationship between
knowledge growth and increased specialization among specialists, even under more stringent
exposure definitions. Comparable analyses for generalist oncologists, presented in Table A.9,
reveal no statistically significant response to knowledge growth. The estimated coefficients
are =7 (32) for the two-patient threshold and g =9 (35) for the three-patient threshold,
further confirming that generalists exhibit minimal changes in specialization regardless of

how exposure is defined.

6.3 Robustness to Alternative Measures of Knowledge Growth

To assess the robustness of the main regression results, I also employ an alternative measure
of knowledge growth: the number of sources cited in each clinical guideline. This metric
serves as a proxy for the volume of scientific literature underpinning the guidelines. While
the magnitude of the results differs—which is expected, given that each cited source repre-

sents approximately one-fifth the informational volume of a guideline page—the substantive

34



conclusions remain consistent. An increase in cited sources is associated with a statisti-
cally significant rise in specialization among oncologists (Table A.10). For specialists, an
additional 100 citations in the guidelines is estimated to increase specialization by 65 (18)
HHI points in the univariate regression. For generalists, the effect is smaller but remains
statistically significant, with an estimated increase of 16 (7) HHI points per 100 additional
citations (Table A.11). At the aggregate level, the overall effect of increased citations on
specialization remains positive statistically robust (Table A.12).

As an additional test, I also employ an alternative recentered measure of knowledge
growth that recenters based on the estimated 2008 incidence rather than prevalence of each
cancer type in Medicare (Appendix Table A.13 for specialists and Appendix Table A.14 for
generalists). The results are extremely similar to main specifications, in part because cancer

prevalence and incidence are highly correlated in Medicare (R? = 89%).

7 Constraints to Specialization

Why do specialist and generalist oncologists respond differently to knowledge growth? Em-
pirical patterns suggest that specialist and generalist oncologists face distinct constraints
on their ability to specialize. In particular, extensive specialization appears to be facili-
tated by scale: extreme specialization is primarily observed in large markets and within
large academic organizations. By contrast, scale does not appear to enable specialization for
the majority of oncologists. The median oncologist remains similarly general, regardless of
whether they practice in large or small markets. Furthermore, most generalists are employed
in non-academic settings, where organizational size does not appear to support specializa-
tion. Neither median nor top specialization increases systematically with organization size.
These observations imply that the majority of oncologists face a combination of low private
returns to specialization or high coordination costs, which collectively limit the extent to

which they can narrow their clinical focus.
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7.1 Market Size and Coordination Costs

Highly specialized oncologists appear to be constrained by the size of the markets in which
they practice. Figure 5¢ illustrates the 90th percentile of physician specialization (referred
to as “top specialization”) by market size for the years 1999 and 2014. Table 8 reports
the corresponding regression results. In 1999, top specialization increased by 495 (79) HHI
points for every doubling in market size, a result consistent with the classical notion that
specialization is limited by the extent of the market, as first articulated by Smith (1776).
By 2014, this relationship had intensified, with top specialization rising by over 1,060 (94)
HHI points per doubling in market size.

This growing gradient aligns with the framework discussed in Section 2.4. As medical
knowledge expands, the optimal level of specialization increases—but only in markets with
enough potential patients to support such niche expertise. These results suggest that health-
care delivery in highly specialized fields is characterized by increasingly large economies of
scale over time.

The implications for patient access are significant. Growth in specialization over time
has been concentrated in large markets, enhancing local access to subspecialist care in those
areas. In contrast, access in smaller markets has either remained static or declined on average.
If subspecialized oncologists offer superior care and patient mobility remains limited—as
suggested by Dingel et al. (2023)——this divergence may exacerbate geographic disparities
in health outcomes.

In contrast to top specialization, median oncologist has remained largely invariant to
market size. Figure 5 and Table 8 show that in 1999, median specialization was effectively
flat across the distribution of market sizes (8 = —24 (45)). That is, the typical oncologist
in a large market was no more specialized than one in a small market, despite the former
having access to a larger patient base capable of supporting narrower scopes of practice. This
pattern suggests that market size is not a binding constraint on specialization for the typical

oncologist in 1999, as median specialization did not increase despite the availability of larger
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patient pools in bigger markets. Instead, the evidence is more consistent with coordination
costs acting as the primary barrier to specialization for general oncologists, consistent with
the theoretical framework of Becker and Murphy (1992) discussed in Section 2.2.

Figure 5 and Table 8 indicate that by 2014, median specialization had increased slightly
with market size (5 = 130 (34)). However, this gradient remains modest compared with
that observed for top specialization. Even in the presence of substantial knowledge growth
between 1999 and 2014, the typical oncologist in large markets continued to maintain a broad
clinical scope. Interpreted through the lens of Becker and Murphy (1992), this pattern
suggests that coordination costs remained high relative to the returns to specialization,
thereby constraining general oncologists from narrowing their clinical focus.

Figure A.7 presents the gradients of both median and top specialization with respect to
market size for the years 2016 and 2019. However, the short time interval between these

years limits the ability to identify significant shifts in these patterns.

7.2 Firms and Firm Types

A key distinction between generalists and specialists lies in the types of organizations they
work for. As shown in Table 3, specialists are disproportionately employed in academic insti-
tutions. Large academic organizations tend to support high levels of specialization, whereas
non-academic organizations do not, irrespective of size. One interpretation of this pattern is
that academic institutions are better at facilitating coordination among oncologists, thereby
enabling specialization—an advantage not observed in non-academic settings, even among
the largest firms.

Academic organizations appear to drive the highest levels of specialization. Figure 6 illus-
trates the 50th and 90th percentiles of specialization within academic organizations by firm
size in 2014. The 90th percentile is calculated for organizations with at least five oncologists.
Among academic institutions, both median and top specialization increase markedly with

organization size. This pattern suggests that academic settings successfully mitigate some
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coordination frictions, thereby enabling oncologists to subspecialize. Once coordination fric-
tions are sufficiently low, organizational scale becomes a key enabler of specialization: larger
academic institutions support higher degrees of specialization across both the middle and
upper portions of the distribution.

In contrast, non-academic organizations exhibit signs of persistently high internal co-
ordination frictions. Figure 6 also presents the 50th and 90th percentiles of specialization
by firm size for non-academic institutions in 2014. In these settings, both median and top
specialization are flat across the distribution of firm size. The most specialized oncologists
at large non-academic firms are no more specialized than those at small firms. Likewise,
the typical oncologist in the largest non-academic institutions is no more specialized than
a solo practitioner. These patterns suggest that non-academic organizations do not reduce
coordination frictions and therefore do not support increased specialization—mneither at the
median nor at the top of the distribution.

Appendix Figure A.8 replicates this analysis for 2008, the first year with available data
on organizational size. The results are consistent, with no discernible changes between 2008
and 2014. Table 9 and Appendix Table A.16 provide the corresponding regression tables.

These findings may also reflect dynamics consistent with an under-referral equilibrium,
as described by Garicano and Santos (2004). In this setting, providers may know that a
different doctor may be a better fit for a patient, but sending the patient to someone else
gives up profits. Academic institutions appear to mitigate the referral inefficiencies that may
otherwise hinder specialization, while non-academic institutions do not.

An alternative explanation for these patterns is that academic oncologists face higher
returns to specialization rather than lower coordination frictions. Tenure and promotion
systems in academic settings often reward narrow clinical expertise, incentivizing physicians
to subspecialize.

Conversely, non-academic oncologists may face lower private returns to specialization.

These physicians are often face strong incentives to maximize patient volume, a goal that
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may be more easily achieved through a broad scope of practice.

In addition, price incentives for producing high-quality care remain weak. During the
study period, traditional Medicare reimbursement for oncology did not incorporate quality
metrics, and more recent payment models have only offered limited, opt-in participation in
quality-based payment systems (Chong et al., 2022). Although Medicare is not the sole payer,
it represents a large share of the oncology patient population. When physicians are not finan-
cially rewarded for delivering higher-quality, more specialized care, under-specialization may
result. This dynamic is likely more pronounced in non-academic settings, where providers
may fail to internalize the full benefits of specialization, particularly those tied to quality.

Finally, selection effects may play a role. Physicians with a strong preference for deep
expertise, academic prestige, or scholarly work may self-select into academic institutions.
In contrast, those who prioritize income or prefer clinical variety may choose non-academic

practice settings.

8 Technology Use and Specialization

Oncologist specialization varies substantially by market size and organization type. This
raises an important question: Are there observable returns to specialization in terms of the
quality of patient care? Unfortunately, the dataset lacks sufficient clinical detail about each
patient’s cancer—such as stage, histology, or molecular biomarkers—which precludes a direct
analysis of whether specialization improves patient outcomes as the omitted variables bias
is likely too great to permit plausible comparison of outcomes.

Nevertheless, the data do allow for an examination of oncologists’ prescribing behavior
with respect to anti-cancer drugs, which are central to treatment and significantly influ-
ence clinical outcomes. Anti-cancer drugs are inherently challenging to administer due to
their complex dosing protocols and significant toxicity profiles. Among physicians, medical

oncologists are uniquely specialized in managing these high-risk and carefully dosed ther-
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apies. Consequently, prescribing patterns for anti-cancer agents represent a core aspect of
oncologists’ clinical practice and technological engagement.

The findings indicate that specialization enhances the quality of care. Compared with
general oncologists, specialized oncologists prescribe a narrower range of anti-cancer drugs
and demonstrate greater familiarity with each medication they use. They also use newer
therapies, including those designated as “Breakthrough Therapy” drugs, underscoring their
responsiveness to pharmaceutical innovation. Notably, these differences in prescribing be-
havior have widened over time, suggesting increasing realized returns to specialization in

oncology.

8.1 Data and Measurement

This analysis estimates key characteristics of the typical set of anti-cancer drugs prescribed
annually by individual oncologists. Anti-cancer agents are identified using Anatomical Ther-
apeutic Chemical (ATC) classification codes assigned by the World Health Organization, as
referenced in Pantziarka et al. (2021). In cases where a drug is associated with multiple
ATC codes®, — typically reflecting its diverse clinical applications—— only one ATC code
is selected for inclusion in this analysis. Prescription data are drawn from a 20% sample
of Medicare Part B and Part D claims, with National Provider Identifiers (NPIs) used to
track prescribing physicians. The dataset begins in 2008, the first year in which NPIs were
broadly implemented in Part D claims.

The criteria for oncologist inclusion in this analysis differ slightly from those applied in
Section 4. In addition to requiring a minimum of 25 total patients, oncologists must have
prescribed anti-cancer medications to at least 11 unique patients within the 20% Medicare
sample across either Part B or Part D. This threshold ensures sufficient prescribing volume
for meaningful analysis and maintains compliance with privacy standards. As a result,

the number of eligible oncologists is smaller than in the baseline sample. To offset this

6Some drugs are assigned multiple ATC codes when they are indicated for distinct medical uses.
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reduction and enhance longitudinal coverage, the analysis utilizes a full (unbalanced) panel
of oncologists rather than a balanced panel. This approach allows for examination of trends
over an extended period (2008-2019) while maximizing the sample size in each year. Given
that the sample composition changes annually, oncologist specialization is measured using

the HHI for each individual year.

8.2 Scope of Technology Use

Specialization allows oncologists to narrow the range of technologies they employ in clinical
practice. Figure 7 illustrates the association between oncologists’ level of specialization and
the number of distinct anti-cancer drugs they prescribe annually. In the initial year of the
panel, differences in prescribing patterns are evident but modest. Oncologists in the highest
quartile of specialization (75th—99th percentile of the HHI) prescribe an average of 16.1 (0.2)
unique anti-cancer drugs per year. In contrast, general oncologists (first—50th percentile of
HHI) prescribe an average of 18.3 (0.1) drugs—approximately 13% more.

Over time, the disparity in prescribing behavior becomes more pronounced. By 2019,
highly specialized oncologists reduce their average scope to 11.9 (0.3) unique drugs per
year. Generalist oncologists, however, continue to prescribe a broader range, averaging 20.6
(0.2) unique drugs—73% more than their specialized counterparts. These findings reinforce
the notion that specialization narrows the scope of therapeutic technologies, with growing

impacts on prescribing behavior over time.

8.3 Experience

A narrower therapeutic scope allows specialized oncologists to accumulate greater experience
with the specific drugs they prescribe. In this analysis, an oncologist’s experience with a given
drug is measured by the number of patients to whom the drug is prescribed within a calendar
year. This metric captures only recent experience, reflecting evidence that physician-specific

human capital deteriorates quickly over time (Facchini, 2022; Hockenberry & Helmchen,
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2014). To facilitate comparison, experience is normalized across physicians within each
drug-year, resulting in a relative experience measure with a mean of 1.

Figure 8 shows the evolution of average relative drug experience by level of oncologist
specialization. In 2008, the most specialized oncologists exhibits slightly less experience—
approximately 8% lower——than their generalist counterparts. Over time, however, special-
ists accumulate more experience relative to generalists. By 2010, the pattern reverses, and
by 2019, the most specialized oncologists exhibit 24% higher average relative experience
with the drugs they prescribe. Given the complexity and toxicity risks associated with many
anti-cancer therapies, increased familiarity with specific drugs is likely to enhance clinical

management and reduce the incidence of adverse effects.

8.4 Drug Age and Quality

Specialization also appears to enhance oncologists’ ability to adopt new technologies, as re-
flected in the age and quality of the drugs they prescribe. Drug age is defined as the number
of years since the first FDA approval for the drug’s ATC code, regardless of indication,

", Drug quality is proxied by whether the drug’s active molecule

dosage, or delivery form
ever received a “Breakthrough Therapy” designation from the U.S. Food and Drug Admin-
istration as of 2025. This designation, which is based on preliminary clinical evidence of
substantial improvement over existing therapies, is positively associated with measures of
clinical benefit and thus serves as a credible indicator of drug quality (Feng and Maini, 2016;
Sun et al., 2020). Drug-level measures are patient-weighted to reflect the prescribing volume
of each oncologist.

Figure 9a plots the average age of prescribed drug bundles by oncologist specialization
over time. In 2008, drug age is comparable between specialist and generalist oncologists.

However, the average age of drugs prescribed increases more steeply for generalists over

time. By 2019, the average drug bundle prescribed by generalist oncologists is 3.0 years

"This approach likely overestimates drug age compared with methods that account for new indications.
However, the data do not allow identification of prescribing indication or off-label use.
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older than that of specialists. These results suggest that specialization facilitates more rapid
adoption of newly approved therapies.

Figure 9b shows that specialists also prescribe a higher share of breakthrough-designated
drugs than generalists. While the magnitude of this gap varies across years, the direction
is consistent: specialized oncologists are persistently more likely to incorporate these high-
quality, innovative therapies into their practice.

In summary, specialist oncologists exhibit increasingly distinct prescribing patterns rela-
tive to generalists. They use a narrower set of drugs, gain more experience with those drugs,
and more quickly adopt newer and higher-quality therapies. These patterns suggest that spe-
cialists may deliver higher-quality care, and that these quality differences are widening over
time. The findings are also consistent with the notion that specialization enables clinicians
to stay closer to the technological frontier in a rapidly evolving therapeutic landscape.

Do these differences in prescribing behavior translate into higher rates of guideline-
concordant care or better patient outcomes? Unfortunately, the available data lack detailed
clinical information—such as cancer stage or biomarker status—meeded to directly assess
this. However, prior research provides suggestive evidence (Thiels et al., 2020; Voss et al.,
2017). For example, Voss et al. (2017) find that soft-tissue sarcoma patients treated with
guideline-concordant care experience better survival and that treatment at academic hos-
pital centers—where specialists are concentrated—is associated with higher rates of such
care. Similarly, Thiels et al. (2020) report improved survival and greater adherence to
guidelines among stomach cancer patients treated in integrated academic systems. Taken
together, these studies support the interpretation that specialists, by virtue of their narrower
focus and greater drug-specific experience, may deliver superior care and improve patient

outcomes.
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9 Conclusion

This paper develops novel measures of the expansion of clinical knowledge and examines how
this expansion influences expert specialization and shapes subsequent patterns of technology
adoption in medical oncology. It documents a rapid and substantial increase in the number
of anti-cancer drugs and the body of clinically relevant information over time. Despite this
surge in knowledge, most oncologists maintain broad, generalist practices and do not become
more specialized. In contrast, a small subset of initially specialized oncologists respond to
knowledge growth by deepening their specialization.

These differences in specialization have important implications for patient care. Com-
pared with generalists, specialized oncologists prescribe newer anti-cancer therapies and
demonstrate greater experience with the drugs they use. These prescribing differences, which
have become more pronounced over time, are consistent with specialization facilitating the
delivery of higher-quality care.

Specialization changes also have geographic consequences. In large healthcare markets,
top-level specialization has grown significantly while it has stagnated in smaller markets.
This divergence suggests that the growth of medical knowledge enhances economies of scale
in care delivery and contributes to increasing geographic disparities in access to specialized

medical care.
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Figure 1: Oncology has experienced large increases in available knowledge and technologies

(a) Oncology clinical practice guidelines have become considerably longer
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Notes: Panels (a), (b) and ?? show the growth in cancer guideline length, guideline citations, and approved
pharmaceutical treatments over time. Panels (a) and (b) display the total page count and citation count of
the first set of treatment, screening, and risk reduction guidelines in each year from NCCN Guidelines.
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Figure 2: Citation counts entering, exiting, and staying in 2009 and 2014 guidelines

(a)

Exiting: 1,106
Works

2009: 3,177
Total Works

2014: 7,266
Total Works

Entering: 5,19
Works

Notes: Figure A.4 shows changes in the references cited by NCCN Clinical Practice Guidelines in Oncology
for treatment, screening, and risk reduction of cancer in each year between the 2009 and 2014 guidelines.
The sample includes all unique references in the first version of the 2009 and 2014 guidelines that link to
scholarly works in the OpenAlex database (Priem et al., 2022).
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Figure 3: Extremes of specialization are increasing in oncology over time

(a) Distribution of oncologist specialization over time
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Notes: This figure shows the distribution of physician-level Herfindahl-Hirschman Index (HHI), a measure
of specialization, from 1999-2019. All physicians in the sample are hematologist-oncologists, medical oncol-
ogists, or hematologists who saw at least 25 unique cancer patients in the year in a 20% sample of Medicare
Part B outpatient evaluation and management claims. An HHI is calculated for each physician in each year
using shares of work Relative Value Units, a proxy for time, spent evaluating and managing different types of
cancer in the outpatient setting. The 10th, 25th, 50th, 75th, and 90th percentile are displayed and labeled.
95% confidence intervals for each percentile are calculated by bootstrapping physicians. The dashed grey
line represents the HHI of patients in the sample. 95% confidence intervals are calculated by bootstrapping
patients. The trend break in 2015 is attributed to the switch in diagnosis coding schemes, from ICD-9 to
ICD-10, and 2015 is dropped from the graph for visual clarity.
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Figure 4: Exposure to knowledge growth increases specialization only for oncologists who
start specialized (2009-2014)

(a) Change in specialization (HHI) vs. exposure to knowledge growth for
specialist oncologists (top 25% of initial specialization distribution)
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(b) Change in specialization (HHI) vs. exposure to knowledge growth for
less specialized oncologists (lower 75% of initial specialization distribution)
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Notes: Panels (a) and (b) show binned scatterplots and regression estimates for the relationship between
the recentered exposure to knowledge growth and change in specialization. Specialization is measured using
a Herfindahl—Hirschman Index (HHI) over types of cancer managed. Panel (a) shows this relationship
for oncologists who start in the top 25% of the initial specialization distribution. Panel (b) shows this
relationship for oncologists who start in the lower 75% of the initial specialization distribution. In the
recentered measure, predicted exposure is subtracted from realized exposure to knowledge growth. Predicted
exposure is estimated based on the cancer types a physician treats in 2008 and the predicted growth in
knowledge over the next five years. The predicted knowledge growth by cancer type is estimated based on
a Poisson regression of the log of number of Medicare patients with the cancer type in 2008, an indicator
for well-established surrogate endpoints, and the interaction of the two. Regression standard errors are
robust. All physician characteristics are from the baseline year of 2008. All physicians in the sample are
hematologist-oncologists, medical oncologists, or hematologists who saw at least 25 unique cancer patients
in a 20% sample of Medicare Part B outpatient evali#ftion and management claims in 2008, 2009 and 2014.



Figure 5: Top specialization rises steeply with market size while median specialization is
relatively flat, consistent with different contraints specialization

(a) Relationship between market size and specialization
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Notes: Panel (a) shows the predicted relationship between specialization and market size if specialization is
constrained by market size (Smith, 1776) versus coordination costs (Becker and Murphy, 1992). Panels (b)
and (c) show binned scatterplots of the 50th and 90th percentile of oncologist specialization in a market by
market size in 1999 and 2014. The x-axis shows the market size, measured as population, in the relevant year.
Markets are defined using Hospital Referral Regions (HRR). In panel (b), the y-axis shows the 50th percentile
of specialization in market in a year. In panel (c¢), the y-axis shows the 90th percentile of specialization in
market in a year. Specialization is measured using a Herfindahl-Hirschman Index (HHI) over the types of
cancer that the oncologist evaluated and managed in that year. The line of best fit between log population
and the relevant percentile of market size is plotted. All physicians in the sample are hematologist-oncologists,
medical oncologists, or hematologists who saw at least 25 unique cancer patients in the year in a 20% sample
of Medicare Part B outpatient evaluation and management claims.
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Figure 6: Academic organizations facilitate specialization while non-academic ones do not
(a) Relationship between organization size and specialization
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Notes: Panel (a) shows the predicted relationship between specialization and organization size if organiza-
tions do or do not facilitate specialization. Panels (b) and (c¢) show binned scatterplots of the 50th and 90th
percentile of oncologist specialization in an organization by size and type in 2014. Organization size is on the
x-axis and is estimated as the number of oncologists with at least 25 patients at the organization’s tax ID
in the 2014 Medicare Data on Provider Practice and Specialty (MD-PPAS), using oncologists’ primary tax
ID. In panel (b), the y-axis shows the 50th percentile of specialization in an organization. In panel (c), the
y-axis shows the 90th percentile of specialization in an organization. In this panel, the sample is restricted
to organizations with at least 5 oncologists. Specialization is measured using a Herfindahl-Hirschman Index
(HHI) over the types of cancer that an oncologist evaluated and managed in a year. The best fit line is
plotted for the relationship between size and the relevant percentile of specialization in an organization.
Points and lines are plotted separately for academic and non-academic organizations. Organization type is
determined using tax ID names from the MD-PPAS. See Section 3.3 and Appendix B.2 for discussion of
the limitations of variables from the MD-PPAS. Plotted points represent the mean value for organization
size bins of width 5 and do not contain an equal number of organizations. All physicians in the sample are
hematologist-oncologists, medical oncologists, or hematologists who saw at least 25 unique cancer patients
in the year in a 20% sample of Medicare Part B out%%ient evaluation and management claims.



Figure 7: Over time, the most specialized oncologists prescribe fewer unique anti-cancer
drugs than less specialized oncologists in a year

(a) Count of unique anti-cancer drugs prescribed by year and degree of
specialization
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Notes: This figure shows the average number of unique anti-cancer drugs that oncologists prescribe over time
by level of specialization. In the early years of the panel, most and less specialized oncologists prescribe a
similar number of unique drugs. However, by the end of the panel, the more specialized an oncologist is, the
fewer unique drugs they prescribe in a year. Unique anti-cancer drugs are defined as unique World Health
Organization Anatomical Therapeutic Class codes that fall into the list of anti-cancer drugs from Pantziarka
et al. (2021). Oncologists are grouped into specialization bins based on the percentile of their HHI, where a
higher HHI indicates a more specialized oncologist. Within each specialization bin, the sample is restricted
to oncologists who prescribed anti-cancer drugs to at least 11 patients across a 20% sample of Part B and
Part D data. HHI is calculated using shares of evaluation and management work Relative Value Units over
types of cancer, and the percentile is calculated among the population of oncologists with at least 25 unique
cancer patients in a 20% sample of Medicare Part B outpatient evaluation and management claims.
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Figure 8: Over time, the most specialized oncologists become relatively more experienced
with the drugs they prescribe than less specialized oncologists

(a) Relative experience with anti-cancer drugs prescribed by year and
degree of specialization
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Notes: This figure shows oncologists’ average relative experience with the anti-cancer drugs that they pre-
scribe over time by level of specialization. Experience with a drug is calculated as the number of patients an
oncologist prescribed a drug to in a year. Relative experience normalizes experience to have a mean of one
within a drug-year. Each drug-specific relative experience is weighted equally within a physician. Physicians
are weighted equally to estimate mean relative experience by degree of specialization. Weighting physician-
level average relative experience equally by physician causes physician-drug-level relative experience to be
weighted unequally, so physician-level average relative experience does not have a mean of one. Anti-cancer
drugs are defined as unique World Health Organization Anatomical Therapeutic Class (ATC) codes that fall
into the list of anti-cancer drugs from Pantziarka et al. (2021). Oncologists are grouped into quantile bins
based on the percentile of their HHI, where a higher HHI indicates a more specialized oncologist. Within
each quantile bin, the sample is restricted to oncologists who prescribed anti-cancer drugs to at least 11
patients across a 20% sample of Part B and Part D data. HHI is calculated using shares of evaluation
and management work Relative Value Units over types of cancer, and the percentile is calculated among
the population of oncologists with at least 25 unique cancer patients in a 20% sample of Medicare Part B
outpatient evaluation and management claims.
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Figure 9: Over time, the most specialized oncologists begin to prescribe more new and
breakthrough drugs than less specialized oncologists

(a) Average age of anti-cancer drugs prescribed by year and degree of
specialization
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(b) Average share of breakthrough drugs prescribed by year and degree
of specialization
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Notes: Panel (a) shows the average age of anti-cancer drugs that oncologists prescribe over time by level of
specialization. Panel (b) shows the average share of breakthrough anti-cancer drugs that oncologists prescribe
over time by level of specialization. Anti-cancer drugs are defined as unique World Health Organization
Anatomical Therapeutic Class (ATC) codes that fall into the list of anti-cancer drugs from Pantziarka et al.
(2021). Drug age is measured as the time since FDA approval of the ATC code. A drug is classified as a
breakthrough drug if the molecule, as of 2025, has ever received a “Breakthrough Therapy” designation from
the U.S. Food and Drug Administration for any indication. Drugs are weighted by the number of patients
the oncologist prescribed the drug to. Oncologists are grouped into quantile bins based on the percentile
of their HHI, where a higher HHI indicates a more specialized oncologist. HHI is calculated using shares of
evaluation and management work Relative Value Units over types of cancer, and the percentile is calculated
among the population of oncologists with at least 25 unique cancer patients in a 20% sample of Medicare
Part B outpatient evaluation and management claims. Within each quantile bin, the sample is restricted to
oncologists who prescribed anti-cancer drugs to at le8&t 11 patients across a 20% sample of Part B and Part
D data.
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Table 1: Guideline length is closely associated with the number of sources cited in guidelines

(1) (2) (3)
Page Count Page Count Change in Page Count

(2009) (2014) (2009-2014)
Citation count (2009) 0.357

(0.0249)
Citation count (2014) 0.274

(0.00935)
Change in citation count (2009-2014) 0.213
(0.00414)

Observations 36 36 36
R-squared 0.885 0.954 0.941
Estimator OLS OLS OLS
Standard errors Robust Robust Robust

Notes: Table 1 shows the relationships between length of guidelines, measured in pages, and the number of sources cited in cross-section and over
time. Column 1 contains a cross-sectional regression on guideline length on number of citations in 2009. Column 2 contains the same regression for
2014. Column 3 regresses changes in guideline length on changes in citation counts between 2009 and 2014. All page counts and citation counts are
for the first set of guidelines in each year from NCCN Guidelines. In all regressions, citation counts are closely coupled to page lengths. Guidelines
are grouped using the cancer grouping discussed in section 3.4 and appendix section B.1 to maintain a stable sample of guidelines over time that
match with diagnosis code groupings.



69

Table 2: Summary statistics for balanced panel of oncologists (2008-2014)

Mean SD  Min Max N

N 3,948

Unique Patients (2008) 61 29 25 291 3,948
Count of Cancer Types (2008) 14 4 1 25 3,948
HHI (2009) 2,920 1,517 1,028 10,000 3,948
HHI (2014) 2,855 1,660 897 10,000 3,948
Guideline Length (2009) 1,789

Relevant Guideline Length (2009) 1,086 233 42 1,664 3,948
Change in Length of Guidelines (2009-2014) 1,745

Change in Length of Relevant Guidelines (2009-2014) 1,032 227 24 1,606 3,948
Count Oncologists at Main Tax ID (2008) 18 40 1 219 3,948
Physician age (2008) 49 9 31 77 3,948

Notes: This table shows summary statistics for a balanced panel of oncologists from 2008 to 2014. All physicians in the sample are hematologist-
oncologists, medical oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of Medicare Part B outpatient evaluation
and management claims in 2008, 2009 and 2014. More information about each variable is calculated is detailed in section 3.
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Table 3: Specialized oncologists are more concentrated in larger regions, larger organizations, and academics than general
oncologists (2008)

Specialists (Top 25% HHI) Generalists (Lower 75% HHI)
Mean Std | Mean Std

N 985.0 2,953.0
Unique Patients 53.5 (24.6) | 64.1 (29.9)
Count of Cancer Types 11.1 (4.2) 14.7 (3.0)
HHI (2008) 4,865.8 (1,866.1) | 2,269.0 (484.6)
HHI (2009) 4,440.9 (2,160.1) | 2,408.3 (680.4)
HHI (2014) 4,113.4 (2,452.6) | 2,433.1 (974.3)
Academic 0.24 (0.43) 0.06 (0.23)
Share in Largest 20% of Regions 0.60 (0.49) 0.47 (0.50)
Count Oncologists at Main Tax ID 21.0 (38.1) 17.0 (39.7)
Physician Age 50.4 (8.6) 49.1 (8.6)
Relevant Guideline Length (2008) 792.5 (263.1) | 997.5 (156.4)
Change in Length of Relevant Guidelines (2009-2014) | 869.5 (289.1) | 1,087.2 (169.9)

Notes: This table compares key summary statistics for “specialist” and “general” oncologists in a balanced panel from 2008 to 2014. Specialist
oncologists are defined as those in the top 25% of the specialization distribution as measured by a Herfindahl—Hirschman Index (HHI) over types of
cancer managed in 2008. Specialist oncologists are defined as those in the bottom 75% of the specialization distribution in 2008. All characteristics
are measured in 2008 unless otherwise specified. All physicians in the sample are hematologist-oncologists, medical oncologists, or hematologists who
saw at least 25 unique cancer patients in a 20% sample of Medicare Part B outpatient evaluation and management claims in 2008, 2009 and 2014.
More information about how each variable is detailed in section 3.
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Table 4: Guidelines grow faster for cancer types with more patients and surrogate endpoints

(1) (2) (3)
Page Page Page
Count Increase Count Increase Count Increase

Log Patient Count in Medicare (2008) 0.312 0.332 0.268
(0.0736) (0.0632) (0.0498)

Surrogate Endpoints 1.010 -3.149
(0.322) (1.413)

Surrogate x Log Pat Count (2008) 0.436
(0.135)

Observations 35 35 35
R-squared 0.216 0.588 0.771
Estimation Method PPML PPML PPML

Notes: This table shows the results of a regression of the increase in guideline pages from 2009 to 2014 on the log of the prevalence of the cancer type
in Medicare in 2008, an indicator if the cancer type has surrogate endpoints, and the interaction of the two. The unit of observation is a cancer type
e.g. breast cancer. The regression is estimated with Poisson maximum likelihood. Change in guideline page count is calculated using the change in
page length for the first version of NCCN Guidelines in 2009 and 2014. The presence of surrogate endpoints is determined using Budish, Roin, and
Williams (2015). 2008 prevalence in Medicare is calculated as the number of patients with the cancer type a 20% sample of Medicare Fee-For-Service
Part B claims using ICD-9 codes. Cancer types are defined using a custom grouping of ICD-9 codes that mirrors the organization of NCCN Guidelines,
as detailed in Appendix B.1.
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Table 5: Physician characteristics no longer correlate with exposure to knowledge growth after recentering procedure

(1) (2) (3) (4)

Unadjusted exposure Remove physician Remove cancer Remove endpoint

to knowledge growth scope variation prevalence variation type variation

(Ak;) (Ak;) (Ak;) (Ak;)

Market population (millions) -15.19 -4.145 -1.467 0.316
(2.001) (0.772) (0.710) (0.541)

Count oncologists at main org -0.382 -0.108 0.0303 0.0278
(0.0900) (0.0346) (0.0332) (0.0258)

Physician age -1.281 0.210 0.207 -0.103
(0.349) (0.150) (0.153) (0.120)

Patient Count 4.304 0.241 -0.276 -0.0464
(0.118) (0.0413) (0.0418) (0.0350)

Observations 3,948 3,948 3,948 3,948
R-squared 0.335 0.024 0.010 0.001
Recentered Yes Yes Yes

Notes: This table shows the results of a regression of exposure to knowledge growth on observable physician characteristics. The physician charac-
teristics include the population of the physicians’ Hospital Referral Region in millions, the number of other oncologists at the primary organization
that they work at, and physicians’ patient volume. All physician characteristics are from 2008, the baseline year for the panel. In Column 1, the
outcome variable is raw exposure to knowledge growth, measured as the total increase in guideline page counts for cancer types from 2009 to 2014 for
cancer types the physician managed in 2008. In Columns 2-4, the outcomes are increasingly recentered measures of exposure to knowledge growth.
In recentering, predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. In Column 2, predicted knowledge
growth is the same for each cancer and estimated as mean knowledge growth per cancer type. In Column 3, the predicted knowledge growth for each
type of cancer is estimated using on a Poisson regression of the number of Medicare patients with the cancer types in 2008. Column 4 is similar,
but predicted knowledge growth also adds indicator for if the cancer type has well-established surrogate endpoints and the interaction between the
number of Medicare patients and surrogate endpoints. The full recentering procedure removes variation in exposure to knowledge growth that arises
become some physicians have a broader scope and because some cancer types predictably have more innovation. All physicians in the sample are
hematologist-oncologists, medical oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of Medicare Part B
outpatient evaluation and management claims in 2008, 2009 and 2014. All regression standard errors are robust.
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Table 6: Knowledge growth increases specialization for oncologists in the top 25% of the initial specialization distribution

Dependent Variable: HHI

(1) (2) (3) (4) (5) (6)
Knowledge Growth Restrict Add Age Add Market  Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE Size FE

Increase in Guideline Length (100 Pages) 213.2 213.2 220.0 253.1 255.2 246.3
(81.06)  (81.06) (81.56) (89.07) (89.98) (91.20)

Observations 924 924 924 924 924 924
R-squared 0.008 0.008 0.009 0.172 0.177 0.178
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Org Size FE Yes Yes
Pat Count Bin FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the top 25% of the initial specialization distribution. Specialization is measured using a Herfindahl—Hirschman Index (HHI) over
types of cancer managed. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression standard errors are robust. Column 2 restricts
the sample to physicians where we observe age, hospital referral region (HRR) and the number of other oncologists at their primary organization.
Columns 3, 4, and 5 add fixed effects for the physicians age group, hospital referral region (HRR) and the number of other oncologists at their primary
organization, respectively. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth is subtracted from
raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page count of NCCN Guidelines
over 2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician treats in
2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer
is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer type has
well-established surrogate endpoints, and the interaction of the two. All physician characteristics are from the baseline year of 2008. All physicians in
the sample are hematologist-oncologists, medical oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of Medicare
Part B outpatient evaluation and management claims in 2008, 2009 and 2014.
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Table 7: Knowledge growth may marginally increase specialization for oncologists in the bottom 75% of the initial specialization
distribution

Dependent Variable: HHI

(1) (2) (3) (4) (5) (6)
Knowledge Growth Restrict Add Age Add Market  Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE Size FE

Increase in Guideline Length (100 Pages) 54.23 54.23 54.18 66.96 66.50 66.26
(31.45)  (31.45)  (31.44) (33.14)  (33.13)  (33.03)

Observations 2,937 2,937 2,937 2,937 2,937 2,937
R-squared 0.001 0.001 0.001 0.108 0.108 0.110
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Org Size FE Yes Yes
Pat Count Bin FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the bottom 75% of the initial specialization distribution. Specialization is measured using a Herfindahl—Hirschman Index (HHI) over
types of cancer managed. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression standard errors are robust. Column 2 restricts
the sample to physicians where we observe age, hospital referral region (HRR) and the number of other oncologists at their primary organization.
Columns 3, 4, and 5 add fixed effects for the physicians age group, hospital referral region (HRR) and the number of other oncologists at their primary
organization, respectively. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth is subtracted from
raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page count of NCCN Guidelines
over 2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician treats in
2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer
is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer type has
well-established surrogate endpoints, and the interaction of the two. All physician characteristics are from the baseline year of 2008. All physicians in
the sample are hematologist-oncologists, medical oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of Medicare
Part B outpatient evaluation and management claims in 2008, 2009 and 2014.



Table 8: Median and 90th percentile of specialization by market size in 1999 and 2014

(1) (2)
Median HHI 90th Pct HHI

Current Population (Log) 14.30 584.5
(30.08) (56.41)
Current Population (Log) x 2014 152.2 575.8
(39.55) (88.94)
Observations 1,205 1,205
R-squared 0.144 0.279

Notes: Table 8 shows a regression of oncologist specialization on market size, year, and an interaction
of market size and year. The baseline year is 1999 with regression coefficients for 2014. In Column 1,
the outcome is the 50th percentile of oncologist specialization in a market. In Column 2, the outcome is
the 90th percentile of oncologist specialization in a market. Markets are defined using Hospital Referral
Regions (HRR). Market size is measured as population in the relevant year. Oncologist specialization is
measured using a Herfindahl-Hirschman Index (HHI) over the types of cancer that the oncologist evaluated
and managed in that year. All physicians in the sample are hematologist-oncologists, medical oncologists,
or hematologists who saw at least 25 unique cancer patients in the year in a 20% sample of Medicare Part
B outpatient evaluation and management claims data.
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Table 9: Median and 90th percentile of specialization by organization size in 2014

(1) (2) (3) (4)
Median HHI 90th Pct Median HHI  90th Pct HHI
Academic Academic Non-academic Non-academic

Organization Size 32.30 45.89 1.864 12.43

(8.229) (9.380) (2.722) (7.490)
Observations 159 119 1,466 345
R-squared 0.104 0.158 0.000 0.010
Minimum Org Size 1 5 1 )
Standard Errors Robust Robust Robust Robust

Notes: Table 9 shows regressions of oncologist specialization on organization size by organization type in
2014. In Column 1, the outcome is the 50th percentile of oncologist specialization in academic organizations.
In Column 2, the outcome is the 90th percentile of oncologist specialization in academic organizations with
at least 5 other oncologists in the sample. In Column 3, the outcome is the 50th percentile of oncologist
specialization in non-academic organizations. In Column 4, the outcome is the 90th percentile of oncologist
specialization in non-academic organizations with at least 5 other oncologists in the sample. Organization
size is estimated as the number of oncologists with at least 25 patients at the organization’s tax ID in the
2014 Medicare Data on Provider Practice and Specialty (MD-PPAS), using oncologists’ primary tax ID.
Organization type is determined using tax ID names from the MD-PPAS. See Section 3.3 and Appendix B.2
for discussion of the limitations of variables from the MD-PPAS. Oncologist specialization is measured using
a Herfindahl-Hirschman Index (HHI) over the types of cancer that the oncologist evaluated and managed in
that year. All physicians in the sample are hematologist-oncologists, medical oncologists, or hematologists
who saw at least 25 unique cancer patients in the year in a 20% sample of Medicare Part B outpatient
evaluation and management claims data.
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A Additional exhibits

Figure A.1: The number of FDA-approved anti-cancer drugs has increased substantially
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Notes: This figure displays the number of unique anti-cancer drugs, where drugs are distinguished by unique
Anatomical Therapeutic Chemical Level 5 Classification Codes. Note that the sample is limited to drugs
with direct anti-cancer uses which are approved by the U.S. Food and Drug Administration. It does not
include combinations of drugs, drugs used for cancer symptom relief or diagnosis, or unapproved drugs that
are being investigated. The data is from Pantziarka et al. (2021).
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Figure A.2: Changes in Table of Contents for Non-Hodgkins Lymphoma Over Time
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The NCCN Guidelines® are a statement of evidence and consensus of the authors regarding their views of currently accepted approaches to
treatment. Any clinician seeking to apply or consult the NCCN Guidelines is expected to use independent medical judgment in the context of
individual clinical circumstances to determine any patient's care or treatment. The National Comprehensive Cancer Network® (NCCN) makes no
representations or warranties of any kind regarding their content, use or application and disclaims any responsibility for their application or use in
any way. The NCCN Guidelines are i by National C ive Cancer Network®. All rights reserved. The NCCN Guidelines and the
illustrations herein may not be reproduced in any form without the express written permission of NCCN. ©2012.

Notes: Figure A.2 shows example changes from NCCN Guidelines. Figures A.2a and A.2b show the table
of contents for non-Hodgkins lymphoma (NHL) in 2009 and 2014, respectively. Figure A.2a reproduced
with permission from the NCCN Clinical Practice Guidelines in Oncology (NCCN Guidelines®)) for Non-
Hodgkin’s Lymphomas V.1.2009 (C) 2009 National Comprehensive Cancer Network, Inc. All rights reserved.
The NCCN Guidelines®) and illustrations herein may not be reproduced in any form for any purpose without
the express written permission of NCCN. To view the most recent and complete version of the NCCN
Guidelines, go online to NCCN.org. The NCCN Guidelines are a work in progress that may be refined as
often as new significant data becomes available. Figure A.2b reproduced with permission from the NCCN
Clinical Practice Guidelines in Oncology (NCCN Guidelines®)) for Non-Hodgkin’s Lymphomas V.1.2014.
(©) 2013 National Comprehensive Cancer Network, Inc. All rights reserved. The NCCN Guidelines®) and
illustrations herein may not be reproduced in any form for any purpose without the express written permission
of NCCN. To view the most recent and complete version of the NCCN Guidelines, go online to NCCN.org.
The NCCN Guidelines are a work in progress that may be refined as often as new significant data becomes
available. NCCN makes no warranties of any kind whatsoever regarding their content, use or application
and disclaims any responsibility for their application or use in any way.
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Figure A.3: Changes in Flowchart for Lobular Carcinoma In-Situ

(a) 2009 Flowchart
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Notes: Figure A.3 shows example changes from NCCN Guidelines. Figures A.3a and A.3b show a flowchart
with the diagnostic workup for lobular carcinoma in-situ, a subtype of breast cancer, in 2009 and 2014, re-
spectively. Figure A.3a reproduced with permission from the NCCN Clinical Practice Guidelines in Oncology
(NCCN Guidelines®)) for Breast Cancer V.1.2009. (C) 2008 National Comprehensive Cancer Network, Inc.
All rights reserved. The NCCN Guidelines®) and illustrations herein may not be reproduced in any form for
any purpose without the express written permission of NCCN. To view the most recent and complete version
of the NCCN Guidelines, go online to NCCN.org. The NCCN Guidelines are a work in progress that may
be refined as often as new significant data becomes available. Figure A.3b Reproduced with permission from
the NCCN Clinical Practice Guidelines in Oncology (NCCN Guidelines@®)) for Breast Cancer V.1.2014. ©)
2013 National Comprehensive Cancer Network, Inc. All rights reserved. The NCCN Guidelines®) and illus-
trations herein may not be reproduced in any form for any purpose without the express written permission
of NCCN. To view the most recent and complete version of the NCCN Guidelines, go online to NCCN.org.
The NCCN Guidelines are a work in progress that may be refined as often as new significant data becomes
available. NCCN makes no warranties of any kind whatsoever regarding their content, use or application
and disclaims any responsibility for their application or use in any way.
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Figure A.4: Growth in oncology clinical practice guideline citations between 2009 and 2014
comes primarily from adding references to new and recent scholarly works

(a) Citations entering, exiting, and staying in 2009 and 2014 guidelines by publication year
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Notes: Figure A.4 describes changes in the publication year of references cited by NCCN Clinical Practice
Guidelines in Oncology between the 2009 and 2014 guidelines for screening, risk reduction, and treatment.
The x-axis shows the year bin in which the work was published. The y-axis shows the count of works. The
count of works entering the 2014 guidelines are shown in green, the count of works in both 2009 and 2014
guidelines are shown in blue, and the count of works exiting the 2009 guidelines are shown in red. The
sample includes all unique references in the first version of the 2009 and 2014 guidelines for which a year is
identified.
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Figure A.5: Specialized oncologists are growing more specialized over time

(a) Oncologist specialization over time, measured using only 25 patients per oncologist
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Notes: Panel (a) shows the distribution of physician-level Herfindahl-Hirschman Index (HHI), a measure
of specialization, from 1999-2019, using only 25 random patients per physician per year to calculate HHI.
Physician HHI is calculated within physician using shares of time spent evaluating and managing different
types of cancer. Time is proxied using the work Relative Value Units for each evaluation and management
HCPCS code. Panel (b) shows the distribution of HHI, or specialization, calculating HHI over shares of
unique patients, rather than shares of time, seen for outpatient evaluation and management, by cancer type.
All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who saw at least 25
unique cancer patients in the year in a 20% sample of Medicare Part B outpatient evaluation and management
claims. The 10th, 25th, 50th, 75th, and 90th percentile are displayed and labeled. 95% confidence intervals
for each percentile are calculated by bootstrapping physicians. The dashed grey line represents the HHI of
patients in the sample. 95% confidence intervals are calculated by bootstrapping patients. The trend break
in 2015 is attributed to the switch in diagnosis coding schemes, from ICD-9 to ICD-10, and 2015 is dropped
from the graph for visual clarity.
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Figure A.6: Knowledge growth increases oncologist specialization in aggregate

73.7 (o= 31.3) point increase in HHI,
per 100 page increase in guidelines

400+

2004
04 .

=200+ *a

-400+

-600+

A Specialization (HHI)

=800+

150 -100 50 0 50 100 150
Relevant Guideline Page Increase (AK;)
For All Oncologists

Notes: Figure A.6 shows a binned scatterplot and key regression estimates for the relationship between the
recentered exposure to knowledge growth and change in specialization for all oncologists. In the recentered
measure, the predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth.
Predicted exposure is estimated based on the cancer types a physician treats in 2008 and the predicted,
rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each
type of cancer is estimated based on a Poisson regression of the number of Medicare patients with the cancer
types in 2008, an indicator for if the cancer type has well-established surrogate endpoints, and the interaction
of the two. Regression standard errors are robust. All physicians in the sample are hematologist-oncologists,
oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of Medicare Part
B outpatient evaluation and management claims in 2008, 2009 and 2014.
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Figure A.7: No detectable change in specialization by market size between 2016 and 2019

(a) Median specialization by market size (2016 and 2019)
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Notes: Panel (a) shows the predicted relationship between specialization and market size if specialization is
constrained by market size (Smith, 1776) versus coordination costs (Becker and Murphy, 1992). Panels (a)
and (b) show binned scatterplots of the 50th and 90th percentile of oncologist specialization in a market by
market size in 2016 and 2019. The x-axis shows the market size, measured as population, in the relevant year.
Markets are defined using Hospital Referral Regions (HRR). In panel (a), the y-axis shows the 50th percentile
of specialization in market in a year. In panel (b), the y-axis shows the 90th percentile of specialization in
market in a year. Specialization is measured using a Herfindahl-Hirschman Index (HHI) over the types of
cancer that the oncologist evaluated and managed in that year. The line of best fit between log population
and the relevant percentile of market size is plotted. All physicians in the sample are hematologist-oncologists,
medical oncologists, or hematologists who saw at least 25 unique cancer patients in the year in a 20% sample
of Medicare Part B outpatient evaluation and management claims.
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Figure A.8: Academic organizations facilitate specialization while non-academic ones do
not (2008)

(a) Median specialization by organization size and type (2008)
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(b) 90th percentile of specialization by organization size and type (2008)
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Notes: Panels (a) and (b) show binned scatterplots of the 50th and 90th percentile of oncologist specialization
in an organization by size and type in 2008. Organization size is on the x-axis and is estimated as the number
of oncologists with at least 25 patients at the organization’s tax ID in the 2008 Medicare Data on Provider
Practice and Specialty (MD-PPAS), using oncologists’ primary tax ID. In panel (a), the y-axis shows the
50th percentile of specialization in an organization. In panel (b), the y-axis shows the 90th percentile of
specialization in an organization. In this panel, the sample is restricted to organizations with at least 5
oncologists. Specialization is measured using a Herfindahl-Hirschman Index (HHI) over the types of cancer
that an oncologist evaluated and managed in a year. The best fit line is plotted for the relationship between
size and the relevant percentile of specialization in an organization. Points and lines are plotted separately
for academic and non-academic organizations. Organization type is determined using tax ID names from
the MD-PPAS. See Section 3.3 and Appendix B.2 for discussion of the limitations of variables from the MD-
PPAS. Plotted points represent the mean value for organization size bins of width 5 and do not contain an
equal number of organizations. All physicians in the sample are hematologist-oncologists, medical oncologists,
or hematologists who saw at least 25 unique cancer patients in the year in a 20% sample of Medicare Part
B outpatient evaluation and management claims.
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Figure A.9: Physician level HHI declines with patient volume

(a) HHI by patient volume (1999)
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(c) HHI by patient volume (2019)
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Notes: Figure A.9 displays binned scatter plots of physician-level Herfindahl-Hirschman Index (HHI) by
patient volume. HHI is calculated using 11 random patients per physician in the yellow dots, 25 random
patients per physician in the red dots, and all observed patients in the blue dots. Figures A.9a, A.9b, show
the relationship for 1999, 2009 and 2019 respectively. Physician HHI is calculated within physician using
shares of time spent evaluating and managing different types of cancer. Time is proxied using the work
Relative Value Units for each evaluation and management HCPCS code. All physicians in the sample are
hematologist-oncologists, oncologists, or hem%@@gﬁﬁdiyhogsaw at least 11 unique cancer patients in the
year in a 20% sample of Medicare Part B outpatient evaluation and management claims.



Table A.1: The length of cancer treatment guidelines has increased substantially over time
for many types of cancer

Year 2002 2009 2014 2020
Site

Anus 9 22 32 55
Bladder 40 47 65 113
Brain and Spinal Cord 51 70 118 165
Breast 107 200 301 364
Cervix 24 31 67 86
Colorectal 38 145 217 355
Esophagus 19 48 125 154
Gastric and GE Junction 18 35 103 125
Head and Neck 86 116 182 233
Hodgkin’s Lymphoma 30 39 74 85
Kidney 14 20 35 64
Liver and Biliary Tree 32 35 110 151
Lung and Bronchus 68 107 188 294
Lymphocytic Leukemia 0 0 96 141
Mast Cell 0 0 0 67
Mediastinum 0 0 30 41
Mesothelioma 0 0 30 46
Multiple Myeloma 27 42 66 95
Myelodysplastic and Myeloproliferative Disorders 22 32 53 192
Myeloid Leukemia 71 83 168 218
NHL 49 155 471 658
Neuroendocrine 46 64 98 141
Occult 30 43 55 65
Ovary and Adnexa 26 44 83 371
Pancreas 23 55 109 160
Placenta 0 0 0 40
Prostate 40 7 120 230
Sarcoma, 56 92 196 281
Skin 58 82 144 465
Small Intestine 0 0 0 48
Testes 34 30 55 78
Thyroid 69 73 117 136
Uterus 42 45 81 108
All 1,129 1,832 3,589 5,825

Notes: Figure A.1 displays the page count of the first set of treatment guidelines in 2002, 2009, 2014, and
2020 from NCCN Guidelines. The NCCN considered the 2002 guidelines to be a “complete library” of
oncology guidelines (NCCN, 2023b). However, in the years since, they have added guidelines for additional
types of cancer.
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Table A.2: For ex-ante specialized oncologists, recentering procedure removes most correlation between exposure to knowledge
growth and physician characteristics

(1) (2) (3) (4)

Unadjusted exposure Remove physician Remove cancer Remove endpoint

to knowledge growth scope variation prevalence variation type variation

(Ak;) (Ak;) (Ak;) (Ak;)

Market population (millions) -29.35 -11.02 -5.809 -0.842
(4.901) (1.880) (1.596) (1.010)

Count oncologists at main org -1.143 -0.262 0.121 0.109
(0.288) (0.110) (0.0866) (0.0494)

Physician age 0.305 0.836 0.171 -0.484
(0.985) (0.422) (0.378) (0.246)

Patient Count 5.168 0.720 -0.302 -0.129
(0.352) (0.120) (0.115) (0.0816)

Observations 988 988 988 988
R-squared 0.286 0.090 0.019 0.012
Recentered Yes Yes Yes

Notes: This table shows the results of a regression of exposure to knowledge growth on observable physician characteristics for specialized oncologists.
Specialized oncologists are defined as oncologists in the top 25% of the specialization distribution in 2009, measured using a Herfindahl—Hirschman
Index (HHI) over types of cancer managed. The physician characteristics include the population of the physicians’ Hospital Referral Region in
millions, the number of other oncologists at the primary organization that they work at, and physicians’ patient volume in 2008. In Column 1, the
outcome variable is raw exposure to knowledge growth, measured as the total increase in guideline page counts for cancer types from 2009 to 2014 for
cancer types the physician managed in 2008. In Columns 2-4, the outcomes are increasingly recentered measures of exposure to knowledge growth. In
recentering, predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. In Column 2, predicted knowledge growth
is the same for each cancer and estimated as mean knowledge growth per cancer type, weighted by the number of physicians who treat that cancer.
In Column 3, the predicted knowledge growth for each type of cancer is estimated using on a Poisson regression of the number of Medicare patients
with the cancer types in 2008. Column 4 is similar, but predicted knowledge growth also adds indicator for if the cancer type has well-established
surrogate endpoints and the interaction between the number of Medicare patients and surrogate endpoints. The full recentering procedure removes
variation in exposure to knowledge growth that arises become some physicians have a broader scope and because some cancer types predictably have
more innovation. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who saw at least 25 unique cancer patients
in a 20% sample of Medicare Part B outpatient evaluation and management claims in 2008, 2009 and 2014. All regression standard errors are robust.
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Table A.3: For ex-ante less specialized oncologists, physician characteristics no longer correlate with exposure to knowledge
growth after recentering procedure

(1) (2) (3) (4)

Unadjusted exposure Remove physician Remove cancer Remove endpoint

to knowledge growth scope variation prevalence variation type variation

(Ak;) (Ak;) (Ak;) (Ak;)

Market population (millions) -3.707 -0.368 -0.0355 0.474
(1.371) (0.677) (0.758) (0.640)

Count oncologists at main org 0.00466 -0.0177 0.00903 0.000144
(0.0559) (0.0282) (0.0337) (0.0302)

Physician age -0.843 0.171 0.183 -0.0190
(0.282) (0.139) (0.161) (0.138)

Patient Count 3.635 0.0565 -0.238 0.000888
(0.0999) (0.0405) (0.0438) (0.0392)

Observations 2,960 2,960 2,960 2,960
R-squared 0.409 0.002 0.009 0.000
Recentered Yes Yes Yes

Notes: This table shows the results of a regression of exposure to knowledge growth on observable physician characteristics for ex-ante less specialized
oncologists. This group is defined as oncologists in the bottom 75% of the specialization distribution in 2009, measured using a Herfindahl—Hirschman
Index (HHI) over types of cancer managed. The physician characteristics include the population of the physicians’ Hospital Referral Region in millions,
the number of other oncologists at the primary organization they work at, and physicians’ patient volume in 2008. In Column 1, the outcome variable
is raw exposure to knowledge growth, measured as the total increase in guideline page counts for cancer types from 2009 to 2014 for cancer types
the physician managed in 2008. In Columns 2-4, the outcomes are increasingly recentered measures of exposure to knowledge growth. In recentering,
predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. In Column 2, predicted knowledge growth is the same
for each cancer and estimated as mean knowledge growth per cancer type, weighted by the number of physicians who treat that cancer. In Column 3,
the predicted knowledge growth for each type of cancer is estimated using on a Poisson regression of the number of Medicare patients with the cancer
types in 2008. Column 4 is similar, but predicted knowledge growth also adds indicator for if the cancer type has well-established surrogate endpoints
and the interaction between the number of Medicare patients and surrogate endpoints. The full recentering procedure removes variation in exposure
to knowledge growth that arises become some physicians have a broader scope and because some cancer types predictably have more innovation. All
physicians in the sample are hematologist-oncologists, oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of
Medicare Part B outpatient evaluation and management claims in 2008, 2009 and 2014. All regression standard errors are robust.
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Table A.4: Knowledge growth increases oncologist specialization in aggregate

Dependent Variable: HHI

(1) (2) (3) (4) (5) (6)
Knowledge Growth Restrict Add Age Add Market  Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE Size FE

Increase in Guideline Length (100 Pages) 71.95 71.95 71.62 87.93 88.79 89.36
(31.43)  (31.43) (31.41) (32.72) (32.71) (32.67)

Observations 3,931 3,931 3,931 3,931 3,931 3,931
R-squared 0.002 0.002 0.002 0.087 0.087 0.088
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Org Size FE Yes Yes
Pat Count Bin FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for all oncologists.
Specialization is measured using a Herfindahl-—Hirschman Index (HHI) over types of cancer managed. The measure of exposure to knowledge growth
is recentered to control for variation in physician scope and field expected knowledge growth. Column 1 shows the coefficient estimate for the
univariate regression. The regression standard errors are robust. Column 2 restricts the sample to physicians where we observe age, hospital referral
region (HRR) and the number of other oncologists at their primary organization. Columns 3, 4, and 5 add fixed effects for the physicians age group,
hospital referral region (HRR) and the number of other oncologists at their primary organization, respectively. In the recentered measure of exposure
to knowledge growth, predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge
growth is calculated as the total increase in the page count of NCCN Guidelines over 2009 to 2014 for the types of cancers a physician treats in 2008.
Predicted exposure is estimated based on the cancer types a physician treats in 2008 and the predicted, rather than realized, growth in knowledge
over the next five years. The predicted knowledge growth for each type of cancer is estimated based on a Poisson regression of the number of Medicare
patients with the cancer types in 2008, an indicator for if the cancer type has well-established surrogate endpoints, and the interaction of the two. All
physician characteristics are from the baseline year of 2008. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists
who saw at least 25 unique cancer patients in a 20% sample of Medicare Part B outpatient evaluation and management claims in 2008, 2009 and
2014.
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Table A.5: For specialized oncologists, knowledge growth does not significantly reduce the number of types of cancers managed

Dependent Variable: HHI

(1) (2) (3) (4) (5) (6)
Knowledge Growth Restrict Add Age Add Market  Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE Size FE

Increase in Guideline Length (100 Pages) -0.135  -0.135 -0.172 -0.197 -0.222 -0.248
(0.174)  (0.174) (0.174) (0.188) (0.188) (0.190)

Observations 924 924 924 924 924 924
R-squared 0.001 0.001 0.009 0.221 0.242 0.246
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Pat Count Bin FE Yes Yes
Org Size FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and the number of cancers managed for
specialized oncologists. Specialized oncologists are defined as oncologists in the top 25% of the specialization distribution in 2009, measured using
a Herfindahl—Hirschman Index (HHI) over types of cancer managed. The measure of exposure to knowledge growth is recentered to control for
variation in physician scope and field expected knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression
standard errors are robust. Column 2 restricts the sample to physicians where we observe age, hospital referral region (HRR) and the number of
other oncologists at the primary organization. Columns 3, 4, and 5 add fixed effects for the physicians age group, HRR and the number of other
oncologists at their primary organization, respectively. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge
growth is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page count
of NCCN Guidelines over 2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types
a physician treats in 2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for
each type of cancer is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if
the cancer type has well-established surrogate endpoints, and the interaction of the two. All physicians in the sample are hematologist-oncologists,
oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of Medicare Part B outpatient evaluation and management
claims in 2008, 2009 and 2014.
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Table A.6: For less specialized oncologists, knowledge growth reduces the number of types of cancers managed

Dependent Variable: HHI

(1) (2) (3) (4) (5) (6)
Knowledge Growth Restrict Add Age Add Market Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE Size FE

Increase in Guideline Length (100 Pages) -0.182  -0.182 -0.180 -0.236 -0.244 -0.236
(0.0909) (0.0909)  (0.0908) (0.0935) (0.0937)  (0.0935)

Observations 2,937 2,937 2,937 2,937 2,937 2,937
R-squared 0.001 0.001 0.022 0.160 0.178 0.180
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Pat Count Bin FE Yes Yes
Org Size FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and the number of cancers managed for
ex-ante less specialized oncologists. This group is defined as oncologists in the bottom 75% of the specialization distribution in 2008, measured
using a Herfindahl—Hirschman Index (HHI) over types of cancer managed. The measure of exposure to knowledge growth is recentered to control
for variation in physician scope and field expected knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The
regression standard errors are robust. Column 2 restricts the sample to physicians where we observe age, hospital referral region (HRR) and the
number of other oncologists at their primary organization. Columns 3, 4, and 5 add fixed effects for the physicians age group, hospital referral region
(HRR) and the number of other oncologists at their primary organization, respectively. In the recentered measure of exposure to knowledge growth,
predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as
the total increase in the page count of NCCN Guidelines over 2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure
is estimated based on the cancer types a physician treats in 2008 and the predicted, rather than realized, growth in knowledge over the next five
years. The predicted knowledge growth for each type of cancer is estimated based on a Poisson regression of the number of Medicare patients with
the cancer types in 2008, an indicator for if the cancer type has well-established surrogate endpoints, and the interaction of the two. All physician
characteristics are from the baseline year of 2008. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who saw at
least 25 unique cancer patients in a 20% sample of Medicare Part B outpatient evaluation and management claims in 2008, 2009 and 2014.
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Table A.7: For oncologists in aggregate, knowledge growth may reduce the number of types of cancers managed

Dependent Variable: HHI

(1) (2) (3) (4) (5) (6)
Knowledge Growth Restrict Add Age Add Market Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE Size FE

Increase in Guideline Length (100 Pages) -0.145 -0.145 -0.156 -0.213 -0.233 -0.233
(0.0801) (0.0801)  (0.0798) (0.0817) (0.0812)  (0.0813)

Observations 3,931 3,931 3,931 3,931 3,931 3,931
R-squared 0.001 0.001 0.018 0.143 0.164 0.164
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Pat Count Bin FE Yes Yes
Org Size FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and the number of cancers managed for
specialized oncologists. Specialized oncologists are defined as oncologists in the top 25% of the specialization distribution in 2009, measured using
a Herfindahl—Hirschman Index (HHI) over types of cancer managed. The measure of exposure to knowledge growth is recentered to control for
variation in physician scope and field expected knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression
standard errors are robust. Column 2 restricts the sample to physicians where we observe age, hospital referral region (HRR) and the number of
other oncologists at the primary organization. Columns 3, 4, and 5 add fixed effects for the physicians age group, HRR and the number of other
oncologists at their primary organization, respectively. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge
growth is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page count
of NCCN Guidelines over 2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types
a physician treats in 2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for
each type of cancer is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if
the cancer type has well-established surrogate endpoints, and the interaction of the two. All physician characteristics are from the baseline year of
2008. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who saw at least 25 unique cancer patients in a 20%
sample of Medicare Part B outpatient evaluation and management claims in 2008, 2009 and 2014.
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Table A.8: Knowledge growth increases specialization among specialized oncologists after raising patient count threshold for
exposure to knowledge growth but not when restricting to new patient visits

Dependent Variable: HHI
(1) (2) (3) (4)

Increase in Guideline Length (100 Pages) 196.0 186.0 310.7 -20.22

(79.81) (86.76) (109.5) (162.5)
Observations 988 988 988 326
R-squared 0.007 0.004 0.008 0.000
Min Pat Count per Field 1 2 3 1
HHI Sample All pat All pat All pat All pat
Claims Outpatient EM  Outpatient EM  Outpatient EM New EM
Min Pat Count per Doc 25 25 11

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the top 25% of the initial specialization distribution. Specialization is measured using a Herfindahl—Hirschman Index (HHI) over
types of cancer managed. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the baseline univariate regression. Column 2 and 3 raise the minimum patient count to be considered to be
exposed to a cancer type in the baseline year. Column 4 restricts the sample to new evaluation and management claims (versus all evaluation and
management claims) and lowers the threshold for a physician to be included in the sample to 11 patients per year. Column 5 restricts the sample to
outpatient evaluation and management claims. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth
is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page count of
NCCN Guidelines over 2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a
physician treats in 2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for
each type of cancer is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for
if the cancer type has well-established surrogate endpoints, and the interaction of the two. Unless otherwise specified, all physicians in the sample
are hematologist-oncologists, medical oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of Medicare Part B
outpatient evaluation and management claims in 2008, 2009 and 2014.
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Table A.9: Knowledge growth does not increase specialization among less specialized oncologists after raising patient count
threshold for exposure to knowledge growth or when restricting to new patient visits

Dependent Variable: HHI
(1) (2) (3) (4)

Increase in Guideline Length (100 Pages) 50.57 7.200 8.637 68.64

(31.32) (32.01) (34.67) (67.85)
Observations 2,962 2,962 2,962 978
R-squared 0.001 0.000 0.000 0.001
Min Pat Count per Field 1 2 3 1
HHI Sample All pat All pat All pat All pat
Claims Outpatient EM  Outpatient EM  Outpatient EM New EM
Min Pat Count per Doc 25 25 11

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the lower 75% of the initial specialization distribution. Specialization is measured using a Herfindahl—Hirschman Index (HHI) over
types of cancer managed. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the baseline univariate regression. Column 2 and 3 raise the minimum patient count to be considered to be
exposed to a cancer type in the baseline year. Column 4 restricts the sample to new evaluation and management claims (versus all evaluation and
management claims) and lowers the threshold for a physician to be included in the sample to 11 patients per year. Column 5 restricts the sample to
outpatient evaluation and management claims. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth
is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page count of
NCCN Guidelines over 2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a
physician treats in 2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for
each type of cancer is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for
if the cancer type has well-established surrogate endpoints, and the interaction of the two. Unless otherwise specified, all physicians in the sample
are hematologist-oncologists, medical oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of Medicare Part B
outpatient evaluation and management claims in 2008, 2009 and 2014.
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Table A.10: Knowledge growth, measured using guideline citations, increases specialization for oncologists in the top 25% of

the initial specialization distribution

Dependent Variable: HHI

(1)

(2) (3)

(4)

(5)

(6)

Knowledge Growth Restrict Add Age Add Market Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE  Size FE

Increase in Guideline Citations (100 Citations) 64.91 69.41 70.88 84.97 85.27 83.76
(18.49) (18.83)  (18.89) (21.37)  (21.45)  (21.61)

Observations 988 924 924 924 924 924
R-squared 0.014 0.016 0.017 0.182 0.187 0.188
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Org Size FE Yes Yes
Pat Count Bin FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the top 25% of the initial specialization distribution. Specialization is measured using a Herfindahl—Hirschman Index (HHI) over
types of cancer managed. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression standard errors are robust. Column 2 restricts
the sample to physicians where we observe age, hospital referral region (HRR) and the number of other oncologists at their primary organization.
Columns 3, 4, and 5 add fixed effects for the physicians age group, hospital referral region (HRR) and the number of other oncologists at their primary
organization, respectively. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth is subtracted from
raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the count of guideline citations over
2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician treats in
2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer
is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer type has
well-established surrogate endpoints, and the interaction of the two. All physician characteristics are from the baseline year of 2008. All physicians in
the sample are hematologist-oncologists, oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of Medicare Part
B outpatient evaluation and management claims in 2008, 2009 and 2014.



0¢ - xtpuaddy

Table A.11: Knowledge growth, measured using guideline citations, increases specialization for oncologists in the bottom 75%

of the initial specialization distribution

Dependent Variable: HHI

(1)

(2) (3)

(4)

(5)

(6)

Knowledge Growth Restrict Add Age Add Market Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE  Size FE

Increase in Guideline Citations (100 Citations) 15.62 16.58 16.60 19.26 18.94 18.64
(7.250)  (7.263) (7.268) (7.785) (7.770) (7.742)

Observations 2,962 2,937 2,937 2,937 2,937 2,937
R-squared 0.002 0.002 0.002 0.108 0.108 0.110
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Org Size FE Yes Yes
Pat Count Bin FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the bottom 75% of the initial specialization distribution. Specialization is measured using a Herfindahl—Hirschman Index (HHI) over
types of cancer managed. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression standard errors are robust. Column 2 restricts
the sample to physicians where we observe age, hospital referral region (HRR) and the number of other oncologists at their primary organization.
Columns 3, 4, and 5 add fixed effects for the physicians age group, hospital referral region (HRR) and the number of other oncologists at their primary
organization, respectively. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth is subtracted from
raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the count of guideline citations over
2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician treats in
2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer
is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer type has
well-established surrogate endpoints, and the interaction of the two. All physician characteristics are from the baseline year of 2008. All physicians in
the sample are hematologist-oncologists, oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of Medicare Part
B outpatient evaluation and management claims in 2008, 2009 and 2014.
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Table A.12: Knowledge growth, measured using guideline citations, increases oncologist specialization in aggregate

Dependent Variable: HHI

(1)

(2)

(3)

(4)

(5)

(6)

Knowledge Growth Restrict Add Age Add Market  Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE Size FE

Increase in Guideline Citations (100 Citations) 26.46 26.28 26.23 29.94 30.28 30.25
(7.281)  (7.312) (7.317) (7.720) (7.728) (7.721)

Observations 3,950 3,931 3,931 3,931 3,931 3,931
R-squared 0.004 0.004 0.004 0.089 0.089 0.090
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Org Size FE Yes Yes
Pat Count Bin FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for all oncologists.
Specialization is measured using a Herfindahl—Hirschman Index (HHI) over types of cancer managed. The measure of exposure to knowledge growth
is recentered to control for variation in physician scope and field expected knowledge growth. Column 1 shows the coefficient estimate for the
univariate regression. The regression standard errors are robust. Column 2 restricts the sample to physicians where we observe age, hospital referral
region (HRR) and the number of other oncologists at their primary organization. Columns 3, 4, and 5 add fixed effects for the physicians age group,
hospital referral region (HRR) and the number of other oncologists at their primary organization, respectively. In the recentered measure of exposure
to knowledge growth, predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge
growth is calculated as the total increase in the count of guideline citations over 2009 to 2014 for the types of cancers a physician treats in 2008.
Predicted exposure is estimated based on the cancer types a physician treats in 2008 and the predicted, rather than realized, growth in knowledge
over the next five years. The predicted knowledge growth for each type of cancer is estimated based on a Poisson regression of the number of Medicare
patients with the cancer types in 2008, an indicator for if the cancer type has well-established surrogate endpoints, and the interaction of the two. All
physician characteristics are from the baseline year of 2008. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists
who saw at least 25 unique cancer patients in a 20% sample of Medicare Part B outpatient evaluation and management claims in 2008, 2009 and
2014.
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Table A.13: Knowledge growth, recentered using cancer incidence instead of prevalence, increases specialization for oncologists
in the top 25% of the initial specialization distribution

Dependent Variable: HHI

(1) (2) (3) (4) (5) (6)
Knowledge Growth Restrict Add Age Add Market  Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE Size FE

Increase in Guideline Length (100 Pages) 243.7 243.7 251.1 283.1 285.7 276.5
(82.54)  (82.54) (82.91) (90.74) (91.71) (93.01)

Observations 924 924 924 924 924 924
R-squared 0.010 0.010 0.012 0.174 0.179 0.180
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Org Size FE Yes Yes
Pat Count Bin FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the top 25% of the initial specialization distribution. Specialization is measured using a Herfindahl—Hirschman Index (HHI) over
types of cancer managed. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression standard errors are robust. Column 2 restricts
the sample to physicians where we observe age, hospital referral region (HRR) and the number of other oncologists at their primary organization.
Columns 3, 4, and 5 add fixed effects for the physicians age group, hospital referral region (HRR) and the number of other oncologists at their primary
organization, respectively. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth is subtracted from
raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the count of guideline citations over
2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician treats in 2008
and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer is
estimated based on a Poisson regression of the incidence of cancer types in Medicare in 2008, an indicator for if the cancer type has well-established
surrogate endpoints, and the interaction of the two. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who saw
at least 25 unique cancer patients in a 20% sample of Medicare Part B outpatient evaluation and management claims in 2008, 2009 and 2014.



€¢ - xipuaddy

Table A.14: Knowledge growth, recentered using cancer incidence instead of prevalence, increases specialization for oncologists
in the bottom 75% of the initial specialization distribution

Dependent Variable: HHI

(1) (2) (3) (4) (5) (6)
Knowledge Growth Restrict Add Age Add Market  Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE Size FE

Increase in Guideline Length (100 Pages) 60.78 60.78 60.66 73.76 72.74 72.42
(32.03)  (32.03) (32.02) (33.57) (33.43) (33.33)

Observations 2,937 2,937 2,937 2,937 2,937 2,937
R-squared 0.001 0.001 0.002 0.108 0.108 0.110
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Org Size FE Yes Yes
Pat Count Bin FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the bottom 75% of the initial specialization distribution. Specialization is measured using a Herfindahl—Hirschman Index (HHI) over
types of cancer managed. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression standard errors are robust. Column 2 restricts
the sample to physicians where we observe age, hospital referral region (HRR) and the number of other oncologists at their primary organization.
Columns 3, 4, and 5 add fixed effects for the physicians age group, hospital referral region (HRR) and the number of other oncologists at their primary
organization, respectively. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth is subtracted from
raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the count of guideline citations over
2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician treats in 2008
and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer is
estimated based on a Poisson regression of the incidence of a cancer type in Medicare in 2008, an indicator for if the cancer type has well-established
surrogate endpoints, and the interaction of the two. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who saw
at least 25 unique cancer patients in a 20% sample of Medicare Part B outpatient evaluation and management claims in 2008, 2009 and 2014.
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Table A.15: Knowledge growth, recentered using cancer incidence instead of prevalence, increases oncologist specialization in
aggregate

Dependent Variable: HHI

(1) (2) (3) (4) (5) (6)
Knowledge Growth Restrict Add Age Add Market Add Pat Add Org

Recentered (Ak;)  Sample FE FE Count FE Size FE

Increase in Guideline Length (100 Pages) 83.32 83.32 82.92 100.1 102.0 102.2
(32.04)  (32.04) (32.02) (33.40) (33.38) (33.33)

Observations 3,931 3,931 3,931 3,931 3,931 3,931
R-squared 0.002 0.002 0.002 0.087 0.087 0.088
Age FE Yes Yes Yes Yes
Market FE Yes Yes Yes
Org Size FE Yes Yes
Pat Count Bin FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for all oncologists.
Specialization is measured using a Herfindahl—Hirschman Index (HHI) over types of cancer managed. The measure of exposure to knowledge growth
is recentered to control for variation in physician scope and field expected knowledge growth. Column 1 shows the coefficient estimate for the
univariate regression. The regression standard errors are robust. Column 2 restricts the sample to physicians where we observe age, hospital referral
region (HRR) and the number of other oncologists at their primary organization. Columns 3, 4, and 5 add fixed effects for the physicians age group,
hospital referral region (HRR) and the number of other oncologists at their primary organization, respectively. In the recentered measure of exposure
to knowledge growth, predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge
growth is calculated as the total increase in the count of guideline citations over 2009 to 2014 for the types of cancers a physician treats in 2008.
Predicted exposure is estimated based on the cancer types a physician treats in 2008 and the predicted, rather than realized, growth in knowledge
over the next five years. The predicted knowledge growth for each type of cancer is estimated based on a Poisson regression of the incidence of a
cancer type in Medicare in 2008, an indicator for if the cancer type has well-established surrogate endpoints, and the interaction of the two. All
physicians in the sample are hematologist-oncologists, oncologists, or hematologists who saw at least 25 unique cancer patients in a 20% sample of
Medicare Part B outpatient evaluation and management claims in 2008, 2009 and 2014.



Table A.16: Median and 90th percentile of specialization by organization size in 2008

(1) (2) (3) (4)
Median HHI 90th Pct Median HHI  90th Pct HHI
Academic Academic Non-academic Non-academic

Organization Size 42.18 52.89 1.574 10.66

(8.602) (8.927) (2.096) (5.719)
Observations 143 116 1,428 386
R-squared 0.129 0.171 0.000 0.012
Minimum Org Size 1 ) 1 )
Standard Errors Robust Robust Robust Robust

Notes: Table A.16 shows regressions of oncologist specialization on organization size by organization type in
2008. In Column 1, the outcome is the 50th percentile of oncologist specialization in academic organizations.
In Column 2, the outcome is the 90th percentile of oncologist specialization in academic organizations with
at least 5 other oncologists in the sample. In Column 3, the outcome is the 50th percentile of oncologist
specialization in non-academic organizations. In Column 4, the outcome is the 90th percentile of oncologist
specialization in non-academic organizations with at least 5 other oncologists in the sample. Organization
size is estimated as the number of oncologists with at least 25 patients at the organization’s tax ID in the
2008 Medicare Data on Provider Practice and Specialty (MD-PPAS), using oncologists’ primary tax ID.
Organization type is determined using tax ID names from the MD-PPAS. See Section 3.3 and Appendix B.2
for discussion of the limitations of variables from the MD-PPAS. Oncologist specialization is measured using
a Herfindahl-Hirschman Index (HHI) over the types of cancer that the oncologist evaluated and managed in
that year. All physicians in the sample are hematologist-oncologists, medical oncologists, or hematologists
who saw at least 25 unique cancer patients in the year in a 20% sample of Medicare Part B outpatient
evaluation and management claims data.
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B Data Appendix

This appendix provides additional detail and discussion about data construction. Section
B.1 provides details and examples about the construction of the custom groupings for cancer
diagnosis codes. Section B.2 provides details and examples about the construction of the

indicator for academic status for physicians.

B.1 Cancer Groupings

I create a set of custom diagnosis code groupings that align with how cancers are grouped
in NCCN Guidelines. This section discusses why and how I create these custom groupings.
The code and mappings to create these groupings can be freely shared upon request.

I created this grouping because ICD-9 diagnosis codes are too granular to be used directly
as types of cancer treated. For example, they contain separate codes for breast cancer in the
right breast versus the left breast. I wish to group these into the category of “breast cancer”
to align with the NCCN Guidelines for breast cancer treatment.

To create the grouping, I start with a list of cancer diagnosis codes from the Clinical
Classification Software (CCS). The CCS also has groupings to the level of cancer type, but
these groupings have several challenges that I rectify with the custom grouping. First, I
drop the CCS diagnosis codes for cancer treatment and consider only those for specific types
of cancer. Second, I make the groupings more specific. For example, the CCS groupings
classify colon cancer of “unknown behavior” as an “unknown” cancer type. I re-classify this
as colon cancer. Third, I make the custom grouping more granular to align with the NCCN
Guidelines. For example, I divide the CCS category of “Leukemia” into “Myeloid Leukemia”
and “Lymphocytic Leukemia” (NCCN Guidelines are even further split by acute and chronic
within each subtype of leukemia). Lastly, I rearrange groupings that are misaligned with
clinical groupings. For example, the CCS groupings group rectal cancer with anal cancer.

However, NCCN Guidelines group rectal cancer with colon cancer. The custom grouping
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follows the NCCN Guidelines’ approach, with a single category for colon and rectal cancer.

Notably, cancer groupings in NCCN Guidelines have become more granular over time. I
group NCCN Guidelines together to form cancer type groups, defaulting to the broadest (and
typically oldest) grouping seen in NCCN Guidelines. For example, the NCCN Guidelines
contain a single set of guidelines for “Non-Hodgkins'Lymphoma” through 2016. After 2016,
these guidelines are divided into separate guidelines for B-cell lymphomas, T-cell lymphomas,
Lymphoplasmacytic Lymphomas, and others. I group all of these into single category of
Non-Hodgkins'Lymphoma in order to have a stable grouping over time.

I also group screening and diagnosis NCCN Guidelines with treatment NCCN Guidelines
where relevant when counting guidelines lengths and citation counts. For most cancers, all
types of recommendations are in a single guideline. However, breast and prostate cancer
have separate NCCN Guidelines for screening and diagnosis than for treatment. I group all
types of NCCN Guidelines for breast cancer and all types of NCCN Guidelines for prostate
cancer together. This grouping ensure breast and prostate cancer measures of length are
analogous to the measures for other types of cancers.

These mappings are based on ICD-9 codes. In mid-2015, the claims data switches from
ICD-9 to ICD-10 codes. From 2015 onwards, I map from ICD-10 to ICD-9 codes, then to
the custom cancer grouping.

Notably, the ICD-based groupings are based on the anatomical origin of the tumor,
which mirrors the first-order dimension of cancer subtyping. For example, breast cancers
are cancers where the origin tumor site is the breast, regardless of where the cancer has
spread. Within each anatomical origin, there are further subclassifications along numerous
other dimensions, e.g., stage and biomarkers. I cannot observe these other dimensions in
the diagnosis codes. However, I do not need to observe them as NCCN Guidelines are also
organized based on the anatomical origin of tumors.

In addition, I am reassured that anatomic origin is the appropriate high-level grouping

because NCCN Guidelines are also organized anatomically. This observation suggests that
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the grouping of cancer types aligns with how the field of oncology initially categorizes cancer
(there are many dimensions of additional subtyping by size, spread, biomarkers, and other
features). This anatomical approach also aligns with how sub-specialized oncologists at the
University of Chicago describe their focus area, i.e., using anatomic designations such as

“breast cancer oncologist”, “GI oncologists”, or “thoracic oncologist”.

B.2 Labeling Academic Physicians

This section discusses how I labeled physicians as academic or non-academic. The resulting
measure of academic status is a broadly inclusive proxy of academic status rather than a
definitive measure. These limitations arise from the inherent challenges of binarizing the
diversity of organizational arrangements in oncology and the limitations of the data. I detail
the process below, which broadly emulates the approach from Welch and Bindman (2016).

I use the Medicare Data on Provider Practice and Specialty (MD-PPAS) from 2008 to
proxy academic status. The data contains the name associated with the tax ID number from
which the physician billed the most services in 2008. I assign academic status based on the
name of this tax ID number.

A tax ID name must meet at least one of several possible criteria to be categorized
as academic. The tax ID is considered academic if it contains the name of a recognizable
academic institution or other words that signal academic status (e.g. “university”, “college”).
I also consider a tax ID to be academic if its name matches the state and name of record
for an academic institution’s physician group. I also consider a tax ID to be academic if the
institution named was affiliated with an academic center or university on its website as of
May 2024, the time when this determination of academic status was made. I use affiliation
in May 2024 rather than 2008 as I have more limited tools to determine past affiliation
status. Finally, I also consider a tax ID number to be academic if the institution named
has a Hematology-Oncology fellowship training program, even if it is not affiliated with a

university.
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The resulting measure of academic status is broadly inclusive. For example, satellite
locations of the Mayo Clinic in Florida and Arizona are counted as academic, as are regional
affiliates of Memorial Sloan Kettering Cancer Center. Similarly, the Northshore University
Health System is labeled as academic since its name contains the phrase “University” and
is currently affiliated with the University of Chicago. This measure of academic status pri-
oritizes sensitivity (including all plausibly academic physicians) over specificity (definitively

excluding all non-academic physicians from the label of “academic”).
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C Measurement Error in Physician Specialization

This section discusses measurement error in the main outcome variable, physician special-
ization. Estimated physician specialization has measurement error with a positive expected
value. Fortunately, the recentering procedure used in the main estimates removes the correla-
tion of this measurement error with the treatment variable (exposure to knowledge growth).

As an additional set of robustness checks, I replicate the key descriptive and regression re-
sults with a measure of specialization (H HI ;) and recentered exposure to knowledge growth
(A/;:Z) calculated over 25 random patients per physician instead of all observed patients.
This approach inflates measurement error for all physicians who see over 25 patients, but
particularly so for high-volume physicians, equalizing measurement error across physicians.
With this change, the time trends in specialization (Appendix Figure A.5a) are somewhat
attenuated but show a similar rise in top specialization as Figure 3. With the additional mea-
surement error, the estimates of the effect of knowledge growth on specialization (Appendix

Tables 7?7, 7?7, and ??) are noisy and unstable.

C.1 Measurement Error in Exposure to Knowledge Growth

Recall that I do not observe all patients nationally but rather a 20% sample of patients
enrolled in Medicare Part B. Not observing all patients may lead to measurement error in
exposure to knowledge growth, both unadjusted (Ak;) and recentered (Ak;). A key concern
is that the degree of finite-sample measurement error is correlated with a physician’s patient
volume (i.e. how finite the sample is). Fortunately, patient volume is balanced across the
recentered measure of exposure to knowledge growth, Ak; (recall Table 5), which implies
that the degree of finite-sample measurement error is uncorrelated with the main treatment

variable.
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C.2 Measurement Error in Physician Specialization

Measurement error occurs because I observe only a subset of the patients a physician treats
in a year. Recall that physician specialization is measured by a Herfindahl-Hirschman Index
(HHI) over the shares of time that an oncologist spends managing each type of cancer:
HHI; =10,000 ), (%) 2. The estimated value of H HI; will be biased upwards on average
in a finite subsample of patients. To illustrate, suppose physician ¢ has H HI; = 2500 when
calculated over all patients. Suppose I observe only one patient; mechanically, I will estimate
that HHI; = 10000. Suppose, I observe only two patients; mechanically, the minimum HHI
I could estimate is HHI; = 5000. As the number of patients increases, the expected value of
HHI, approaches HHI; from above. Recall that I observe only a 20% sample of Medicare
patients treated by a physician rather than all patients. As such, I estimate H HI; with finite
sample measurement error. This measurement error will be larger for low-volume physicians
and decline as patient volume increases.

Figure A.9 demonstrates that HHI; declines with volume and that some of the decline
is attributable to decreases in measurement error. I plot mean H HI, by patient volume in
1999, 2009, and 2019. H HI, declines with volume in all three years. How much of this
decline comes from reductions in measurement error, and how much reflects real specializa-
tion among low-volume physicians? For example, the observed relationship could reflect real
specialization differences if low-volume physicians tend to be academic sub-specialists who
spend half their time treating one type of cancer and half their time researching that cancer.

To distinguish between measurement error and real differences in specialization, I also
plot H HI; estimated with 11 and 25 random patients per doctor.

Using a random subset of patients inflates the finite sample measurement error for physi-
cians who see more than that number of patients a year so that H HI, is measured with an
equal degree of error regardless of observed physician volume.

There are several key findings.

First, small sample noise is not mean zero. The average HHI calculated with 11 patients
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is consistently higher than the average HHI calculated with 25 patients. This HHI is again
higher than average HHI calculated with all observed patients. Second, using at least 25
patients removes the majority of the mean difference in HHI between using 11 patients and
all observed patients. Third, the relationship between volume and HHI changes over time.
In 1999, low-volume and high-volume doctors have similar HHIs once I measure HHI with
25 patients for everyone. This pattern suggests that the decline in HHI with volume is
largely a product of volume-dependent measurement error. However, in 2009 and 2019, HHI
does decline with volume, even after equalizing volume-dependent measurement error. This
pattern implies that specialists are genuinely lower-volume physicians in more recent years.

Next, I consider the impact of volume-dependent measurement error on my main iden-
tification strategy. A key concern for estimation is that patient volume, and therefore mea-
surement error in specialization, is correlated with the treatment variable, creating omitted
variables bias in the main regression estimates. Table 5 shows that the raw measure of expo-
sure to knowledge growth is correlated with patient volume and, therefore, likely correlated
with measurement error. Fortunately, the recentering procedure removes the correlation
between exposure to knowledge growth and physician volume and, therefore, measurement
error. If so, non-zero measurement error should not contribute to omitted variables bias in
the main specifications. In addition, the main regression results are robust to adding fixed
effects for patient volume (Tables 6 and 7), suggesting that patient volume, and therefore

volume-dependent measurement error, is not a source of omitted variables bias.

C.3 Effect of equalizing volume-dependent measurement error in

main results

Next, I investigate the impact of volume-dependent measurement error on the main findings.
To do so, I replicate the key descriptive and regression results with a measure of specialization
(HHI;) and recentered exposure to knowledge growth (Ak;) calculated over 25 random

patients per physician instead of all observed patients. This approach inflates measurement
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error for high-volume physicians and thus equalizes measurement error across low- and high-
volume physicians.

First, I consider the impact on the observed trends over time in specialization. Figure
A.5a plots the distribution of HHI over time, similar to figure 3, but calculates HHI using only
25 random patients per physician rather than all patients. The overall patterns are essentially
unchanged. The 10th through 75th percentiles of specializations are largely flat or declining.
The 90th percentile of specialization increases substantially over time, consistent with rising
top specialization.

Finally, I replicate the main regressions using only 25 patients per physician. Table 77
shows the regression of exposure to knowledge growth on specialization for ex-ante specialized
physicians. Column 1 shows the regression with exposure to knowledge growth calculated
using only 25 random patients. Column 2 shows the regression with H HI,; calculated using
only 25 random patients. Column 3 shows the regression with both exposure to knowledge
growth and H HI; calculated using only 25 random patients. The estimated effects are similar
to the main results, with the same direction and positive magnitude. Table 7?7 shows the
same results for ex-ante generalist physicians. The estimates are all indistinguishable from
zero, as in the main results. The similar estimates suggest that measurement error does not

substantively impact or change the central findings.
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