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Abstract

This paper investigates how expert workers respond to knowledge growth. Medical

oncology has seen rapid growth in knowledge: cancer treatment guidelines grew more

than fivefold between 2002 and 2020. I estimate how oncologists’ specialization responds

to knowledge shocks using unexpected growth in the guidelines for the cancer types

they treat. Less specialized oncologists did not become meaningfully more specialized,

either over time or in response to knowledge shocks. In contrast, the most specialized

oncologists became more specialized over time, but the estimates neither confirm nor rule

out that knowledge shocks contributed to this rise. The highest levels of specialization are

concentrated in large markets and large academic organizations. Median specialization

among oncologists, however, is low and changes little with market or organization size

outside academic medicine, consistent with limited returns to specialization for the

typical oncologist. More specialized oncologists increasingly prescribe newer drugs and

have more experience with each drug they prescribe than less specialized oncologists,

suggesting a growing gap in technology adoption and quality of care. Specialization

therefore appears under-rewarded, yielding limited private returns despite potential

gains for patients.
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1 Introduction

Many disciplines, including computer science, molecular biology, and medicine, have ex-

perienced rapid expansion in their knowledge bases, accompanied by the proliferation of

specialized subfields. Expert workers 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

possible 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 flexibility

to specialize due to organizational or market constraints. In such cases, experts face a

dilemma: either bear the growing costs of maintaining expertise across multiple domains or

risk falling behind the frontier.

This paper investigates how expert workers respond to knowledge growth in the context

of medical oncology. 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. Some oncologists informally subspecialize and treat only select types of

cancers while others remain in a “general” oncologic practice. For both types of oncologists,

their practice centers on complex cognitive and communicative tasks, and they are primarily

consumers, not producers, of scientific knowledge (Taylor, 2004; Jain et al., 2019; Schlafly

and Sebro, 2022).

Despite these significant initial investments in human capital, oncologists must learn

continually 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 disease burden fuels innovation and rapid

knowledge growth. One article in a popular science magazine observed that “incorporating

this torrential evolution of knowledge is an impossible, Sisyphean task” (Wallis, 2022).
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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 oncology

setting, therefore, provides a rich context in which to measure rapid 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 paper, changes in guideline length and

citation counts proxy for the expansion of clinically relevant knowledge. A principal advantage

of these measures is that they reflect the operational body of knowledge that oncologists

must engage with in their daily practice.

Section 4 provides evidence of substantial growth in oncology-related knowledge. Between

2002 and 2020, the total number of pages in NCCN screening and treatment guidelines

increased from 1,105 to 5,581 pages. This expansion corresponds closely with an increase in

guideline citations to the biomedical literature, the vast majority of which do not overlap

across cancer types. It also coincides with substantial growth in the 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 measure annual spe-

cialization at the physician level using a 21-year panel of Medicare claims. Specialization is

measured using the Herfindahl–Hirschman Index (HHI) over the time an oncologist spends

managing different cancer types, so a higher HHI reflects a narrower scope of practice. The

median and the highest levels of specialization have moved in different directions over time.

Highly specialized oncologists have become increasingly specialized. In contrast, the median

oncologist has become, if anything, more general over time and has treated a mix of cancers

about as diverse as the cancers in the overall patient population.

2



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

a physician-level measure of exposure to knowledge growth. The measure is the cumulative

increase in guideline length across the cancer types treated by the oncologist in a baseline

year. For example, if a physician treats kidney and lung cancer, and each guideline expands

by 20 pages, the physician is exposed to 40 pages of knowledge growth. This metric combines

two sources of variation: variation in the sets of cancer types that physicians treat and in the

rates of knowledge growth across cancer types.

However, this measure of exposure to knowledge growth may suffer from omitted variable

bias, as physicians’ choice of cancer types to treat may not be random. To address this,

I apply a recentering procedure adapted from Borusyak and Hull (2023). The procedure

removes predictable variation in exposure to knowledge growth based on the number and

characteristics of the cancer types a physician treats. The residual variation is interpreted

as exposure to “unpredictable” knowledge shocks (e.g., success in clinical trials or discovery

of novel molecular targets). The procedure allows physicians’ choice of cancer types to be

non-random without threatening identification, as long as the cancer-level knowledge shocks

are unrelated to other factors that drive specialization. Reassuringly, this procedure also

removes the joint correlation between exposure to knowledge shocks and observable physician

confounders such as market size and organization size.

I examine how oncologists respond when exposed to unexpected knowledge shocks. This

is done separately by initial level of specialization because the median and the highest levels

of specialization moved in different directions over time. I find that oncologists who start

out more general specialize little or no more when exposed to larger knowledge shocks. The

estimated effect of a one standard deviation rise in exposure to knowledge growth is an

increase in HHI of 0.03 standard deviations, and the data rule out increases larger than 0.09

standard deviations. More general oncologists also do not meaningfully narrow the set of

cancer types they treat: the data rule out dropping even one cancer type for a two standard

deviation rise in exposure to knowledge growth. In contrast, for oncologists who start out
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more specialized, the data neither confirm nor rule out a meaningful specialization response to

knowledge growth. Although the estimated effect of knowledge shocks is small (0.03 standard

deviations) and not statistically distinguishable from zero, the data cannot rule out increases

in HHI as large as 0.22 standard deviations for a one standard deviation rise in exposure to

knowledge growth.

More general oncologists, who typically work outside academic organizations, appear

to face persistent barriers to specialization that are not reduced by larger organizations or

markets. Overall, median specialization remains nearly flat with respect to market size. In

non-academic settings, specialization also does not increase with organization size. Price

incentives for producing high-quality care are weak: during the study period, Medicare paid

only for quantity of care, not quality. Specializing may do little to attract additional patients:

most patients do not see an oncologist who specializes in their cancer type, even when one

practices nearby. These findings suggest that, for the majority of oncologists, the returns to

specialization are low or the costs prohibitively high.

In contrast, specialization is concentrated among oncologists in large academic organiza-

tions (academic medical centers and their affiliates) and in large markets. Within academic

organizations, specialization rises steeply with organization size. Moreover, the highest levels

of specialization within a market scale with market size, and this relationship has steepened

over time. Consequently, geographic disparities in access to highly specialized care have

grown, implying increasing market-level economies of scale in oncology. Outside the largest

markets, most cancer types have too few patients to support a fully specialized oncologist.

Given the growing dispersion in specialization, an important question arises: does special-

ization 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

newer cancer therapies, including breakthrough drugs. The differences in drug experience

and drug age have widened over time, suggesting that specialization is increasingly associated
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with higher-quality care.

This paper contributes to the economics literature on innovation, healthcare, and special-

ization. The paper offers a novel measure of knowledge growth based on guideline evolution, a

more comprehensive and clinically relevant alternative to counts of drug approvals or patents.

Recent medical literature has documented that NCCN Guidelines for four common cancers

have grown longer and include more citations over time (Kann 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, drug approvals and patents have

proxied for innovation (Glied and Lleras-Muney, 2008; Alcacer and Gittelman, 2006; Roach

and Cohen, 2013). In contrast to these measures, clinical guidelines reflect the 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.

In addition, guidelines are curated to include only clinically relevant knowledge, excluding

outdated information, such as drugs no longer in use.

This paper also studies the accumulation of many technologies, which has received less

attention in the empirical literature on technological change in health care. Prior research

has typically focused on the adoption of specific technologies (e.g., Skinner, 2011; Chandra et

al., 2014; Skinner and Staiger, 2015; Arrow et al., 2020). This paper uses guideline growth to

measure accumulation in the knowledge base and set of treatments that oncologists draw on.

Notably, this paper examines a question similar to that posed by the innovation literature,

namely how the growth of knowledge influences specialization, but arrives at different

conclusions. Jones (2009) and Ganguli et al. (2026) find that inventors have become more

specialized and differentiated as the depth of knowledge has increased. In contrast, most

oncologists remain general and do not specialize over time or in response to knowledge growth.

One explanation may be that inventors are primarily creators of new knowledge, whereas most

oncologists are primarily users of existing knowledge. Users of knowledge may experience the

burden of knowledge more lightly than creators, as applying existing knowledge is generally
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less demanding than producing it. Furthermore, this paper finds that knowledge users may

opt to lag behind the technological frontier when the cost of remaining up to date becomes

prohibitively high. Consequently, the implications of knowledge growth for the many workers

who use knowledge may differ from previous findings on workers who create knowledge.

This paper also speaks to a growing economics literature on what makes decisions complex

and how complexity changes choices (Gabaix and Graeber, 2024; Agranov, Schotter, and

Trevino, 2025). The evidence in this literature comes from theory and laboratory experiments.

This paper brings similar questions about decision complexity to the field. Agranov, Schotter,

and Trevino (2025) show that the same problem can be easy for some people and too hard for

others. Gabaix and Graeber (2024) show that people facing more complex decisions adjust

their choices less when the best choice changes. Specialization can be viewed as a way for

oncologists to make their decisions easier and less complex, by reducing the scope of problems

they encounter regularly. Consistent with this prediction, less specialized oncologists adopt

newer therapies more slowly than more specialized oncologists.

This paper also contributes to the literature on labor specialization. Consistent with prior

work, this paper finds that, even within a tightly defined occupation, the highest levels of

specialization rise with market size (Baumgardner, 1988; Garicano and Hubbard, 2009; Atalay

et al., 2024). The paper extends this cross-sectional evidence by showing that specialization in

large markets has risen over time. Subsequent work in the medical literature has confirmed the

rise in oncologist specialization over time and in large markets documented here (Karadakic

et al., 2025). These findings on market size align with the substantial market-level economies

of scale in health care identified by Dingel et al. (2023) and suggest that these economies of

scale are growing over time.

In addition, this paper finds that physician specialization is associated with markers of

higher-quality care, in contrast to the findings of Baicker and Chandra (2004). The difference

may partly reflect the periods studied, as Baicker and Chandra (2004) examine evidence from

1995 and 1996, while this paper uses data from 1999 to 2019 and finds that the extent and
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the realized benefits of specialization appear to have increased over time. Recent work by

Karadakic et al. (2026) builds on this paper’s evidence that specialization affects patient care,

estimating that access to an oncologist who specializes in the patient’s cancer type reduces

three-year mortality by about 10%. Together with the growing differences in specialization by

market size, these findings suggest that cancer outcomes may depend increasingly on where

patients live and on which oncologists they see.

2 Conceptual Framework

This section presents institutional context and a theoretical framework. It first character-

izes medical oncologists, who treat cancer primarily with pharmaceutical interventions. It

then discusses how they can specialize horizontally (by cancer type) and vertically (within

knowledge hierarchies). As clinical guidelines become more complex, the cost of acquiring

knowledge may increase and push oncologists toward a narrower scope. It next explains how

knowledge growth may widen differences in specialization across markets of different sizes.

Finally, it explores how frictions in referrals and matching may limit specialization.

This research focuses 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. In terms of modality, medical oncologists

primarily use drug-based therapies, unlike surgical oncologists or radiation oncologists. Their

training pathways also differ substantially.1 Thus, medical oncology is a distinct specialty.

For simplicity, the term “oncologist” in this study refers to medical oncologists.

Medical oncologists may specialize by cancer type, for example, focusing exclusively on

breast cancer. Such specialization reduces redundant learning, as each oncologist needs to

stay updated only on advancements within their narrow domain. This focus also facilitates

1In the United States, surgical and medical oncologists both complete 4 years of medical school. Surgical
oncologists first specialize in surgery in a specific anatomical region and then in cancer surgery. In contrast,
medical oncologists complete 3 years of internal medicine residency followed by at least 2 years of fellowship
in medical oncology.
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“learning by doing,” enabling, for instance, a breast cancer specialist to become particularly

adept at managing complex and potentially toxic drug regimens.

In classic economic theory, this specialization is considered productive and is generally

constrained by the size of the market (Smith, 1776; Kim, 1989). Consequently, 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 coordination costs. For example,

handing off a patient with a complex cancer history costs the receiving oncologist the time

to learn that history. The optimal level of specialization is determined by weighing its

productivity benefits against these coordination costs. In some cases, these costs may limit

specialization, so that specialization rises little with market size. Nevertheless, knowledge

growth increases the benefits of specialization, thereby raising specialization in equilibrium.

The organization of labor within medical oncology can also be examined through vertical

knowledge hierarchies, as described by Garicano (2000) and Garicano and Santos (2004). All

oncologists are formally licensed to manage a broad range of cancers. However, informal

knowledge hierarchies exist. In theory, general oncologists manage routine cases, while more

complex cases are referred to subspecialists with deeper expertise.

The depth of these knowledge hierarchies is shaped by the cost of acquiring knowledge.

Clinical guidelines affect these costs. Initially, the introduction of guidelines lowers these costs

by making relevant knowledge easier to find. However, as guidelines become more complex,

the cost of extracting and applying relevant knowledge rises. These guidelines function

as summaries of external expertise, and their length proxies for the volume of underlying

knowledge. As the cost of acquiring knowledge for a given clinical area rises, oncologists may

specialize further, thereby deepening vertical knowledge hierarchies.

Knowledge growth may also widen differences in specialization across market size. For

instance, a breast cancer specialist needs enough breast cancer patients to support a practice.

As the complexity of breast cancer care increases, this specialist may further narrow her

8



focus to subtypes of breast cancer. However, smaller markets may lack the patient volume

necessary to support such a narrow practice, so knowledge growth may widen the gap in

specialization between small and large markets.

Even in markets large enough to support specialists, frictions in referrals and matching

may limit the patient volume specialists attract, and with it the returns to specialization.

Anti-kickback regulations prohibit compensation for referrals, meaning physicians are not

reimbursed for any lost earnings when referring patients to other providers. Anecdotal

evidence suggests that organizations are often reluctant to refer patients externally, for

financial reasons. These frictions can result in under-referral, consistent with Garicano and

Santos (2004), who argue that in a spot market with zero-priced referrals, equilibrium referral

falls short of the social optimum. Organizations can potentially address this inefficiency by

formalizing referral and compensation arrangements in advance (Garicano and Santos, 2004).

Patients face a different friction: search costs. It can be difficult for a patient to determine

which oncologists are experts in their cancer type.

3 Data and Measurement

The empirical strategy integrates cancer treatment guidelines, Medicare claims, and Medicare

provider data to examine trends in knowledge growth and specialization within medical

oncology. Section 3.1 explains how knowledge growth is proxied through changes in page

length and citation counts in cancer treatment guidelines. Section 3.2 describes the Medicare

provider and claims data. Section 3.3 explains how cancer guidelines and Medicare data are

combined to generate physician-level estimates of exposure to knowledge growth across a

multi-year panel. Section 3.4 explains how physician specialization is assessed using Medicare

data. Appendices B.1–B.4 provide more detail on data construction, and Appendix B.5

describes how the code was developed and checked.
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3.1 Cancer Guidelines Data

To measure knowledge growth, I constructed a dataset based on historical cancer treatment

guidelines issued by the National Comprehensive Cancer Network (NCCN). The NCCN is an

alliance of 33 leading cancer centers (NCCN, 2023a). Since 1996, the NCCN has published

cancer treatment guidelines (NCCN, 2023b). The guidelines span the full spectrum of cancer

care, including “diagnosis, imaging, pharmacotherapy, radiation, and surgical interventions”

(McGivney, 2008). These guidelines are widely used: in one survey, 96% of oncologists

reported that the NCCN Guidelines are important for treatment decisions (McGivney, 2008).

Each set of NCCN Guidelines reflects a consensus of expert opinion and is overseen by a

panel of about 20 specialists (NCCN, 2011). These guidelines are updated at least annually

to incorporate the latest evidence and therapies. Substantive updates require approval by a

quorum of panel members. In practice, the majority of recommendations are approved by

more than 85% of panel members (NCCN, 2024).

I use changes in NCCN Guideline page length and citation counts as proxies for the

expanding volume of clinically relevant information. Page lengths and citation counts were

measured by cancer type from each year’s first version of the NCCN Guidelines for cancer

screening, treatment, and risk reduction. As a robustness check, I use changes in two citation

counts, built as described in Appendix B.4: citations of any type, and citations to scholarly

works identifiable in OpenAlex, a database of research literature (Priem, Piwowar, and Orr,

2022). Both track the volume of scientific literature that underpins the guidelines.

The volume of relevant knowledge measured in this way is distinct from the advancement

of treatment technologies. The guidelines drop outdated content, so they measure the current

stock of relevant clinical knowledge rather than its historical accumulation. In theory, if

future treatments cure all cases with minimal side effects, guidelines could be shorter. In

practice, this scenario is rare: some patients still present with cancers that are incurable or

progress after first-line treatments. Consequently, later lines of therapy build up over time,

contributing to longer guidelines.
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Guideline expansion has also been driven by increasing capacity to subtype cancers, tailor

targeted treatments accordingly, and expand the therapeutic options within each subtype.

For instance, lymphomas, cancers of the lymphatic system, were once classified as either

“Hodgkin lymphoma” or “non-Hodgkin lymphoma,” a catch-all category for every other

lymphoma (Armitage, 2010). Over time, this catch-all category has come to encompass a

growing number of biologically distinct subtypes, each requiring unique treatment approaches

(Jaffe, 2009). These forces make the treatment decisions the guidelines describe more complex

in the sense of Gabaix and Graeber (2024): more considerations bear on each decision.

Figures A.1 and A.2 provide examples of how the NCCN Guidelines changed between 2009

and 2014. The table of contents for non-Hodgkin lymphoma became longer and incorporated

new subtypes. The diagnostic workup flowchart for lobular carcinoma in situ, a breast cancer

subtype, added a new diagnostic step and introduced more decision splits.

Several assumptions are necessary for changes in page length to serve as a valid proxy for

changes in the volume of clinically relevant knowledge. First, this measure assumes that each

page corresponds to a comparable amount of clinical content. Reassuringly, the formatting of

the NCCN Guidelines remained consistent across cancer types throughout the core study

period (2008–2014). This consistency supports the interpretation that increases in page

length reflect added content rather than formatting changes. If each page holds a comparable

amount of clinical content, a 75-page increase confronts an oncologist with the same amount

of new content whether the baseline guideline had 35 pages or 200.

Second, the measure assumes that relevant information not captured in the NCCN

Guidelines is either proportional to the information 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 capture a similar share of the detail for every

treatment. 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.
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Finally, growth in page count is a net measure of knowledge growth. It assumes that

knowledge is primarily added rather than replaced. For example, if a 20-page guideline grows

to 30 pages, this is interpreted as 10 pages of new knowledge. If, however, 10 pages are

removed and replaced with 20 pages of new content, the net measure would understate total

knowledge growth. This assumption is evaluated empirically in Section 4.

3.2 Medicare Data

Oncologists’ clinical activity is observed in a 20% sample of Medicare Part B claims from

1999 to 2019. Additional physician characteristics are obtained from the Medicare Data

on Provider Practice and Specialty (MD-PPAS) dataset for 2008–2014. Medicare provides

health insurance to disabled adults and most U.S. adults aged 65 and older. This age group

has the highest incidence of cancer, making it an ideal population for studying cancer care

(Centers for Disease Control and Prevention, 2019).

From 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 limit the sample to physicians observed to treat at

least 25 unique cancer patients per year. This threshold protects patient privacy and limits

measurement error.

For the primary regression analysis, I focus on a balanced panel from 2008 to 2014. The

panel begins in 2008, the first year with many physician characteristics available in the data.

It ends in 2014 because the claims data switch from ICD-9 to ICD-10 diagnosis codes in

mid-2015. The switch introduces a discontinuity in measured specialization, as described in

Section 4.3.

For 2008–2014, the MD-PPAS provides each physician’s sex, birth year, and the top tax

identification (ID) number under which they bill. Organization size is proxied by the number

of oncologists billing under a tax ID. One limitation of this measure is that the number of

oncologists linked to a tax ID may understate the size of the organization’s medical oncology
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practice, as detailed in Appendix B.3. Tax ID names are also used to identify academic

organizations, meaning academic medical centers and their affiliates. The resulting measure

of academic status is a broadly inclusive proxy rather than a definitive measure, as detailed

in Appendix B.3.

Next, I measure the time each oncologist devotes to each cancer type. The analysis

focuses on outpatient evaluation and management claim lines billed by oncologists. These

visits involve high-level medical decision-making. Each evaluation and management code is

mapped to work Relative Value Units (wRVUs), which for these services reflect the physician

time Medicare expects the visit to require.

Each visit is assigned to a cancer type based on the patient’s primary cancer diagnosis.

The primary cancer keeps its name when it metastasizes, or spreads from where it started to

a distant part of the body (NCI, 2026). NCCN Guidelines are organized by cancer type on

the same basis. The guideline for lung cancer, for example, covers cancers originating in the

lung wherever they have spread. Appendix B.2 provides details about how each patient is

assigned a primary cancer.

An advantage of this setting is that cancer diagnoses are standardized and determined

independently of an oncologist’s specialization. A pathologist studies the patient’s cells and

tissues and “provides the definitive cancer diagnosis” (NCI, 2022). This limits concerns that

the oncologist’s focus might influence the type of cancer diagnosed.

3.3 Measuring Relevant Knowledge Growth for Each Oncologist

I construct the main treatment variable: the growth in relevant knowledge experienced by

each oncologist. For each oncologist i, let Ci denote the set of cancer types they manage

in outpatient settings in 2008, the baseline year. For each cancer type c, define ∆kc as the

change in the number of guideline pages between 2009 and 2014. I assume that the full

guidelines and their updates for cancer c are relevant to all oncologists who treated cancer c in

2008. Under this assumption, oncologist i’s exposure to knowledge growth is ∆ki =
∑

Ci
∆kc.
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Suppose oncologist i treated only lung and breast cancer in 2008. Suppose also that

between 2009 and 2014 the lung cancer guidelines expanded by 50 pages and the breast cancer

guidelines by 100 pages. Oncologist i is then exposed to 150 pages of knowledge growth.

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

groupings of diagnosis codes. These custom groupings follow the organization of the NCCN

Guidelines. Additional details are provided in Appendix B.1.

3.4 Measuring Physician Specialization

The main outcome is oncologist specialization, measured using the Herfindahl–Hirschman

Index (HHI) based on the time an oncologist spends managing different cancer types. Let

τic be the share of oncologist i’s wRVU-weighted evaluation and management time spent

managing cancer type c. Then HHIi = 10,000
∑

c τ
2
ic.

The HHI ranges from 0 to 10,000. A value of 10,000 indicates the oncologist treats only

one cancer type, the most specialization the data can detect. If time is split equally across

ten cancer types, the HHI is 1,000. As the count of cancer types increases and time is more

evenly distributed, the HHI approaches 0.

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

clinical activity. Second, it captures 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. Unlike measures based on formal

titles or specialty designations, the HHI therefore tracks changes within a physician over time

and differences across physicians who share the same title.

The HHI captures horizontal specialization across cancer types. The claims data record a

cancer’s anatomical site of origin but not how far it has spread, how complex the case is, or

other clinical features. The complexity of the cases an oncologist sees is therefore unobserved,

so vertical specialization, depth of expertise within a cancer type, cannot be measured directly.

However, a narrower horizontal focus typically allows deeper vertical expertise.
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The HHI is estimated with sampling error. The claims cover a 20% sample of Medicare

patients, so each oncologist’s observed patients are a sample of those she treats. The time

shares observed in the claims, t̂ic, are therefore sample estimates of the true shares τic, and

the index computed from them, ĤHIi = 10,000
∑

c t̂
2
ic, is a sample estimate of HHIi. The rest

of this subsection draws on Appendix C, which shows how this sampling error biases the

HHI, corrects the bias with a jackknife, and tests the correction.

This sampling error does not average to zero but inflates measured specialization system-

atically, creating an upward finite-sample bias. The size of this finite-sample bias depends on

the patient count as well as the true time shares. At the extreme, an oncologist observed to

have a single patient mechanically receives an estimated HHI of 10,000, regardless of her true

time shares. The HHI is estimated without sampling error for an oncologist who treats only

one cancer type but is biased upward for one whose time is split across multiple cancer types.

This sampling error is not classical measurement error. Its mean depends on the patient

count and on the true HHI, both of which may be correlated with an oncologist’s exposure

to knowledge growth, so it could bias the estimated effect rather than only add noise.

To reduce this finite-sample bias, the HHIs reported in this paper, written ĤHIjacki , are

jackknife corrected (Cameron and Trivedi, 2005). The jackknife removes the part of the bias

that shrinks with the patient count, leaving a smaller remainder that shrinks with the square

of the patient count.

4 Descriptive Patterns

This section examines the expansion of clinical knowledge and specialization among oncologists

over time. Section 4.1 shows that NCCN guidelines grew more than fivefold between 2002

and 2020. Section 4.2 presents summary statistics about oncologists. Section 4.3 shows that,

between 1999 and 2019, the most specialized oncologists specialized further, while the median

oncologist did not. Section 4.4 shows that, in 2008, the most specialized oncologists were
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also more often academic, in large markets, and in large organizations.

4.1 Knowledge Growth Over Time

Cancer treatment guidelines have grown substantially longer since 2002. Figure 1a illustrates

the lengths of these guidelines for selected cancer types, and Table A.1 reports page counts

across all cancer types. Total guideline length grew more than fivefold, from 1,105 pages in

2002 to 5,581 pages in 2020.

One contributor to the increase in guideline length appears to be the rapid expansion in

the number of anti-cancer drugs approved by the U.S. Food and Drug Administration (FDA).

Figure A.3 shows the cumulative count, which grew from 90 in 2002 to 243 in 2020.

A growing body of scientific literature is another contributor to the expansion of guidelines.

Figure 1b shows that the total number of citations for colon, kidney, lung, and skin cancer

rose roughly tenfold between 2002 and 2020. Guideline length rose with the number of

citations, across cancer types and over time (Table A.2). Between 2009 and 2014, each

additional citation corresponded to an increase of about one-fifth of a page (R2 = 94%). Page

growth thus closely tracked citation growth.

The majority of references are to published scholarly works. Of the 17,320 citations

in the 2009 and 2014 guidelines, 87% can be linked to scholarly works. The remaining

13% of citations are to drug package labels, conference posters, professional society reports,

government documents, and papers that cannot be reliably linked.

Between 2009 and 2014, the guidelines mostly added scholarly works rather than replacing

them. The 2009 guidelines cited 3,574 unique scholarly works, with 2,506 (70%) appearing in

the 2014 guidelines (Figure A.4). The other 1,068 (30%) were dropped. Additionally, 7,155

scholarly works were added, several times the number dropped. These changes suggest that

clinical knowledge expands primarily by addition, so that net knowledge growth is close to

gross knowledge growth.

Citation growth between 2009 and 2014 came primarily from adding references to new
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and recent scholarly works. Figure A.5 groups the references added, retained, and removed

by the year the cited work was published. Most added references were published shortly

before or after 2009. Of the added references, 49% were new (published in or after 2009),

30% were recent (published within 5 years prior to 2009), and 21% were older (published

more than 5 years prior). The ages of the added references suggest that guideline growth

largely reflects newly published research rather than the late addition of older literature.

Measured by the scholarly works that guidelines cite, knowledge overlaps little across

cancer types. In both 2009 and 2014, 90% of scholarly works were referenced by only one

cancer type’s guidelines. The scientific literature behind each cancer type’s guideline thus

appears largely distinct.

A limitation of guideline length is that some cancer types still had no guideline in 2009,

although the NCCN says it had released a comprehensive library of guidelines in 2001 (NCCN,

2023b). For example, mesothelioma, a rare cancer, had no guideline until 2010. Evidence on

how to treat the disease was very limited in 2010 (Mulcahy, 2010), likely delaying its first

guideline. Mesothelioma was nonetheless being treated before 2010. Zero guideline pages

therefore do not mean zero knowledge about how to treat a cancer type.

The empirical strategy does not assume that zero-page guidelines indicate zero knowledge,

only that more pages correlate with more knowledge. However, when a first guideline appears,

its entire length counts as page growth, which may overstate knowledge growth for that cancer

type. In 2009, only 3.95% of patients with a specific cancer diagnosis had a cancer type with

no guideline, so the potential overstatement affects a small share of patients. Appendix E

reports a robustness check that treats a guideline introduced during the study period as

documentation of knowledge that already existed rather than as knowledge growth.

4.2 Oncologist Characteristics

Table 1 presents summary statistics for the balanced panel of oncologists used in the regressions

of Section 6. The panel includes the 3,425 oncologists who saw at least 25 unique cancer
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patients in each of 2008, 2009, and 2014. In 2008, each oncologist treated an average of

57 unique cancer patients in the outpatient setting. The average oncologist treated 14

different cancer types, though this number ranged from as few as one to as many as 25 types.

Oncologists worked in organizations of widely varying size, with an average of 18 oncologists.

The smallest organizations had a single oncologist, and the largest had 219.

The guideline pages relevant to the average oncologist doubled between 2009 and 2014,

matching the growth of the guidelines as a whole. In 2009, the NCCN Guidelines totaled

1,832 pages. This total doubled to 3,589 pages by 2014. The guideline pages for the cancers

each oncologist treated in 2008 also doubled, from an average of 1,121 pages per oncologist

in 2009 to 2,187 pages by 2014.

4.3 Oncologist Specialization

HHI had a mean of 1,474 in 2009. Some oncologists approached the maximum possible value

of 10,000 (max = 9,886), so they managed almost exclusively one type of cancer over a year.

The HHIs reported in this paper are jackknife-corrected. Across the sample, the jackknife

correction lowers measured HHI by 366 points, or 18.9%, relative to the uncorrected value.

The jackknife correction leaves the ordering of oncologists largely unchanged, with a rank

correlation of 0.931 between corrected and uncorrected values.

In a simulation calibrated to the claims data, the jackknife correction removes most of the

finite-sample bias in the uncorrected HHI (Appendix C). The uncorrected HHI of a simulated

general oncologist, the case with the most bias, exceeds the true HHI on average by 68% at

25 patients and 35% at 50 patients. The same oncologist’s jackknife-corrected HHI exceeds

the true HHI on average by only 4.8% at 25 patients and 1.2% at 50 patients. The jackknife

correction reduces bias at the cost of some variance, raising the standard deviation of the

general oncologist’s estimated HHI at 25 patients by 12%.

The small finite-sample bias that remains depends on the patient count and on the true

HHI. It could bias the estimated effect of knowledge growth in Section 6 if either predicts
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exposure to knowledge growth. This upward bias is present in both the initial and the final

HHI. It therefore partially cancels out in the main estimates, which use each oncologist’s

change in HHI.

Between 1999 and 2019, the most specialized oncologists in the distribution specialized

further, while the median oncologist did not. Figure 2 shows the 10th, 25th, 50th, 75th,

and 90th percentiles of HHI in each year, with 95% confidence intervals from bootstrapping

oncologists. Each year’s sample includes every oncologist who saw at least 25 unique cancer

patients that year. The figure also shows the population-level HHI, the HHI of all cancer

patients in the sample pooled together. An oncologist whose HHI equals the population-level

HHI treats a mix of cancers as diverse as the cancers in the overall patient population.

Despite the rapid expansion of clinical knowledge and treatment options, the typical

oncologist has not become more specialized over time. The median and lower percentiles of

the HHI distribution remained flat or declined between 1999 and 2019. Throughout those

years, the 10th, 25th, and 50th percentiles remain within a 600-point HHI range that includes

the population-level HHI. The typical oncologist thus appears to have remained general,

treating a mix of cancers about as diverse as the cancers in the overall patient population.

In contrast, oncologists at the upper end of the HHI distribution have become far more

specialized. The figure omits 2015, when the transition from ICD-9 to ICD-10 diagnosis

codes introduced a discontinuity in measured HHI. From 1999 to 2014, the 90th percentile

of HHI rose by 1,483 [1,276, 1,881] points (95% confidence interval in brackets). Between

2016 and 2019, it rose by a further 309 [−72, 630] points. The same trends appear when

specialization is measured by shares of patients rather than shares of time (Figure A.6).

These divergent trends suggest that more and less specialized oncologists may respond

differently to the expansion of medical knowledge. Section 6 tests this hypothesis by splitting

the panel into generalist and specialist oncologists, defined in Section 4.4, and estimating

their responses to knowledge growth separately. Although the split distinguishes more from

less specialized oncologists, all oncologists in the sample are medical subspecialists. The
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analysis therefore uses variation in specialization within an already specialized group.

4.4 Differences Between More and Less Specialized Oncologists

Table 1 summarizes the baseline characteristics of generalist and specialist oncologists in

2008, the first year of the balanced panel. Generalists are the oncologists below the 75th

percentile of the 2008 HHI distribution, and specialists are those at or above it.

The two groups differed substantially in specialization and academic affiliation. The

average HHI was 993 for generalists and 2,865 for specialists, nearly three times as high. The

generalist average was equivalent to splitting time equally across about ten cancer types, and

the specialist average to splitting it across three or four cancer types. HHI was also far more

dispersed among specialists than among generalists, a difference that influences the precision

of the estimates for specialists in Section 6. Only 5% of generalists were academic, compared

with 22% of specialists.

Furthermore, specialists practiced in larger markets and organizations. In 2008, 59%

of specialists practiced in the largest 20% of markets, ranked by hospital referral region

population, compared with 46% of generalists. Specialists’ organizations were also larger,

with 23 oncologists on average versus 16 for generalists. Large markets and organizations

thus appear to facilitate specialization, a question Section 7 takes up in more depth.

Notably, generalists and specialists did not differ meaningfully in age, averaging 49 and

50 years old. Oncologists thus do not appear to evolve systematically toward a more general

or specialized practice as they age.

Specialists and generalists differ slightly in the cancers they treat (Figure A.7). Breast

cancer is the largest difference. In 2008 breast cancer accounted for 31% of specialists’ time

and 18% of generalists’ time. For every other cancer type, the two groups’ shares of time

differ by 3 percentage points or less.

Despite similarities in age, the observable and likely unobservable differences between

specialists and generalists indicate that they are distinct groups. These baseline differences
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motivate estimating responses to knowledge growth separately for the two groups.

5 Identification

This section presents the strategy for estimating the effect of knowledge growth on special-

ization. Section 5.1 explains how changes in specialization are regressed on exposure to

knowledge growth at the physician level. Section 5.2 states the identifying assumptions and

the threats to them. Section 5.3 explains how the exposure measure is recentered to remove

predicted, or non-random, exposure to knowledge growth. This adjustment follows the general

approach outlined in Borusyak and Hull (2023). Section 5.4 explains why randomization

inference is needed for inference and how it is implemented. Section 5.5 shows that recentering

and randomization inference largely resolve concerns that observable physician characteristics

predict exposure to knowledge growth.

5.1 Estimating Equation

Let ∆ĤHIjacki denote physician i’s change in specialization between 2009 and 2014, measured

by the jackknife-corrected HHI. Let Ci be the set of cancers treated by physician i in 2008,

and let ∆kc be the change in page length of cancer type c’s guideline between 2009 and 2014.

Physician i’s exposure to knowledge growth sums the page growth over the cancers they

treat, ∆ki =
∑

Ci
∆kc. Let Xi denote physician characteristics, entered in some versions of

the estimating equation as fixed effects for age group, sex, hospital referral region, decile of

patient count, organization size, and academic affiliation, all measured in 2008.

The estimating equation is

∆ĤHIjacki = α + β∆ki + θXi + ϵi.

The equation is estimated using ordinary least squares. Confidence intervals come from both

heteroskedasticity-robust standard errors and randomization inference (Section 5.4).
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The coefficient of interest is β, which represents the effect of knowledge growth on

specialization. β is estimated using variation in exposure to knowledge growth (∆ki), 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 kidney cancer, and

some both. The second source is that different cancer subfields experience varying levels

of knowledge growth. For example, the breast cancer guideline grew more than the kidney

cancer guideline, so physicians who treated breast cancer exclusively were more exposed to

knowledge growth than those who treated kidney cancer exclusively. β also uses within-

physician variation in specialization over time. If specialization responds with a lag, the

estimate of β is attenuated.

The intercept α absorbs any global shocks to knowledge. It includes the impact of knowl-

edge growth that affects all cancer fields or the general practice of medicine. Consequently,

β captures the effect of knowledge growth within different cancer subfields. The intercept

α also accounts for changes in the composition of oncology patients. The population-level

HHI fell modestly from 2009 to 2014, a change of −109 HHI points [−122, −99]. This level

change is absorbed by α.

5.2 Identifying Assumptions

This approach makes two assumptions. First, individual oncologists’ specialization choices do

not change how fast individual guidelines grow. Second, a physician’s exposure to knowledge

growth is as good as random after the predictable part is removed.

The first assumption could be violated if causation ran in reverse, with increased spe-

cialization driving knowledge growth. Several features of the setting attenuate this worry.

About 91% of the balanced panel are non-academic oncologists, for whom research is not

typically an expected job function. The roughly 9% who are academic oncologists vary in

how much research they do and how much time they spend on it. Physicians who report

research as their primary activity were only 1.5% of the U.S. physician workforce in 2012
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(National Institutes of Health, Advisory Committee to the Director, 2014; Jain et al., 2019).

The guideline process is also large relative to any one oncologist. As of 2011, roughly 44

NCCN panels wrote the guidelines, with nearly 900 clinicians (NCCN, 2011). An individual

member could influence a guideline but is unlikely to move a process of that size. The

guidelines also draw on thousands of scholarly works, far beyond any one oncologist’s

contribution.

New cancer treatments come out of an industry pipeline. One approved drug costs roughly

$2.6 billion to develop and takes more than a decade from discovery to approval (DiMasi,

Grabowski, and Hansen, 2016). Drug approvals during the sample period therefore largely

reflect research decisions made before it began. Drug development also draws on a wide range

of professionals outside clinical oncology, including laboratory scientists, regulatory experts,

and the investors who fund development.

The second assumption, that exposure to knowledge growth is as good as random, could

be violated in two ways. Even when cancer-level shocks are unpredictable, a physician’s

exposure to them is not random. Physicians who treat more cancer types are, by construction,

exposed to more knowledge growth. For example, a breast-only oncologist may be more likely

to practice in a large market. Oncologists in smaller markets may have a broader practice

and different specialization trends unrelated to knowledge growth. Market size would then

be correlated with both exposure to knowledge growth and changes in specialization, biasing

the estimate of β.

Cancer-level knowledge growth may also be predictable and thus correlated with physician

specialization. For example, an oncologist who expects rapid advances in breast cancer may

choose to specialize in it. The next subsection removes the predictable part of a physician’s

exposure to knowledge growth. That part comes from how many cancer types the physician

treats and from growth that cancer characteristics predict.
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5.3 Recentering Exposure to Knowledge Growth

A physician’s recentered exposure to knowledge growth is their exposure to knowledge growth

with the predictable part removed (Borusyak and Hull, 2023). Most cancer types’ guidelines

grew between 2009 and 2014. Part of that growth may have been predicted, and the rest is

the knowledge shock. I sum the knowledge shocks over the cancers the physician treats to

get recentered exposure to knowledge growth.

For example, consider an oncologist who treats only breast cancer and another who treats

both breast and kidney cancer. Suppose the breast cancer guideline grew by 30 pages and the

kidney cancer guideline by 10 pages. The breast-only oncologist has 30 pages of exposure to

knowledge growth, which I call unadjusted exposure. The oncologist who treats both types

of cancer has 40 pages of exposure to knowledge growth. This second oncologist has more

exposure only because they treat one more cancer type. The same pattern appears in the

sample, where generalists, who treat more cancer types, have higher unadjusted exposure

than specialists (Table 1).

Suppose oncologists expect every cancer type’s guideline to grow by the same amount.

Predicted growth for each guideline can then be estimated by the mean growth across all

cancer types. Suppose that mean is 25 pages. Subtracting 25 pages from each leaves a breast

knowledge shock of 5 pages and a kidney knowledge shock of −15 pages. The breast-only

oncologist’s recentered exposure is the breast knowledge shock, 5 pages more than expected.

The oncologist who treats both types of cancer is exposed to both knowledge shocks, which

sum to −10 pages, or 10 pages less than expected. The oncologist who treats both types of

cancer now has less exposure to knowledge shocks than the breast-only oncologist. Treating

more cancer types no longer mechanically raises recentered exposure. Rather, an oncologist’s

total knowledge shock reveals whether the guidelines relevant to them grew more or less than

expected.

Formally, let E[∆kc] be the predicted growth of cancer type c’s guideline, and Ê[∆kc]

the estimate of that predicted growth. The knowledge shock for cancer type c is the growth
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left after subtracting the predicted growth from the realized growth, ∆k̃c = ∆kc − Ê[∆kc].

Physician i’s recentered exposure to knowledge growth sums the knowledge shocks over the

cancers they treated in the baseline year (2008), ∆k̃i =
∑

Ci
∆k̃c. The part removed is the

predictable part of the physician’s exposure to knowledge growth, where omitted variables

bias is most likely to enter.

I replace unadjusted exposure (∆ki) with recentered exposure (∆k̃i) in the estimating

equation, which gives a consistent estimate of β (Borusyak and Hull, 2023):

∆ĤHIjacki = α + β∆k̃i + θXi + ϵi. (1)

The identification assumption is that recentered exposure to knowledge growth is uncor-

related with the error term, including omitted variables (∆k̃i ⊥ ϵi). What this assumption

means depends on how I estimate predicted growth by cancer type, E[∆kc]. The rest of this

subsection presents three progressively richer estimates of E[∆kc] and their implications for

the identification assumption. The main analysis in Section 6 uses the richest estimate.

The simplest assumption is that no cancer type has predicted growth (E[∆kc] = 0). Under

this assumption, recentered exposure (∆k̃i) equals unadjusted exposure (∆ki). The trend in

knowledge growth before 2009 (Figure 1a) makes no predicted growth after 2009 implausible.

A more plausible assumption is that every cancer type’s guideline will grow, but no one

can predict which will grow more or less than average. Under this assumption, predicted

knowledge growth (E[∆kc]) is the mean growth across all cancer types. This prediction

removes the part of unadjusted exposure that comes from the count of cancer types a physician

treats, but not growth that cancer characteristics predict.

A richer assumption lets predicted knowledge growth (E[∆kc]) vary with cancer char-

acteristics. Acemoglu and Linn (2004) find 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
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with high-quality surrogate endpoints also tend to experience more innovation. Surrogate

endpoints let researchers judge whether a treatment works sooner and more cheaply than a

primary outcome such as mortality. These two traits also influence a cancer’s potential for

specialization. A common cancer supplies enough patients to support more specialists, and

faster research may make specialization more valuable. I incorporate both factors into the

estimate of predicted knowledge growth, Ê[∆kc].

I estimate predicted knowledge growth with a Poisson regression of each guideline’s page

count increase on cancer prevalence, high-quality surrogate endpoints, and their interaction.

Let pc be the log of the number of Medicare patients with cancer type c in 2008, which equals

log prevalence up to an additive constant. Let sc indicate high-quality surrogate endpoints.

The regression, which I call the predicted knowledge growth regression, is

lnE[∆kc] = δ0 + δ1sc + δ2pc + δ3scpc. (2)

The intercept δ0 captures growth common to all cancer types.

Table 2 shows the coefficient estimates. The regressors explain 71% of the variation in

knowledge growth across cancer types. I attribute the remaining variation to randomness in

research and development. For instance, some clinical trials and drug development lines fail,

while others succeed.

The identification assumption now requires that the estimated knowledge shocks are

unrelated to physicians’ specialization decisions, except through knowledge growth’s direct

effect on specialization. Clinical research outcomes are hard to predict, which makes this

assumption plausible. For example, only an estimated 14% of investigational drugs succeed

(Schuhmacher et al., 2025).
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5.4 Randomization Inference

Conventional robust standard errors overstate the precision of the estimates in this design. The

data contain 35 independent cancer-level shocks, not thousands of independent physician-level

shocks. For example, breast cancer’s knowledge shock is shared by every oncologist who treats

breast cancer, so their errors move together. Robust standard errors treat each physician’s

exposure to knowledge growth as independent and thus overreject the null hypothesis of no

relationship (Adão, Kolesár, and Morales, 2019). In the balance tests, the shocks would look

unbalanced even when they are balanced. In the causal regressions, estimated effects would

look statistically significant even when they are not. Borusyak and Hull (2023) recommend

randomization inference to overcome this challenge for this type of design.

Randomization inference randomly reassigns the knowledge shocks across cancer types.

For example, suppose breast cancer received kidney cancer’s knowledge shock and kidney

cancer received breast cancer’s. Every physician’s recentered exposure is rebuilt from the

reassigned shocks, and the relevant regression is run again. Each reassignment is a placebo

shock realization and gives one placebo coefficient. Many reassignments show the distribution

of how large a placebo coefficient chance alone produces. For measures recentered with a

Poisson regression, the object reassigned is the standardized Poisson residual, so that each

reassigned knowledge shock is sized to the predicted growth of the cancer type that receives

it. Appendix D gives the details.

The balance tests in the next subsection regress exposure to knowledge growth on physician

characteristics and report placebo intervals. The placebo interval runs from the 2.5th to

the 97.5th percentile of the placebo coefficients. An estimate outside its placebo interval

would indicate the characteristic is significantly correlated with knowledge shocks. Each

balance regression also reports the p-value of a joint test of significance for all the physician

characteristics, which compares the observed F -statistic with the F -statistics from the placebo

shock realizations. A small p-value means the physician characteristics, taken together, predict

exposure to knowledge growth more than they do in the placebo shock realizations.
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Confidence intervals for β in the main results come from test inversion, a procedure from

Borusyak and Hull (2021). Test inversion repeats randomization inference for every candidate

value of β, not only zero, and creates a confidence interval with every β that is not rejected.

The baseline version of randomization inference holds the coefficients that predict knowledge

growth fixed and so ignores the error in estimating those coefficients. Two extensions allow

for the estimation error. One averages the randomization inference p-values over draws of

the coefficients from their estimated normal distribution. The other is more conservative

and takes the largest p-value over all values of the coefficients that the data cannot rule out

(Borusyak and Hull, 2021). Appendix D explains the randomization inference in full.

5.5 Balance

Tables 3 and 4 test whether physician characteristics predict exposure to knowledge growth.

They regress exposure to knowledge growth on physician characteristics measured in the

baseline year, namely market population, organization size, age, patient count, sex, and

academic affiliation. Column (1) uses unadjusted exposure, and each later column uses

exposure recentered with a progressively richer estimate of predicted knowledge growth.

Table 3 reports generalists and Table 4 specialists.

Academic affiliation provides a test of the identification assumption. Academic oncologists

may specialize faster for reasons outside knowledge growth, such as career incentives. Those

reasons threaten the estimate of β only if they are correlated with the knowledge shocks.

Before recentering, academic affiliation shows a particularly large imbalance in unadjusted

exposure to knowledge growth among specialists. Academic specialists’ unadjusted exposure

(column 1) is 232 pages lower than non-academic specialists’, far outside the placebo interval

[−46.8, 47.9]. The difference shrinks to 1.6 pages when exposure is recentered with the

predicted knowledge growth regression (column 4), well inside the placebo interval [−55, 53.7].

This insignificant difference suggests that academic affiliation and its associated incentives

are not correlated with exposure to knowledge shocks after recentering.
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The joint test rejects for unadjusted exposure in both groups (column 1, p = 0.001 for

specialists and 0.001 for generalists). Unadjusted exposure is therefore predictable from who

the oncologist is. After recentering with the predicted knowledge growth regression, the joint

test does not reject (column 4, p = 0.857 for specialists and 0.708 for generalists), so the

shocks land essentially at random with respect to the characteristics observed.

After recentering (column 4), no specialist characteristic falls outside its placebo interval.

Specialists’ patient count has a t-statistic of −3.2, significant by conventional standards.

However, the coefficient of −0.33 is well inside its placebo interval [−0.68, 0.68], an example

of the overrejection described in Section 5.4. One generalist characteristic falls outside its

placebo interval: a generalist is exposed to about 0.41 fewer pages for each year of age, barely

outside the placebo interval [−0.398, 0.427]. To account for this potential correlation, one

version of the estimating equation includes age group fixed effects.

Identification requires that no unobserved physician characteristic is related to both the

knowledge shocks and specialization. Only observed characteristics can be tested. With ran-

domization inference, the balance tests show that recentering largely removes the relationship

between observed physician characteristics and exposure to knowledge growth. This finding

suggests that recentering also largely removes the relationship between unobserved physician

characteristics and exposure to knowledge growth.

6 Effect of Knowledge Growth on Specialization

This section asks whether knowledge growth drives specialization. The estimates compare

physicians with higher and lower recentered exposure to knowledge growth. Confidence

intervals in this section come from the baseline version of randomization inference (Section 5.4)

unless stated otherwise. Generalists more exposed to knowledge growth than their peers

specialize little or no more. Nor do generalists meaningfully narrow the set of cancer types

they treat. In contrast, for specialists, the data neither confirm nor rule out a meaningful
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specialization response to knowledge growth.

For generalists, the estimated effect of exposure to knowledge growth on HHI is small

and not statistically distinguishable from zero (Figure 3 and Table 5). Every 100 pages

of recentered exposure to knowledge growth is associated with a 29-point increase in HHI

(s.e. = 18). For scale, this is a 2.9% increase in HHI for a 9.7% increase in relevant guideline

content. Equivalently, this is a 0.03 standard deviation increase in HHI (s.d. = 559 HHI

points) per standard deviation increase in exposure to knowledge growth (s.d. = 66 pages).

For generalists, the data rule out a meaningful specialization response to knowledge growth.

Across specifications, the confidence intervals rule out increases above 70 HHI points per 100

pages, or 0.09 standard deviations per standard deviation of exposure.

In contrast, for specialists, the estimates show minimal change in specialization in response

to knowledge growth, but the data cannot rule out a meaningful response. Every 100 pages

of recentered exposure to knowledge growth is associated with a 47-point increase in HHI

(s.e. = 60). For scale, this is a 1.6% increase in HHI for a 12.1% increase in relevant guideline

content. Equivalently, this is a 0.03 standard deviation increase in HHI (s.d. = 1,334 HHI

points) per standard deviation increase in exposure to knowledge growth (s.d. = 76 pages).

Across specifications, the data cannot rule out increases as large as 386 HHI points per 100

pages, or 0.22 standard deviations per standard deviation of exposure.

The specialist confidence intervals are wider than the generalist ones for at least two

mechanical reasons: specialists’ changes in HHI vary more across physicians, and the specialist

sample is one third the size of the generalist sample. Beyond these mechanical reasons,

specialists are more often academic, and academic career incentives may add variation in

specialization unrelated to knowledge growth. In each specification, the specialist estimate is

larger than the generalist estimate, but the difference is not statistically significant under

conventional inference. The confidence intervals from randomization inference cannot rule

out a much larger specialist response. As such, the data neither confirm nor rule out

that knowledge growth contributed to the rise in specialization among the most specialized
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oncologists (Section 4.3).

HHI reflects two margins of specialization: shifting time among the cancer types a

physician already treats (the intensive margin) and changing how many cancer types they

treat (the extensive margin). Regressions of the count of cancer types isolate the extensive

margin.

For generalists, the data rule out a meaningful reduction in the count of cancer types

they treat (Table 6). In the baseline year, generalists treat an average of 15 cancer types.

Every 100 pages of recentered exposure to knowledge growth is associated with a decrease

of 0.08 cancer types (s.e. = 0.10). For scale, this is a 0.6% decrease in cancer types for a

9.7% increase in relevant guideline content. The 95% confidence interval spans −0.60 to 0.33

cancer types per 100 pages, and the results with fixed effects are similar. For even a two

standard deviation increase in exposure, these specifications rule out reductions greater than

0.9 cancer types.

In contrast, for specialists, the data cannot rule out a slightly larger reduction in the

count of cancer types they treat. In the baseline year, specialists treat an average of 12 cancer

types. Every 100 pages of recentered exposure to knowledge growth is associated with a

decrease of 0.13 cancer types (s.e. = 0.15). For scale, this is a 1.1% decrease in cancer types

for a 12.1% increase in relevant guideline content. The confidence intervals are wider than

the generalist ones. Across specifications, the data rule out only reductions greater than 1.3

cancer types per 100 pages. Specialists may therefore still respond to large knowledge shocks

on the extensive margin by dropping one or two cancer types.

The main findings rest on several design choices. Each robustness check in Appendix E

changes one of these choices and compares its estimates with the main estimates. The

choices include how the confidence intervals are built, how knowledge growth is measured

and recentered, when a physician counts as exposed to a cancer’s guideline growth, and

which visits build the HHI. Across the robustness checks, a one standard deviation rise in

exposure to knowledge growth changes generalist HHI by 0.00 to 0.04 standard deviations.
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The generalist confidence intervals rule out increases above 0.12 standard deviations, except

the worst-case confidence intervals, which rule out nothing. For specialists, the estimates

range from −0.06 to 0.08 standard deviations. The specialist confidence intervals include

zero and reach increases of up to 0.22 standard deviations.

7 Constraints to Specialization

Section 6 shows that generalists do not significantly increase their specialization as knowledge

grows, which suggests that the private returns to specialization are low or the costs of

specializing are high for most oncologists. This section examines several factors that may

constrain specialization, including market size, organization size and type, and the returns to

specialization. Section 7.1 shows that median specialization is largely invariant to market

size, while top specialization rises with market size. Section 7.2 shows that among non-

academic organizations, specialization does not rise with organization size. In contrast, among

academic organizations specialization rises steeply with organization size. Section 7.3 shows

that, outside academic organizations, the returns to specialization in patient care appear

limited, whether through prices, patient volume, or referrals.

7.1 Market Size

If patient volume constrains specialization, oncologists should be more specialized in larger

markets. Figure 4a and Table A.3 show median specialization by market size. Median

specialization has remained largely invariant to market size. In 1999, the gradient of

median specialization was 3 HHI points (s.e. = 10) per doubling of market size, statistically

indistinguishable from zero. By 2014, the gradient had risen only slightly, to 70 HHI points

(s.e. = 23) per doubling of market size. Despite the extensive knowledge growth between

1999 and 2014, the median oncologist in a large market remained little more specialized than

one in a small market.
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Top specialization, by contrast, rises with market size, and the gradient has steepened over

time. Figure 4b shows top specialization, the 90th percentile of specialization, by market size.

In 1999, top specialization increased by 221 HHI points (s.e. = 44) per doubling of market

size. The gradient is consistent with the classical economic argument that specialization

is limited by the extent of the market (Section 2 and Figure A.8a). By 2014, the gradient

had steepened by an additional 449 HHI points (s.e. = 86) per doubling of market size. As

a result, growth in specialization has been concentrated in large markets, improving local

access to subspecialist care there, while access in smaller markets has been static or has

declined on average. The steepening gradient of top specialization is consistent with the

prediction in Section 2 that knowledge growth may widen the gap in specialization between

small and large markets. These patterns are consistent with market size and patient volume

constraining top specialization but not median specialization.

Outside the largest regions, most cancer types have too few patients to support a fully

specialized oncologist. Figure A.10 shows the average share of cancer types that can support

one, by region size in terms of cancer care volume. In a given region, a cancer type is

considered able to support a fully specialized oncologist when the available patients generate

at least the median annual work across oncologists. In the smallest tenth of regions, 3%

of cancer types can support a fully specialized oncologist, and in the largest tenth, 53%

can. These patterns are consistent with market size limiting how far specialization can grow

outside the largest markets.

Accordingly, patients have limited access to oncologists who specialize in their cancer

type. Figure A.11 shows how far cancer patients live from the nearest dedicated specialist in

their cancer type in 2014. I define a dedicated specialist as an oncologist who devotes more

than half of their work to one cancer type. Only 31% of patients live within 25 miles of a

dedicated specialist in their cancer type, and 37% have none within 100 miles. In short, local

access to a dedicated specialist in the patient’s cancer type is the exception rather than the

norm.
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7.2 Organization Size and Type

If organizations reduce coordination costs, oncologists should be more specialized in larger

organizations. Figure 5 and Table A.4 show median and top specialization by organization

size and type in 2014. Within non-academic organizations, median and top specialization

are flat across organization size; neither gradient is statistically distinguishable from zero.

Non-academic organizations thus do not appear to facilitate specialization, consistent with

high internal coordination costs or with low returns to specialization.

In contrast, among academic organizations median and top specialization rise steeply

with organization size. Median specialization rises by 41 HHI points (s.e. = 9) per additional

oncologist, and top specialization by 60 HHI points (s.e. = 11). Figure 5 shows that top

specialization in the largest academic organizations reaches about 8,500 HHI points. The

most specialized oncologists there thus devote at least 85% of their work to one cancer

type. One interpretation of the rise in specialization with organization size is that academic

organizations lower coordination costs or raise the returns to specialization. Once the returns

outweigh the costs, organization size is a binding constraint on specialization, and loosening

this constraint raises specialization.

Academic oncologists are more specialized than non-academic oncologists, which may

partly reflect that academic organizations sit in larger markets. Figure A.12 and Table A.5

show specialization by market size for academic and non-academic oncologists in 2014. Among

non-academic oncologists, specialization rises modestly, by 123 HHI points (s.e. = 33) per

doubling of market size. The average specialization of non-academic oncologists ranges

from about 1,000 to 1,800 HHI points across market sizes. Even in the largest markets,

where patient volume can support specialization, the average non-academic oncologist is not

particularly specialized, consistent with something other than patient volume limiting their

specialization.

Oncologists in academic organizations are substantially more specialized than those in

non-academic organizations at the same market size, and the gap appears to widen as market
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size grows. At the mean of log market size, specialization in academic organizations is 1,845

HHI points (s.e. = 190) higher than in non-academic organizations. Specialization in academic

organizations rises by 520 HHI points (s.e. = 191) per doubling of market size. Market

size thus does not explain why oncologists in academic organizations are more specialized,

consistent with academic organizations changing the costs or returns to specialization, or

with more specialized oncologists selecting into working there.

Collectively, these results point to scale as a constraint on specialization. The market-size

results imply that specialized cancer care has large economies of scale, which appear to be

growing over time. In addition, specialization appears to require scale on multiple dimensions,

in both market size and organizational scale.

Specialists are disproportionately employed in academic organizations (Section 4). Outside

patient care, academic careers may reward a narrow focus through research and promotion, so

oncologists in academic organizations may face higher returns to specialization. Peer-reviewed

publications appear in the promotion and tenure guidelines of 95% of 92 universities with

biomedical faculties (Rice et al., 2020). Among 10,241 academic physicians, salary was

positively associated with publications, clinical-trial participation, and Medicare payments,

a proxy for clinical volume (Jena, Olenski, and Blumenthal, 2016). The salary evidence

suggests that both clinical and research work have returns in academic organizations, where

the two compete for the same limited time. Specialized oncologists in academic organizations

may both respond to knowledge growth and produce it. As knowledge grows, both kinds of

work potentially become harder to do broadly, and for oncologists in academic organizations

it is difficult to empirically separate responding to knowledge growth from producing it.

Oncologists who prefer focused expertise, scholarly work, or teaching may also select into

academic organizations. In contrast, those who prioritize income or prefer clinical variety may

choose non-academic organizations. The data cannot separate career incentives from selection.

Oncologists in non-academic organizations likely lack promotion rewards for publications and

earn returns to specialization mainly through patient care.
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7.3 Returns to Specialization

Price incentives for producing high-quality care are blunted. 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: 54% of U.S. cancers diagnosed in 2009 were

in people aged 65 and older (CDC, 2013). Even if specialization improves quality, prices do

not fully reward that quality, limiting the returns to specialization.

Patients are rarely matched to a dedicated specialist in their cancer type. Figure A.11

shows that 99% of patients in 2014 have a dedicated specialist in their cancer type somewhere

in the country, but only 7% are treated by one. Even among patients with a dedicated

specialist within 10 miles, only 21% are treated by one. Low matching is consistent with

several possibilities, including high search costs, a capacity constraint on specialists, or a low

value placed on specialization by patients or referring physicians. In a setting with these

frictions, specialization has limited returns in terms of attracting patient volume.

Matching rises with income, suggesting that a match is desirable but costly. Among

patients with a dedicated specialist within 10 miles, 18% in the bottom fifth of income (based

on ZIP code of residence) are treated by one (Figure A.13). In the top fifth of income, the

share rises to 24%. The higher share in the top fifth is consistent with higher-income patients

being better able to overcome search frictions.

Disincentives to refer patients may also limit the private returns to specialization for

oncologists in non-academic organizations. Oncologists in non-academic organizations often

face incentives to maximize their own patient volume. However, a specialist depends on

referrals from other oncologists, and those oncologists lose revenue when they refer a patient

away. Anti-kickback regulations prohibit compensation for referrals across organizations

(Section 2). Community oncologists describe a compensation plan that removes competition

for patients within an organization as a requirement for specialization, and one that many
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practices struggle to meet (Gesme and Wiseman, 2011). As a result, oncologists in non-

academic organizations may keep the patients who come to them rather than divide patients

by cancer type with their colleagues. In contrast, academic organizations appear able to

sustain a referral equilibrium in which oncologists refer patients to one another, through some

combination of incentives and norms.

In summary, oncologists differ widely in how specialized they are. Specialization varies

substantially across markets and organizations, with increasing divergence over time. Whether

this divergence matters depends on whether specialists provide better care. If they do,

disparities in outcomes may be growing. The next section asks whether specialists differ in

the care they provide, as reflected in their use of anti-cancer drugs.

8 Technology Use and Specialization

The variation in specialization across markets and organizations raises a question: are there

returns to specialization in the quality of patient care? The data allow an examination of

how the anti-cancer drugs that oncologists prescribe vary with specialization. Anti-cancer

drugs are central to the treatment of cancer and influence clinical outcomes. They are also

challenging to administer due to their complex dosing protocols and toxicity profiles. Among

physicians, medical oncologists are uniquely trained to manage these drugs. The choice of

anti-cancer drugs is therefore a core part of oncologists’ practice and of their use of technology.

The findings indicate that specialization plausibly enhances the quality of care. Section 8.1

explains how the analysis estimates characteristics of the typical set of anti-cancer drugs

that oncologists prescribe over time. Section 8.2 shows that specialists prescribe a narrower

range of drugs and have more experience with each drug than the most general oncologists.

Specialists also prescribe newer drugs and a higher share of breakthrough-designated drugs.

Section 8.3 shows that growing differences in these prescribing outcomes primarily reflect a rise

in specialization among the most specialized oncologists. Section 8.4 discusses the limitations,
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outside evidence that specialization improves patient outcomes, and why specialization

appears under-rewarded.

8.1 Data and Measurement

The analysis estimates characteristics of the typical set of anti-cancer drugs that oncologists

prescribe over time. Drugs are identified by the World Health Organization’s Anatomical

Therapeutic Chemical (ATC) codes. A drug counts as anti-cancer if it appears on the list

of anti-cancer drugs in Pantziarka et al. (2021). Prescriptions come from a 20% sample of

Medicare Part B and Part D claims, which identify prescribing physicians by their National

Provider Identifiers (NPIs). The prescription data begin in 2008, the first year in which Part

D claims broadly recorded prescribers’ NPIs.

The criteria for including oncologists differ from those in Section 3. Each year, an

oncologist must have prescribed anti-cancer drugs to at least 11 patients and seen at least

11 cancer patients. The thresholds ensure enough patients to measure each oncologist’s

prescribing and HHI, and comply with privacy standards. The analysis uses an unbalanced

rather than a balanced panel, keeping every eligible oncologist in each year, and extends the

period studied to 2008–2019. Because the oncologists in the sample change from year to year,

each oncologist’s specialization is measured by the HHI in that year.

8.2 Prescribing Patterns

Specialization allows oncologists to narrow the range of drugs they prescribe. Figure 6a shows

the average number of unique anti-cancer drugs that oncologists prescribe each year, with

oncologists grouped each year by their HHI percentile. In 2008, the first year of the panel,

specialists (the top quarter by HHI each year) prescribe slightly fewer unique anti-cancer

drugs than the most general oncologists (the bottom half by HHI each year). Specialists

prescribe an average of 15.9 (0.2) unique anti-cancer drugs per year. In contrast, the most

general oncologists prescribe an average of 18.3 (0.1) drugs, approximately 15% more than
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specialists.

Over time, specialists and the most general oncologists differ more in the number of

unique anti-cancer drugs they prescribe. By 2019, the average number of unique anti-cancer

drugs that specialists prescribe falls to 12.3 (0.3) per year. In contrast, the most general

oncologists prescribe an average of 19.9 (0.2) unique anti-cancer drugs per year, 61% more

than specialists. The growing difference is consistent with specialization narrowing the set of

drugs that oncologists prescribe.

A narrower scope of drugs allows specialists to accumulate greater experience with the

drugs they prescribe. An oncologist’s experience with a drug is measured as the number of

patients to whom the oncologist prescribes the drug within a calendar year. The measure

captures only recent experience, reflecting evidence that physician-specific human capital

deteriorates quickly (Facchini, 2022; Hockenberry and Helmchen, 2014). To compare across

drugs given to varied numbers of patients, experience is normalized across oncologists within

each drug and year, resulting in a relative experience measure with a mean of 1.

Figure 6b shows average relative experience by level of specialization. In 2008, specialists

and the most general oncologists differ by less than 1% in average relative experience. Over

time, however, specialists accumulate more experience relative to the most general oncologists.

By 2019, specialists have approximately 42% higher average relative experience with the

drugs they prescribe than the most general oncologists. Given the complexity and toxicity

risks of many anti-cancer drugs, greater experience with specific drugs is likely to enhance

clinical management and reduce adverse effects.

Specialization also appears to enhance oncologists’ ability to stay closer to the technological

frontier, as reflected 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, dosage, or delivery form.2 Drug quality is proxied by whether the drug’s active

molecule had ever received a “Breakthrough Therapy” designation from the FDA as of 2025.

2This approach likely overestimates drug age compared with methods that account for new indications.
However, the data do not identify prescribing indication.
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The FDA grants the designation on preliminary clinical evidence of substantial improvement

over existing therapies. The designation is positively associated with measures of clinical

benefit, which makes it a credible indicator of drug quality (Feng and Maini, 2016; Molto

et al., 2020). Congress created the designation in 2012, and the FDA first approved a drug

under it in late 2013 (U.S. Food and Drug Administration, 2024). Every designated drug

prescribed before 2013 was therefore designated after it reached the market. I count these

drugs intentionally, because the designation signals drug quality even if granted years later.

For each oncologist and year, I measure the average age of the drugs prescribed and the

share of them that are breakthrough-designated, weighting each drug by the number of the

oncologist’s patients who received it that year.

Figure 7a shows the average age of the anti-cancer drugs that oncologists prescribe by

level of specialization over time. In 2008, the drugs that specialists prescribe are on average

about 0.9 year newer than those of the most general oncologists. The average age of an

oncologist’s drugs would rise by one year per year if the oncologist kept prescribing the same

drugs to the same shares of patients. Both groups shift toward newer drugs, so the average

age of their drugs rises by less than one year per year. The rise in age is faster for the most

general oncologists than for specialists. By 2019, the drugs that the most general oncologists

prescribe are on average 2.9 years older than those that specialists prescribe. The growing

difference suggests that specialization facilitates more rapid adoption of new drugs.

Figure 7b shows that specialists also prescribe a higher share of breakthrough-designated

drugs than the most general oncologists. Both the share and the difference in shares between

the two groups vary across years, but specialists are persistently more likely to incorporate

breakthrough-designated drugs into their practice.

8.3 Specialization and Patients Over Time

The growing differences in the three prescribing outcomes (drug age, relative experience, and

unique anti-cancer drugs) primarily reflect a rise in specialization among the most specialized
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oncologists. Table 7 non-parametrically decomposes the growing difference in each prescribing

outcome into three parts: the change in the distribution of HHI, the change in outcomes at a

given HHI, and a remainder. A majority of the growing differences come from the change in

the distribution of HHI: 84% for drug age, 55% for relative experience, and 67% for unique

anti-cancer drugs. A minority of the growing differences come from the change in outcomes

at a given HHI. Specialists and the most general oncologists prescribed more similarly in 2008

because they were closer in specialization. The differences in their prescribing grew primarily

because their specialization diverged. The decomposition is consistent with specialization

helping oncologists stay closer to the technological frontier, since the two groups’ prescribing

diverged primarily because their specialization diverged.

Specialists and the most general oncologists also treat increasingly different cancers, while

their patients’ other characteristics differ more modestly. Figure A.14 plots the distance

between the cancers the two groups treat, measured as the share of time the average oncologist

in either group would have to shift to other cancer types to match the average oncologist

in the other group. The distance rises from 19% in 2008 to 24% in 2019. Besides cancer

type, the two groups’ patients differ in age, sex, chronic conditions, and ZIP-code income

(Figure A.15). Patients of specialists are about 2 years younger and 5 percentage points more

likely to be female than patients of the most general oncologists, but these differences are

stable over time and so are unlikely to account for the growing differences in prescribing. In

2008, patients of specialists also have 6% fewer chronic conditions and 13% higher ZIP-code

income, and these differences grow to 11% and 19% by 2019, more slowly than the prescribing

differences.

8.4 Discussion

Specialists prescribe increasingly differently from the most general oncologists. Specialists

prescribe fewer unique anti-cancer drugs, have more experience with each drug they prescribe,

and prescribe newer drugs and a higher share of breakthrough-designated drugs. The growing
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differences primarily reflect a rise in specialization. The two groups’ patients differ modestly in

characteristics other than cancer type. The prescribing differences suggest that specialists may

deliver higher-quality care, increasingly so. The findings are also consistent with specialization

enabling oncologists to stay closer to the technological frontier.

A key limitation of this analysis is that it is observational. Patients sort to specialists,

so a causal comparison of treatment differences across oncologists would need an additional

identification strategy. The analysis also does not directly test whether these prescribing

differences translate into better patient outcomes. The claims do not record cancer stage,

which is the strongest predictor of survival, so I judged that a comparison of outcomes would

be too exposed to unmeasured severity to be credible or precise.

Other studies examine patient outcomes and link specialization with better survival.

Associational evidence suggests that specialists deliver better care: guideline-concordant

care improves survival and is more common where specialists concentrate (Voss et al., 2017;

Thiels et al., 2020). In a working paper, Karadakic et al. (2026) instrument for access to a

subspecialist with distance and estimate that access to an oncologist subspecialized in the

patient’s cancer type reduces three-year mortality by about 10% without raising Medicare

spending. They also find that access to a subspecialist raises the use of recently approved

therapies, replicating the faster adoption of new drugs by specialists shown in Figure 7a.

Taken together, the evidence so far suggests that specialization improves patient outcomes.

The returns to specialization likely accrue mainly to patients and other parties in a setting

with weak price incentives for quality, capacity constraints on specialists, and further market

frictions discussed in Section 7. Specialization therefore appears under-rewarded, which may

help explain why most oncologists remain generalists as knowledge grows.
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9 Conclusion

Over two decades, clinical knowledge for cancer care grew rapidly. The median oncologist

did not become more specialized over time or in response to knowledge growth. The most

specialized oncologists specialized further, but this paper’s estimates neither confirm nor

rule out that knowledge growth contributed to this rise in specialization. Specialization is

concentrated in academic organizations and large markets. Outside academic organizations,

the returns to oncologists from specializing in patient care are limited. However, special-

ization appears to improve patient care. Compared with general oncologists, specialized

oncologists have more experience with each drug they prescribe and adopt newer drugs faster.

Specialization therefore appears under-rewarded, likely reflecting low private returns to most

oncologists rather than low social returns.

The findings have key limits in what they reveal about knowledge growth and patient

outcomes. This paper estimates the response to unexpected knowledge shocks, not to

predicted knowledge growth. Oncologists may respond differently to predicted knowledge

growth than to unexpected knowledge shocks, since they are more able to anticipate it and

adjust their practice. Given limitations in the available data, this paper also does not directly

test whether specialization improves patient outcomes. Other studies link specialization with

improved survival. Causally identified tests of whether specialization improves survival are

left for ongoing and future work.

Knowledge growth may affect knowledge users and knowledge creators in different ways.

For knowledge creators, such as academic researchers, careers may reward a narrow focus.

In contrast, workers who primarily apply knowledge, such as most oncologists, face a trade-

off: specializing lowers the cost of staying up to date but narrows the market they can

serve. Wherever knowledge grows rapidly, workers who apply it may risk falling behind the

technological frontier.
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Figure 1: Oncology has experienced large increases in available knowledge

(a) Pages in oncology clinical practice guidelines, by cancer type (2002–2020)

(b) Citations in oncology clinical practice guidelines, by cancer type
(2002–2020)

Notes: Panels (a) and (b) show cancer guideline length and guideline citations 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 National Comprehensive Cancer Network (NCCN) Guidelines. Each line shows
one cancer type: colon, kidney, lung or skin.
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Figure 2: The most specialized oncologists are growing more specialized over time

Distribution of oncologist specialization over time (1999–2019)

Notes: Figure 2 shows the distribution of oncologist specialization from 1999 to 2019. Specialization is
measured using a Herfindahl–Hirschman Index (HHI) over the types of cancer that the oncologist evaluated
and managed in the year, weighted by outpatient evaluation and management work Relative Value Units
(wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3. The 10th, 25th, 50th, 75th, and 90th
percentiles are displayed and labeled. The numbers at the line ends give each percentile’s change in HHI
from 1999 to 2014 and from 2016 to 2019. 95% confidence intervals for each percentile are calculated by
bootstrapping oncologists. The dashed grey line, labeled Field, shows the population-level HHI, the HHI of
all cancer patients in the sample pooled together, with 95% confidence intervals from bootstrapping patients.
All oncologists 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. The figure omits 2015, the year diagnosis coding switched from ICD-9 to ICD-10.
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Figure 3: Generalists do not meaningfully increase their specialization with exposure to
knowledge growth, and specialist estimates are imprecise

(a) Change in specialization (HHI) from 2009 to 2014 by exposure to knowledge
growth for less specialized oncologists (bottom 75% of initial specialization)

(b) Change in specialization (HHI) from 2009 to 2014 by exposure to knowledge
growth for specialist oncologists (top 25% of initial specialization)

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. Panel (a) shows this relationship
for oncologists who start in the bottom 75% of the initial specialization distribution. Panel (b) shows this
relationship for oncologists who start in the top 25% of the initial specialization distribution. Exposure to
knowledge growth is recentered as described in Section 5, using the predicted knowledge growth regression,
Equation (2). Specialization is measured using a Herfindahl–Hirschman Index (HHI) over the types of cancer
that the oncologist evaluated and managed in the year, weighted by outpatient evaluation and management
work Relative Value Units (wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3. Shaded
bands show 95% confidence intervals from conventional inference, with robust standard errors, and from
randomization inference (RI), constructed as in Appendix D.5. 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 in 2008, 2009, and 2014.
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Figure 4: Median specialization in a market is relatively flat over time and across market
size, but the 90th percentile of specialization is increasing in the largest markets over time

(a) Median specialization by market size (1999 and 2014)

(b) 90th percentile of specialization by market size (1999 and 2014)

Notes : Panels (a) and (b) 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. In Panel (a), the y-axis shows the
50th percentile of specialization in a market in a year. In Panel (b), the y-axis shows the 90th percentile of
specialization in a 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 the year, weighted by outpatient
evaluation and management work Relative Value Units (wRVUs). HHI is jackknife-corrected as detailed in
Appendix C.3. The lines plotted show the line of best fit between log population and the relevant percentile
of specialization in each year. Each line’s slope is reported as β, with the robust standard error in parentheses.
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 5: Specialization rises with organization size in academic organizations but not in
non-academic ones

(a) Median specialization by organization size and type (2014)

(b) 90th percentile of specialization by organization size and type (2014)

Notes : Panels (a) and (b) show binned scatterplots of the 50th and 90th percentile of oncologist specialization
in an organization by organization size and type in 2014. Organization size is on the x-axis and is estimated
as the number of oncologists 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 to categorize organizations as academic or non-academic. See Section 3.2
and Appendix B.3 for discussion of the limitations of these variables from the MD-PPAS. 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, and 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 the oncologist evaluated and managed in the year, weighted by outpatient evaluation and
management work Relative Value Units (wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3.
The best fit line is plotted for the relationship between size and the relevant percentile of specialization in
an organization. β is each line’s slope and SE its robust standard error. 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: Over time, the most specialized oncologists prescribe fewer unique anti-cancer
drugs and become more experienced with them than less specialized oncologists

(a) Count of unique cancer drugs prescribed by year and degree of specialization

(b) Relative experience with cancer drugs prescribed by year and degree of specialization

Notes: Panel (a) shows the average number of unique anti-cancer drugs that oncologists prescribe, and
Panel (b) shows their average relative experience with those drugs, over time by level of specialization.
Anti-cancer drugs are defined as unique World Health Organization Anatomical Therapeutic Chemical (ATC)
codes that fall into the list of anti-cancer drugs from Pantziarka et al. (2021). 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. Because the figure weights oncologists
equally rather than oncologist-drug pairs, its averages need not equal one. Specialization is measured using a
Herfindahl–Hirschman Index (HHI) over the types of cancer that the oncologist evaluated and managed in
the year, weighted by outpatient evaluation and management work Relative Value Units (wRVUs). HHI is
jackknife-corrected as detailed in Appendix C.3. Oncologists are grouped into specialization bins by percentile
of HHI by year. Shaded bands show 95% confidence intervals from robust standard errors. All physicians in
the sample are hematologist-oncologists, medical oncologists, or hematologists who saw at least 11 unique
cancer patients in a 20% sample of Medicare Part B outpatient evaluation and management claims and
prescribed anti-cancer drugs to at least 11 patients in a 20% sample of Part B and Part D data in the year.
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Figure 7: Over time, the most specialized oncologists prescribe newer drugs and a higher
share of breakthrough-designated drugs than less specialized oncologists

(a) Average age of cancer drugs prescribed by year and degree of specialization

(b) Average share of breakthrough-designated drugs prescribed by year and degree of specialization

Notes: Panel (a) shows the average age of the anti-cancer drugs that oncologists prescribe, and Panel (b)
shows the average share of those drugs that are breakthrough-designated, over time by level of specialization.
Anti-cancer drugs are defined as unique World Health Organization Anatomical Therapeutic Chemical (ATC)
codes that fall into the list of anti-cancer drugs from Pantziarka et al. (2021). Drug age is the number of years
since the first U.S. Food and Drug Administration (FDA) approval for the drug’s ATC code. In Panel (a), the
dashed line rises by one year per year; it shows how average drug age would rise if oncologists kept prescribing
the same drugs. A drug is classified as breakthrough-designated if the molecule, as of 2025, has ever received
a “Breakthrough Therapy” designation from the FDA for any indication. Drugs are weighted by the number
of patients the oncologist prescribed the drug to. Specialization is measured using a Herfindahl–Hirschman
Index (HHI) over the types of cancer that the oncologist evaluated and managed in the year, weighted by
outpatient evaluation and management work Relative Value Units (wRVUs). HHI is jackknife-corrected as
detailed in Appendix C.3. Oncologists are grouped into specialization bins by percentile of HHI by year.
Shaded bands show 95% confidence intervals from robust standard errors. All physicians in the sample are
hematologist-oncologists, medical oncologists, or hematologists who saw at least 11 unique cancer patients in
a 20% sample of Medicare Part B outpatient evaluation and management claims and prescribed anti-cancer
drugs to at least 11 patients in a 20% sample of Part B and Part D data in the year.
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Table 1: Specialists are more often academic and practice in larger markets and organizations
than generalists

Summary statistics for the balanced panel of oncologists (2008, 2009, and 2014)

All Generalists Specialists
(N = 3,425) (N = 2,567) (N = 858)

Mean SD Range Mean SD Mean SD

Unique Patients 57 (26) 25–276 59 (27) 53 (24)
Cancer Types 14 (4) 1–25 15 (3) 12 (4)
HHI (2008) 1,462 (1,346) 278–10,000 993 (245) 2,865 (2,104)
HHI (2009) 1,474 (1,362) 240–9,886 1,068 (372) 2,688 (2,243)
HHI (2014) 1,447 (1,473) 213–10,000 1,052 (537) 2,627 (2,439)
Age 49 (9) 32–77 49 (8) 50 (9)
Female 0.19 (0.39) 0.00–1.00 0.15 (0.36) 0.30 (0.46)
Academic 0.09 (0.29) 0.00–1.00 0.05 (0.21) 0.22 (0.42)
In Largest 20% of Markets 0.49 (0.50) 0.00–1.00 0.46 (0.50) 0.59 (0.49)
Oncologists at Primary
Organization

18 (40) 1–219 16 (38) 23 (44)

Relevant Guideline Pages
(2008)

980 (197) 42–1,503 1,030 (142) 829 (255)

Relevant Guideline Pages
(2009)

1,120 (221) 42–1,689 1,177 (156) 951 (289)

Change in Relevant
Guideline Pages
(2009–2014)

1,065 (221) 24–1,606 1,121 (162) 901 (285)

Notes: Table 1 shows summary statistics for the balanced panel of oncologists observed in 2008, 2009, and
2014. Characteristics are measured in 2008 unless noted otherwise. Specialization is measured using a
Herfindahl–Hirschman Index (HHI) over the types of cancer that the oncologist evaluated and managed in
the year, weighted by outpatient evaluation and management work Relative Value Units (wRVUs). HHI is
jackknife-corrected as detailed in Appendix C.3. Generalists are the oncologists below the 75th percentile
of the 2008 HHI distribution, and specialists are those at or above it. Markets are defined using hospital
referral regions (HRRs), and market size is measured using the HRR’s population in 2008. Age, sex, academic
affiliation and organization size come from the 2008 Medicare Data on Provider Practice and Specialty
(MD-PPAS), discussed in Section 3.2. All oncologists 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 each of 2008, 2009, and 2014. More information about each
variable is detailed in Section 3.
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Table 2: Guidelines grow faster for cancer types with more patients and surrogate endpoints

Poisson regressions of the page count increase (2009–2014) on the log patient count in Medicare
(2008) and surrogate endpoints, by cancer type

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

Log Patient Count in Medicare (2008) 0.279 0.298 0.248
(0.0686) (0.0656) (0.0524)

Surrogate Endpoints 1.001 −4.286
(0.368) (2.040)

Surrogate Endpoints × Log Patient Count (2008) 0.566
(0.207)

Observations 35 35 35
R-squared 0.166 0.484 0.714
Estimation Method PPML PPML PPML

Notes: Table 2 reports regressions by cancer type of the page count increase from 2009 to 2014 on the log
patient count in Medicare in 2008 (column 1), adding an indicator for whether the cancer type has surrogate
endpoints (column 2) and the interaction of the two (column 3). The unit of observation is a cancer type, e.g.,
breast cancer. The page count increase is the change in page count between the first version of each National
Comprehensive Cancer Network (NCCN) Guideline released in 2009 and in 2014. The presence of surrogate
endpoints is determined using Budish, Roin, and Williams (2015). The patient count in Medicare is the
number of patients whose primary cancer is the cancer type in a 20% sample of 2008 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. The regressions are estimated by
Poisson pseudo-maximum likelihood (PPML), with robust standard errors in parentheses; R-squared is the
squared correlation between fitted and actual page count increases.
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Table 3: After recentering, physician characteristics no longer jointly predict exposure to
knowledge growth (generalists, bottom 75% of initial HHI)

Regressions of generalists’ exposure to knowledge growth (2009–2014) on characteristics in 2008

(1) (2) (3) (4)
Unadjusted Remove physician Remove cancer Remove endpoint

exposure scope prevalence type variation

(∆ki) variation variation (∆k̃i)

Market population (millions) −4.898 −0.494 −1.292 −0.574
Robust SE (1.377) (0.855) (0.924) (0.753)
Placebo interval [−3.65, 3.45] [−3.24, 3.26] [−2.42, 2.56] [−1.64, 1.56]

Oncologists at primary organization 0.0325 −0.0218 −0.0229 −0.0218
Robust SE (0.0614) (0.0348) (0.0371) (0.0325)
Placebo interval [−0.174, 0.173] [−0.178, 0.177] [−0.126, 0.123] [−0.0789, 0.0723]

Physician age −0.786 −0.0420 −0.0893 −0.406
Robust SE (0.287) (0.166) (0.185) (0.156)
Placebo interval [−0.744, 0.715] [−0.936, 0.758] [−0.735, 0.625] [−0.398, 0.427]

Patient count 3.862 0.199 −0.0607 0.120
Robust SE (0.118) (0.0478) (0.0490) (0.0454)
Placebo interval [−0.235, 0.234] [−0.887, 0.938] [−0.835, 0.804] [−0.545, 0.517]

Female −24.53 −4.108 0.605 0.758
Robust SE (7.013) (4.176) (4.552) (3.696)
Placebo interval [−17.5, 17.5] [−17, 15.6] [−13.7, 12.6] [−7.97, 8.39]

Academic −15.01 −12.60 −5.308 12.60
Robust SE (14.13) (9.120) (8.512) (6.540)
Placebo interval [−29.9, 29.8] [−30.6, 30.1] [−24.5, 23.2] [−15.7, 16]

Joint test p-value 0.001 0.595 0.980 0.708
Observations 2,561 2,561 2,561 2,561
R2 0.423 0.009 0.002 0.006

Notes : Table 3 shows regression estimates for the relationship between physician characteristics and exposure
to knowledge growth for oncologists who start in the bottom 75% of the initial specialization distribution.
Specialization is measured using a Herfindahl–Hirschman Index (HHI) over the types of cancer that the
oncologist managed in the year, weighted by outpatient evaluation and management work Relative Value
Units (wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3. Column 1 uses unadjusted exposure
to knowledge growth, and columns 2 to 4 use recentered exposure to knowledge growth, in which predicted
exposure is subtracted from unadjusted exposure. In column 2, predicted knowledge growth is the mean
across cancer types. In column 3, predicted knowledge growth is estimated in a Poisson regression on the
log patient count in Medicare in 2008. In column 4, predicted knowledge growth is estimated in a Poisson
regression on the log patient count, an indicator for well-established surrogate endpoints, and their interaction,
as in Equation (2). Unadjusted 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. Standard
errors are robust. The placebo intervals and the joint test p-values come from randomization inference,
detailed in Appendix D. A coefficient outside its placebo interval predicts exposure more strongly than 95% of
placebo draws (two-sided p-value ≤ 0.05); the joint test asks the same of all six characteristics together. Age,
sex, academic affiliation and organization size come from the 2008 Medicare Data on Provider Practice and
Specialty (MD-PPAS), discussed in Section 3.2. 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 4: After recentering, physician characteristics no longer jointly predict exposure to
knowledge growth (specialists, top 25% of initial HHI)

Regressions of specialists’ exposure to knowledge growth (2009–2014) on characteristics in 2008

(1) (2) (3) (4)
Unadjusted Remove physician Remove cancer Remove endpoint

exposure scope prevalence type variation

(∆ki) variation variation (∆k̃i)

Market population (millions) −23.26 −9.305 −4.518 0.0781
Robust SE (5.067) (2.006) (1.874) (1.210)
Placebo interval [−8.98, 9.06] [−6.39, 5.81] [−5.24, 5.46] [−4.57, 4.6]

Oncologists at primary organization −0.523 −0.148 0.0347 0.0342
Robust SE (0.212) (0.0992) (0.0880) (0.0515)
Placebo interval [−0.455, 0.422] [−0.244, 0.26] [−0.22, 0.211] [−0.131, 0.14]

Physician age −1.249 0.152 −0.639 −0.513
Robust SE (0.910) (0.437) (0.424) (0.293)
Placebo interval [−2.24, 2.26] [−1.47, 1.63] [−1.33, 1.9] [−0.774, 0.833]

Patient count 4.780 0.345 −0.352 −0.329
Robust SE (0.413) (0.145) (0.134) (0.102)
Placebo interval [−0.823, 0.901] [−1.03, 1.09] [−1, 0.992] [−0.681, 0.679]

Female −56.83 −18.49 −19.44 0.912
Robust SE (17.05) (8.689) (8.141) (5.387)
Placebo interval [−46, 41.6] [−30.2, 32] [−28.5, 28.8] [−20.3, 20.2]

Academic −232.2 −107.8 −39.73 1.577
Robust SE (23.49) (11.96) (10.59) (6.671)
Placebo interval [−46.8, 47.9] [−83.8, 58.8] [−86.4, 60.3] [−55, 53.7]

Joint test p-value 0.001 0.015 0.530 0.857
Observations 854 854 854 854
R2 0.420 0.212 0.045 0.018

Notes : Table 4 shows regression estimates for the relationship between physician characteristics and exposure
to knowledge growth for oncologists who start in the top 25% of the initial specialization distribution.
Specialization is measured using a Herfindahl–Hirschman Index (HHI) over the types of cancer that the
oncologist managed in the year, weighted by outpatient evaluation and management work Relative Value
Units (wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3. Column 1 uses unadjusted exposure
to knowledge growth, and columns 2 to 4 use recentered exposure to knowledge growth, in which predicted
exposure is subtracted from unadjusted exposure. In column 2, predicted knowledge growth is the mean
across cancer types. In column 3, predicted knowledge growth is estimated in a Poisson regression on the
log patient count in Medicare in 2008. In column 4, predicted knowledge growth is estimated in a Poisson
regression on the log patient count, an indicator for well-established surrogate endpoints, and their interaction,
as in Equation (2). Unadjusted 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. Standard
errors are robust. The placebo intervals and the joint test p-values come from randomization inference,
detailed in Appendix D. A coefficient outside its placebo interval predicts exposure more strongly than 95% of
placebo draws (two-sided p-value ≤ 0.05); the joint test asks the same of all six characteristics together. Age,
sex, academic affiliation and organization size come from the 2008 Medicare Data on Provider Practice and
Specialty (MD-PPAS), discussed in Section 3.2. 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 5: Generalists do not meaningfully increase their specialization in response to knowledge
growth, and specialist estimates are imprecise

Regressions of the change in HHI (2009–2014) on recentered exposure to knowledge growth

Change in HHI

(1) (2) (3)

Panel A. Generalists (bottom 75% of initial specialization)

Knowledge growth (100 pages) 28.52 28.82 29.22
Robust SE (17.69) (17.88) (19.57)
RI 95% CI [−14.4, 67.1] [−16, 68.6] [−10.9, 69.6]

Observations 2,567 2,531 2,531
R-squared 0.001 0.001 0.123

Panel B. Specialists (top 25% of initial specialization)

Knowledge growth (100 pages) 46.70 70.26 77.96
Robust SE (60.22) (63.31) (75.87)
RI 95% CI [−167, 267] [−161, 308] [−171, 386]

Observations 858 779 779
R-squared 0.001 0.002 0.164

Estimation sample Full Restricted Restricted
Age FE Yes
Market FE Yes
Patient count FE Yes
Organization size FE Yes
Sex FE Yes
Academic affiliation FE Yes

Notes: Table 5 shows estimates of the estimating equation in Section 5.1, a regression of the change in
specialization from 2009 to 2014 on exposure to knowledge growth. Specialization is measured using a
Herfindahl–Hirschman Index (HHI) over the types of cancer that the oncologist evaluated and managed in
the year, weighted by outpatient evaluation and management work Relative Value Units (wRVUs). HHI is
jackknife-corrected as detailed in Appendix C.3. Generalists are the oncologists below the 75th percentile of
the 2008 HHI distribution, and specialists are those at or above it. Robust standard errors are in parentheses.
Brackets show 95% confidence intervals from randomization inference (RI), constructed as in Appendix D.5.
Exposure to knowledge growth is recentered as described in Section 5, using the predicted knowledge growth
regression, Equation (2). Column 1 is the univariate regression on the full sample. Column 2 restricts the
sample to physicians with observed, non-singleton fixed effects for the following 2008 variables: age group,
sex, market (hospital referral region), decile of patient count, organization size (the number of oncologists at
their primary organization), and academic affiliation. Column 3 adds these fixed effects. 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 6: Generalists do not meaningfully change the count of cancer types they treat in
response to knowledge growth, and specialist estimates are imprecise

Regressions of the change in cancer type count (2009–2014) on recentered exposure to knowledge growth

Change in cancer type count

(1) (2) (3)

Panel A. Generalists (bottom 75% of initial specialization)

Knowledge growth (100 pages) −0.0849 −0.116 −0.165
Robust SE (0.0966) (0.0971) (0.0993)
RI 95% CI [−0.596, 0.333] [−0.627, 0.299] [−0.557, 0.172]

Observations 2,567 2,531 2,531
R-squared 0.000 0.001 0.210

Panel B. Specialists (top 25% of initial specialization)

Knowledge growth (100 pages) −0.127 −0.207 −0.367
Robust SE (0.147) (0.153) (0.170)
RI 95% CI [−0.849, 0.356] [−1.01, 0.314] [−1.22, 0.176]

Observations 858 779 779
R-squared 0.001 0.002 0.216

Estimation sample Full Restricted Restricted
Age FE Yes
Market FE Yes
Patient count FE Yes
Organization size FE Yes
Sex FE Yes
Academic affiliation FE Yes

Notes : Table 6 shows estimates of the estimating equation in Section 5.1, with the change from 2009 to 2014
in the count of cancer types a physician treats as the outcome. A cancer type is counted if at least one of
the physician’s patients in each year’s outpatient evaluation and management claims has it as their primary
cancer type. Specialization is measured using a Herfindahl–Hirschman Index (HHI) over the types of cancer
that the oncologist evaluated and managed in the year, weighted by outpatient evaluation and management
work Relative Value Units (wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3. Generalists are
the oncologists below the 75th percentile of the 2008 HHI distribution, and specialists are those at or above
it. Robust standard errors are in parentheses. Brackets show 95% confidence intervals from randomization
inference (RI), constructed as in Appendix D.5. Exposure to knowledge growth is recentered as described
in Section 5, using the predicted knowledge growth regression, Equation (2). Column 1 is the univariate
regression on the full sample. Column 2 restricts the sample to physicians with observed, non-singleton
fixed effects for the following 2008 variables: age group, sex, market (hospital referral region), decile of
patient count, organization size (the number of oncologists at their primary organization), and academic
affiliation. Column 3 adds these fixed effects. 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: The growing differences in prescribing outcomes between the most and least
specialized oncologists are driven by the change in the distribution of specialization (HHI)

Decomposition of 2008–2019 change in prescribing differences between the most and least
specialized oncologists

Share of change in the difference
between the most and least specialized
oncologists, by prescribing outcome

Drug age
Relative
experience Unique drugs

From the change in the distribution of HHI 84% 55% 67%
From the change in outcomes at a given HHI 10% 41% 37%
Remainder 6% 4% −4%

Notes: Table 7 shows a decomposition of the 2008–2019 change in the difference in prescribing outcomes
between the most and least specialized oncologists (Figures 6–7) into three parts: the change in the distribution
of specialization, the change in outcomes at a given specialization, and a remainder. The outcomes are
average drug age (Column 1), average relative experience with drugs prescribed (Column 2), and the number
of unique anti-cancer drugs prescribed (Column 3), defined as in Figures 7a, 6b, and 6a. Specialization is
measured using a Herfindahl–Hirschman Index (HHI) over the types of cancer that the oncologist evaluated
and managed in the year, weighted by outpatient evaluation and management work Relative Value Units
(wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3. The decomposition is calculated as follows.
In each year the most specialized oncologists, denoted H, are those at or above the 75th percentile of HHI
among all oncologists with at least 11 cancer patients, and the least specialized oncologists, denoted L, are
those below the 50th percentile, as in Figures 6–7. The index g ∈ {H,L} denotes the most specialized (H) or
the least specialized (L) oncologists. Oncologists are sorted into ten 1,000-point HHI bins indexed by b. In
year t, ȳbt is the mean outcome of all oncologists in bin b, sgbt is the share of g’s oncologists in bin b, and
ȳgt is the mean outcome of g. The 2008–2019 change in g’s mean outcome, ∆ȳg ≡ ȳg2019 − ȳg2008, is written
as the sum of three terms, ∆ȳg = Sg +Og +Rg. Sg captures the change in the distribution of HHI, with

bin means held at their 2019 values, and is calculated as Sg =
∑

b

(
sgb,2019 − sgb,2008

)
ȳb,2019. Og captures

the change in outcomes at a given HHI, with g’s bin shares held at their 2008 values, and is calculated
as Og =

∑
b s

g
b,2008 (ȳb,2019 − ȳb,2008). R

g is the remainder, which is not zero because the mean outcome of
g’s oncologists in a bin can differ from the mean outcome of all oncologists in that bin, and is calculated
as Rg = ∆ȳg − Sg − Og. The 2008–2019 change in the difference between the most and least specialized
oncologists is D ≡ ∆ȳH −∆ȳL. The first row reports 100 (SH − SL)/D, the second row 100 (OH −OL)/D,
and the third row 100 (RH − RL)/D, so the three rows sum to 100%. All physicians in the sample are
hematologist-oncologists, medical oncologists, or hematologists who saw at least 11 unique cancer patients in
a 20% sample of Medicare Part B outpatient evaluation and management claims and prescribed anti-cancer
drugs to at least 11 patients in a 20% sample of Part B and Part D data in the year.
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Figure A.1: The non-Hodgkin lymphoma guideline added sections and subtypes over time
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Figure A.2: The lobular carcinoma in situ workup flowchart added decision branches
(a) 2009 Flowchart
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Notes : Figure A.2 shows example changes from National Comprehensive Cancer Network (NCCN) Guidelines.
Panels (a) and (b) show a flowchart with the diagnostic workup for lobular carcinoma in situ, a subtype
of breast cancer, in 2009 and 2014, respectively. Figure A.2a reproduced with permission from the NCCN
Clinical Practice Guidelines in Oncology (NCCN Guidelines®) for Breast Cancer V.1.2009. © 2008 National
Comprehensive Cancer Network, Inc. All rights reserved. The NCCN Guidelines® and illustrations herein
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Figure A.3: The number of FDA-approved anti-cancer drugs has increased substantially

Cumulative number of FDA-approved anti-cancer drugs by year

Notes: Figure A.3 shows the cumulative number of unique anti-cancer drugs by year in the open-access
database of licensed cancer drugs of Pantziarka et al. (2021). The sample is limited to drugs with direct
anti-cancer uses that are approved by the U.S. Food and Drug Administration (FDA). It does not include
combinations of drugs, drugs used for cancer symptom relief or diagnosis, or unapproved drugs that are being
investigated.
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Table A.1: The length of cancer treatment guidelines has increased substantially over time
for many types of cancer

Page count of treatment guidelines by cancer type (2002, 2009, 2014, and 2020)

Cancer type 2002 2009 2014 2020

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 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 47 83 168 218
Neuroendocrine 46 64 98 141
Non-Hodgkin Lymphoma 49 155 471 658
Occult 30 43 55 65
Ovary and Adnexa 26 44 83 127
Pancreas 23 55 109 160
Placenta 0 0 0 40
Prostate 40 77 120 230
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 1,105 1,832 3,589 5,581

Notes : Table A.1 reports the page count of the first set of treatment guidelines in 2002, 2009, 2014, and 2020
from National Comprehensive Cancer Network (NCCN) Guidelines.
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Table A.2: Guideline length is closely associated with the number of citations in guidelines

Regressions of page count on citation count by cancer type (2009, 2014 and 2009–2014)

(1) (2) (3)
Change in

Page Count Page Count 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 A.2 shows the relationships between page count and citation count of guidelines in cross-section
and over time. Column 1 contains a cross-sectional regression of page count on citation count in 2009. Column
2 contains the same regression for 2014. Column 3 regresses the change in page count on the change in
citation count between 2009 and 2014. All page counts and citation counts are for the first set of guidelines in
each year from National Comprehensive Cancer Network (NCCN) Guidelines. Guidelines are grouped using
the cancer grouping discussed in Section 3.3 and Appendix B.1 to maintain a stable sample of guidelines over
time that match diagnosis code groupings. The regressions are estimated by ordinary least squares (OLS),
with robust standard errors in parentheses.
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Figure A.4: Guidelines primarily added scholarly works rather than replacing them

Scholarly works entering, exiting, and staying in the 2009 and 2014 guidelines

Notes : Figure A.4 shows changes in the references cited by National Comprehensive Cancer Network (NCCN)
Clinical Practice Guidelines in Oncology for treatment, screening, and risk reduction of cancer between the
2009 and 2014 guidelines. Red marks exiting works, which are cited in the 2009 guidelines but not in the
2014 guidelines. Blue marks staying works, which are cited in both. Green marks entering works, which are
cited in the 2014 guidelines but not in the 2009 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 A.5: Growth in oncology clinical practice guideline citations between 2009 and 2014
comes primarily from adding references to new and recent scholarly works

Citations entering, exiting, and staying in 2009 and 2014 guidelines by publication year

Notes: Figure A.5 shows changes in the publication year of references cited by National Comprehensive
Cancer Network (NCCN) Clinical Practice Guidelines in Oncology between the 2009 and 2014 guidelines for
screening, risk reduction, and treatment. Red marks exiting works, which are cited in the 2009 guidelines
but not in the 2014 guidelines. Blue marks staying works, which are cited in both. Green marks entering
works, which are cited in the 2014 guidelines but not in the 2009 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) and for which a publication year is identified.
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Figure A.6: Specialized oncologists are growing more specialized over time

Oncologist specialization over time, measured using shares of patients by cancer type

Notes: Figure A.6 shows the distribution of oncologist specialization from 1999 to 2019, measured as in
Figure 2 by a Herfindahl–Hirschman Index (HHI) over cancer types, but weighted by unique patients rather
than by outpatient evaluation and management work Relative Value Units (wRVUs). HHI is jackknife-
corrected as detailed in Appendix C.3. The 10th, 25th, 50th, 75th, and 90th percentiles are displayed and
labeled. The numbers at the line ends give each percentile’s change in HHI from 1999 to 2014 and from
2016 to 2019. 95% confidence intervals for each percentile are calculated by bootstrapping oncologists. The
dashed grey line, labeled Field, shows the population-level HHI, the HHI of all cancer patients in the sample
pooled together, with 95% confidence intervals from bootstrapping patients. All oncologists 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. The figure
omits 2015, the year diagnosis coding switched from ICD-9 to ICD-10.
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Figure A.7: Breast cancer accounts for a larger share of specialists’ work than of generalists’
work; other cancer types differ less

Share of specialists’ and generalists’ evaluation and management work RVUs by cancer type (2008)

Notes: Figure A.7 shows specialists’ and generalists’ shares of outpatient evaluation and management
work Relative Value Units (wRVUs) in each of the nine largest cancer types and in all other types pooled,
summed over all specialists or all generalists. Cancer types are ordered left to right by total wRVUs over
2008–2019. NHL is non-Hodgkin lymphoma, and MDS/MPD are myelodysplastic and myeloproliferative
disorders. Specialization is measured using a Herfindahl–Hirschman Index (HHI) over the types of cancer
that the oncologist evaluated and managed in the year, weighted by wRVUs. HHI is jackknife-corrected as
detailed in Appendix C.3. Specialists are oncologists at or above the 75th percentile of HHI in 2008, and
generalists are those below it. 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, and who prescribed anti-cancer drugs to at least 11 patients
in the year across a 20% sample of Part B and Part D data.
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Table A.3: The 90th percentile of specialization rises with market size, more steeply in 2014,
while the median is relatively flat

Regressions of the median and 90th percentile of specialization (HHI)
in a market on log population (1999 and 2014)

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

Log population 4.614 318.2
(14.89) (63.01)

Log population × 2014 95.88 647.3
(36.00) (124.6)

Observations 599 599
R-squared 0.050 0.288

Notes: Table A.3 shows a regression of oncologist specialization on market size, year, and an interaction of
market size and year. The regressions also include a 2014 indicator and a constant, which are not shown. In
Column 1, the outcome is the median 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.
Market size is measured as population in the relevant year. Multiplying a coefficient by ln 2 gives the change
in specialization per doubling of market population. Specialization is measured using a Herfindahl–Hirschman
Index (HHI) over the types of cancer that the oncologist evaluated and managed in the year, weighted by
outpatient evaluation and management work Relative Value Units (wRVUs). HHI is jackknife-corrected
as detailed in Appendix C.3. The regressions are estimated by ordinary least squares (OLS), with robust
standard errors in parentheses. 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: Predicted relationship between specialization and market size or organization
size under competing theories

(a) Predicted specialization by market size

(b) Predicted specialization by organization size

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). The x-axis
shows market size and the y-axis shows oncologist specialization. Panel (b) shows the predicted relationship
between specialization and organization size if organizations do or do not facilitate specialization. The x-axis
shows organization size and the y-axis shows oncologist specialization.
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Figure A.9: Median specialization in a market is relatively flat over time and across market
size; the 90th percentile rises with market size but does not change significantly between
2016 and 2019

(a) Median specialization by market size (2016 and 2019)

(b) 90th percentile of specialization by market size (2016 and 2019)

Notes: Figure A.9 shows binned scatterplots of the 50th and 90th percentile of oncologist specialization in a
market by market size in 2016 and 2019, as Figure 4 does for 1999 and 2014. The x-axis shows the market
size, measured as population, in the relevant year. Markets are defined using hospital referral regions. In
Panel (a), the y-axis shows the 50th percentile of specialization in a market in a year. In Panel (b), the
y-axis shows the 90th percentile of specialization in a 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 the year, weighted by outpatient evaluation and management work Relative Value Units (wRVUs). HHI
is jackknife-corrected as detailed in Appendix C.3. The lines plotted show the line of best fit between log
population and the relevant percentile of specialization in each year. Each line’s slope is reported as β, with
the robust standard error in parentheses. 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.10: Outside the largest regions, most cancer types cannot support a single-cancer
oncologist

Share of cancer types that can support a single-cancer oncologist, by region size
(2014)

Notes: Figure A.10 shows the average share of cancer types that can support a single-cancer oncologist in
a region, by region size, in 2014. Regions are hospital referral regions. Region size is measured as cancer
care volume: the total work Relative Value Units (wRVUs) on outpatient evaluation and management claims
billed by oncologists for cancer patients who live in the region. The x-axis groups regions into deciles of
cancer care volume. A cancer type is considered able to support a single-cancer oncologist in a region when
the wRVUs for the region’s patients with that cancer type are at least the median of oncologists’ annual
wRVUs for cancer patients. The median is taken across oncologists who saw at least 11 cancer patients in
2014. The y-axis shows the share of cancer types that can support a single-cancer oncologist, averaged over
the regions in each decile, with each region weighted equally. All data are from a 20% sample of Medicare
Part B outpatient evaluation and management claims in 2014.
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Figure A.11: Few patients live near a dedicated specialist in their cancer type, and fewer are
treated by one

Notes: Figure A.11 shows the share of cancer patients in 2014 who live within each distance of the nearest
dedicated specialist in their cancer type, and the share who live within that distance and are treated by
a dedicated specialist in their cancer type. Bars are cumulative: each distance includes the patients at all
shorter distances, and “Any” includes every patient with a dedicated specialist in their cancer type anywhere
in the country. A dedicated specialist is an oncologist who devotes more than half of their work to one
cancer type. Work is measured in work Relative Value Units (wRVUs) on evaluation and management claims.
Distances are straight-line miles between the centers of the patient’s residence ZIP code and the specialist’s
practice ZIP code. A patient is treated by a specialist when that oncologist billed the most of the patient’s
evaluation and management work. Specialist status is measured among oncologists who saw at least 11
cancer patients. The sample is cancer patients who live in a ZIP code with income data and whose treating
oncologist saw at least 11 cancer patients. All data are from a 20% sample of all Medicare Part B evaluation
and management claims.
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Table A.4: Specialization rises with organization size in academic organizations but not in
non-academic ones

Regressions of the median and 90th percentile of specialization (HHI) in an organization on organization
size, by organization type (2014)

(1) (2) (3) (4)
Median HHI 90th percentile HHI Median HHI 90th percentile HHI

Academic Academic Non-academic Non-academic

Organization Size 41.07 60.28 2.732 13.86
(8.864) (10.77) (3.209) (8.598)

Observations 155 115 1,361 335
R-squared 0.183 0.229 0.001 0.016
Minimum Org Size 1 5 1 5
Standard Errors Robust Robust Robust Robust

Notes: Table A.4 shows regressions of oncologist specialization on organization size by organization type in
2014. In Column 1, the outcome is the median 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 oncologists. In Column 3, the outcome is the median 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 oncologists. Organization size is estimated as the number of oncologists at the
organization’s tax ID in the 2014 Medicare Data on Provider Practice and Specialty (MD-PPAS), using
oncologists’ primary tax ID. Organization size enters in levels, so coefficients are per additional oncologist.
Organization type is determined using tax ID names from the MD-PPAS. See Section 3.2 and Appendix B.3
for discussion of the limitations of variables from the MD-PPAS. Specialization is measured using a Herfindahl–
Hirschman Index (HHI) over the types of cancer that the oncologist evaluated and managed in the year,
weighted by outpatient evaluation and management work Relative Value Units (wRVUs). HHI is jackknife-
corrected as detailed in Appendix C.3. The regressions are estimated by ordinary least squares (OLS), with
robust standard errors in parentheses. 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.12: Academic oncologists are more specialized than non-academic oncologists
across the distribution of market sizes

Mean specialization of academic and non-academic oncologists by market size (2014)

Notes: Figure A.12 shows a physician-level binned scatterplot of specialization by market size in 2014,
separately for academic and non-academic physicians. The x-axis shows market size, measured as population
in 2014, on a log scale. Markets are defined using hospital referral regions (HRRs). The y-axis shows the mean
specialization of the physicians in each bin. Physician academic status is determined using tax ID names from
the 2014 Medicare Data on Provider Practice and Specialty (MD-PPAS). See Section 3.2 and Appendix B.3
for discussion of the limitations of variables from the MD-PPAS. Specialization is measured using a Herfindahl–
Hirschman Index (HHI) over the types of cancer that the oncologist evaluated and managed in the year,
weighted by outpatient evaluation and management work Relative Value Units (wRVUs). HHI is jackknife-
corrected as detailed in Appendix C.3. The lines plotted show the line of best fit between log population and
specialization in each series. The estimating equation for each series is HHIi = β0+β1 log

(
popm(i)

)
+ϵi, where

i indexes physicians and m(i) is physician i’s market. The displayed slopes are per unit of log population,
with standard errors clustered by HRR in parentheses. Multiplying a slope by ln 2 gives the change in
specialization per doubling of market population. The sample is not restricted to the balanced panel. 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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Table A.5: Academic oncologists are more specialized than non-academic oncologists at the
same market size

Regressions of specialization (HHI) on academic status and market size
(2008 and 2014)

Dependent variable: HHI
(1) (2)

2008 2014

Academic 1,624 1,845
(245.9) (189.5)

Log market population
(year-matched, centered at mean) 128.3 177.7

(36.73) (46.90)
Academic × log market population 584.5 571.9

(384.3) (297.4)

Observations 4,698 4,713
R-squared 0.216 0.245

Notes: Table A.5 shows regressions of oncologist specialization on academic status (indicator), log market
population, and their interaction, separately for 2008 (Column 1) and 2014 (Column 2). The estimating
equation is HHIi = β0+β1Academici+β2 log

(
popm(i)

)
+β3(Academici× log

(
popm(i)

)
)+ ϵi, where i indexes

physicians and m(i) is physician i’s market. Markets are defined using hospital referral regions (HRRs).
Market size is measured as population in the relevant year. Log market population is centered at its mean in
the estimation sample. Multiplying the log population or interaction coefficient by ln 2 gives the change in
specialization per doubling of market population. Physician academic status in each column is determined
using tax ID names from that year’s Medicare Data on Provider Practice and Specialty (MD-PPAS). See
Section 3.2 and Appendix B.3 for discussion of the limitations of variables from the MD-PPAS. Specialization
is measured using a Herfindahl–Hirschman Index (HHI) over the types of cancer that the oncologist evaluated
and managed in the year, weighted by outpatient evaluation and management work Relative Value Units
(wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3. The regressions are estimated by ordinary
least squares (OLS), with standard errors clustered by HRR in parentheses. The sample in each column
is not restricted to the balanced panel. 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.13: Among patients who live near a dedicated specialist, higher-income patients
are more often treated by a dedicated specialist

Share of patients treated by a dedicated specialist, by distance to the nearest dedicated specialist and
ZIP-code income, 2014

Notes: Figure A.13 shows the share of cancer patients treated by a dedicated specialist in their cancer type,
by distance to the nearest dedicated specialist, for patients in the lowest and highest quintiles of ZIP-code
per-capita income in 2014. Distance categories are cumulative, and “Any” includes all patients with a
dedicated specialist in their cancer type anywhere in the country. A dedicated specialist is an oncologist who
devotes more than half of their evaluation and management work Relative Value Units (wRVUs) to one cancer
type. A patient is considered treated by the oncologist who billed the largest share of the patient’s evaluation
and management wRVUs. Distance is measured in straight-line miles between ZIP-code centers. Specialist
status is measured among oncologists who saw at least 11 cancer patients. The sample is cancer patients who
live in a ZIP code with income data and whose treating oncologist saw at least 11 cancer patients. Data are
from a 20% sample of all Medicare Part B evaluation and management claims.
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Figure A.14: The most and least specialized oncologists treat increasingly different cancers

Distance between the case-mix shares of cancer types of the most
specialized oncologists (top 25% by HHI) and the least specialized

oncologists (bottom 50% by HHI)

Notes: Figure A.14 shows the distance between the average case-mix shares of the most specialized and the
least specialized oncologists over time. The distance in each year is half the L1 distance, 1

2

∑
c|sspec − sgenc |,

where sspec and sgenc are the average case-mix shares of type of cancer c of the most and the least specialized
oncologists. An oncologist’s case-mix share of a type of cancer is calculated as the share of the oncologist’s
outpatient evaluation and management work Relative Value Units, or of the oncologist’s unique cancer
patients, in that type of cancer in a year. Oncologists are weighted equally in each average. Specialization is
measured using a Herfindahl–Hirschman Index (HHI) over the types of cancer that the oncologist evaluated
and managed in the year, weighted by outpatient evaluation and management work Relative Value Units
(wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3. Oncologists are grouped into specialization
bins by percentile of HHI by year. The most specialized oncologists are defined as those at or above the 75th
percentile, and the least specialized oncologists as those below the 50th percentile. 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, and
who prescribed anti-cancer drugs to at least 11 patients in the year across a 20% sample of Part B and Part
D data.
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Figure A.15: Patients of the most specialized oncologists are younger, more female, have
fewer chronic conditions, and live in higher-income ZIP codes

(a) Average patient age (b) Average number of chronic conditions

(c) Average ZIP-code income (d) Share of patients who are female

Notes : This figure shows the characteristics of the cancer patients attributed to oncologists over time by level
of specialization. Each cancer patient is attributed to the oncologist with the most of the patient’s evaluation
and management work Relative Value Units in the year. Chronic conditions are counted from the Medicare
Beneficiary Summary File’s chronic-condition flags, excluding cancer. ZIP-code income is the per-capita
income of the patient’s residence ZIP code. Oncologists are weighted equally to estimate each average by
degree of specialization. Specialization is measured using a Herfindahl–Hirschman Index (HHI) over the types
of cancer that the oncologist evaluated and managed in the year, weighted by outpatient evaluation and
management work Relative Value Units (wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3.
Oncologists are grouped into specialization bins by percentile of HHI by year, where a higher HHI indicates a
more specialized oncologist. The sample is restricted to oncologists with at least 11 attributed patients in the
year in a 20% sample of Medicare Part B outpatient evaluation and management claims.
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Figure A.16: The jackknife correction removes most of the finite-sample bias in measured
specialization

Mean estimated HHI of uncorrected and jackknife-corrected estimators by patients per
physician, simulation

Notes: Figure A.16 shows a Monte Carlo simulation of two estimators of physician specialization: the
uncorrected and the jackknife-corrected Herfindahl–Hirschman Index (HHI), on the 0–10,000 scale. The
uncorrected HHI is computed over each cancer type’s share of the physician’s total time, measured in
evaluation and management work Relative Value Units (wRVUs). The jackknife-corrected HHI is ĤHIjack =

ni ĤHI − ni−1
ni

∑ni

j=1 ĤHI(j), where ni is the physician’s number of patients, ĤHI is the uncorrected HHI,

and ĤHI(j) is the HHI recomputed leaving out patient j. The simulation draws patients independently,
drawing each patient’s cancer type from the aggregate cancer-type distribution and each patient’s wRVUs
from a lognormal distribution. The simulation is calibrated to the 2009 claims data using the aggregate
cancer-type distribution, the mean wRVUs per patient by cancer type, and the median, across oncologists
with at least 11 patients, of the coefficient of variation of each oncologist’s wRVUs per patient. The simulation
parameters imply a true HHI of 961, marked by the horizontal dashed line and used as the benchmark against
which to measure bias. The figure plots the mean uncorrected HHI and the mean jackknife-corrected HHI
across simulated physicians, against the number of patients per simulated physician (ni). Each plotted point
averages 50,000 simulated physicians. The vertical dotted lines mark the sample’s required minimum of 25
patients per physician, and the median and 75th percentile of patients per physician in 2009 among physicians
with at least 25 patients that year.
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Table A.6: The jackknife correction removes most of the finite-sample bias in measured
specialization for a general oncologist and for a specialist

Mean bias and SD of the HHI estimators by observed patients, simulation

Observed
patients (n)

Mean bias in
uncorrected HHI
(standard error)

SD of
uncorrected HHI

Mean bias in
jackknife-corrected HHI

(standard error)

SD of
jackknife-

corrected HHI

Panel A. General oncologist (true HHI 961)
11 1,381.3 718 175.4 914

(3.2) (4.1)
25 653.2 412 45.8 462

(1.8) (2.1)
50 336.9 264 11.2 281

(1.2) (1.3)
100 172.6 176 3.1 183

(0.8) (0.8)
200 86.7 120 0.1 123

(0.5) (0.6)

Panel B. 80% breast cancer specialist (true HHI 5,629)
11 869.0 2,058 164.7 2,714

(9.2) (12.1)
25 436.4 1,591 56.2 1,871

(7.1) (8.4)
50 221.1 1,210 7.6 1,333

(5.4) (6.0)
100 117.7 892 4.5 942

(4.0) (4.2)
200 59.5 649 1.0 668

(2.9) (3.0)

Notes : Table A.6 reports the mean bias and the standard deviation of two estimators of physician specialization
in a Monte Carlo simulation: the uncorrected and the jackknife-corrected Herfindahl–Hirschman Index (HHI),
on the 0–10,000 scale. The uncorrected HHI is computed over each cancer type’s share of the physician’s total
time, measured in evaluation and management work Relative Value Units (wRVUs). The jackknife-corrected

HHI is ĤHIjack = n ĤHI − n−1
n

∑n
j=1 ĤHI(j), where n is the physician’s number of patients, ĤHI is the

uncorrected HHI, and ĤHI(j) is the HHI recomputed leaving out patient j. The simulation draws patients
independently, drawing each patient’s cancer type from the physician’s cancer-type distribution and each
patient’s wRVUs from a lognormal distribution. The simulation is calibrated to the 2009 claims data using
the aggregate cancer-type distribution, the mean wRVUs per patient by cancer type, and the median, across
oncologists with at least 11 patients, of the coefficient of variation of each oncologist’s wRVUs per patient. In
Panel A, each simulated physician draws patients from the aggregate cancer-type distribution, for a true HHI
of 961. In Panel B, each simulated physician draws 80% of patients from breast cancer and 20% from the
other types in proportion to their aggregate shares, for a true HHI of 5,629. Each row uses 50,000 simulated
physicians. Mean bias and SD are the mean and the standard deviation, across simulated physicians, of the
estimated HHI minus the true HHI. Values in parentheses are Monte Carlo standard errors of the mean bias.
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Table A.7: Other measures of knowledge growth lead to the same conclusions as guideline
pages

Regressions of the change in HHI (2009–2014) on recentered exposure to knowledge growth, using alternative
measures or recentering controls

Change in HHI

(1) (2) (3) (4)
Guideline
citations

(100 citations)

Net scholarly
works

(100 works)

Guideline pages,
first guideline
as baseline
(100 pages)

Guideline pages,
recentered with
2009 length
(100 pages)

Panel A. Generalists (bottom 75% of initial specialization)

Knowledge growth 9.659 11.32 27.39 30.24
Robust SE (4.226) (5.079) (15.92) (21.40)
RI 95% CI [−0.298, 18.8] [−0.169, 21.9] [−13.5, 65.1] [−18.5, 73.4]

Observations 2,531 2,531 2,531 2,531
R-squared 0.002 0.002 0.001 0.001

Panel B. Specialists (top 25% of initial specialization)

Knowledge growth 12.27 16.30 14.50 70.16
Robust SE (14.60) (18.03) (56.71) (81.21)
RI 95% CI [−45.2, 69.7] [−48.6, 88.1] [−210, 252] [−167, 330]

Observations 779 779 779 779
R-squared 0.001 0.001 0.000 0.001

Notes: Table A.7 shows estimates of the estimating equation in Section 5.1, a regression of the change in
specialization from 2009 to 2014 on exposure to knowledge growth, using alternative measures or recentering
controls. Specialization is measured using a Herfindahl–Hirschman Index (HHI) over the types of cancer
that the oncologist evaluated and managed in the year, weighted by outpatient evaluation and management
work Relative Value Units (wRVUs). HHI is jackknife-corrected as detailed in Appendix C.3. Generalists are
the oncologists below the 75th percentile of the 2008 HHI distribution, and specialists are those at or above
it. Robust standard errors are in parentheses. Brackets show 95% confidence intervals from randomization
inference (RI), constructed as in Appendix D.5. Exposure to knowledge growth is recentered as described in
Section 5, using the predicted knowledge growth regression, Equation (2), applied to each column’s measure
of knowledge growth. Column 1 measures knowledge growth by the increase in guideline citations of any type.
Column 2 measures it by the net increase in scholarly works cited. Column 3 measures it by guideline pages,
using the page count of a cancer type’s first guideline as its baseline when that guideline appears during
the study period. Column 4 measures knowledge growth by guideline pages, as in Table 5, but adds each
guideline’s 2009 length to the predicted knowledge growth regression. All columns are univariate regressions
with no fixed effects, estimated on physicians with observed, non-singleton fixed effects for the following 2008
variables: age group, sex, market (hospital referral region), decile of patient count, organization size (the
number of oncologists at their primary organization), and academic affiliation. 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.8: In robustness checks, generalists still do not meaningfully increase their special-
ization, and specialist estimates remain imprecise

Regressions of the change in HHI (2009–2014) under alternative patient count thresholds, visit types or
recentering

Change in HHI

(1) (2) (3) (4) (5)
Baseline

(100 pages)
Two patients
per cancer

type
(100 pages)

Three patients
per cancer

type
(100 pages)

New patient
visits only
(100 pages)

Recentered
by incidence
(100 pages)

Panel A. Generalists (bottom 75% of initial specialization)

Knowledge growth 28.52 −3.246 1.166 31.07 30.93
Robust SE (17.69) (16.78) (16.71) (38.24) (18.13)
RI 95% CI [−14.4, 67.1] [−68, 58.3] [−98.2, 96.2] [−16.8, 84.3] [−13.4, 70.1]

Mean cancer types
per physician

15.3 9.7 6.9 10.2 15.3

Observations 2,567 2,567 2,567 981 2,567
R-squared 0.001 0.000 0.000 0.001 0.001

Panel B. Specialists (top 25% of initial specialization)

Knowledge growth 46.70 132.0 100.7 −102.7 32.51
Robust SE (60.22) (64.19) (79.35) (110.4) (62.03)
RI 95% CI [−167, 267] [−122, 381] [−151, 321] [−504, 334] [−177, 259]

Mean cancer types
per physician

11.8 7.0 4.8 6.6 11.8

Observations 858 858 858 328 858
R-squared 0.001 0.004 0.002 0.002 0.000

Notes: Table A.8 shows estimates of the estimating equation in Section 5.1, a regression of the change
in specialization from 2009 to 2014 on exposure to knowledge growth, using alternative constructions of
specialization, exposure or recentering. See Table 5 for the definitions of HHI, generalists, specialists,
recentered exposure, robust standard errors (in parentheses) and randomization-inference (RI) confidence
intervals (in brackets). All columns are univariate regressions with no fixed effects. Columns 2 and 3 raise to
two and three the number of patients of a cancer type a physician must see before that cancer type enters
their exposure measure. Column 4 builds both specialization and exposure from new patient evaluation
and management claims rather than all outpatient evaluation and management claims, and correspondingly
lowers to 11 the number of patients a physician must see to enter the sample. Column 5 replaces pc, the log
of the number of Medicare patients with cancer type c in 2008, with the log of the share of new Medicare
cancer patients in 2008 who have cancer type c in the predicted knowledge growth regression, Equation (2).
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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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 about how each patient is assigned a primary

cancer. Section B.3 provides details and examples about the construction of the indicator

for academic status for physicians. Section B.4 describes how I extract citations from the

guidelines and link them to scholarly works. Section B.5 describes how I wrote and checked

the analysis code.

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 create 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
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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

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-Hodgkin’s 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 a single category of

non-Hodgkin lymphoma in order to have a stable grouping over time. Similarly, the NCCN

Guidelines for basal and squamous cell cancer (both forms of skin cancer) were presented in

a single document until 2014, after which they were issued separately. I treat these jointly

under the broader category of “skin cancer guidelines.”

I also group screening and diagnosis NCCN Guidelines with treatment NCCN Guidelines

where relevant when counting guideline lengths and citation counts. For most cancers, all

types of recommendations are in a single guideline. However, breast and prostate cancer have

NCCN Guidelines for screening and diagnosis that are separate from those for treatment.

I group all types of NCCN Guidelines for breast cancer and all types of NCCN Guidelines

for prostate cancer together. This grouping ensures 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 switch 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

Appendix - 27



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, because NCCN Guidelines

are also organized by the anatomical origin of tumors. Although recent years have seen the

emergence of biomarker-driven, tissue-agnostic cancer therapies, the first such FDA approval

occurred in 2017 (Olivier, Haslam, and Prasad, 2021), which falls outside the primary panel

period analyzed here.

The anatomical organization of NCCN Guidelines suggests that 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 oncologist”, or “thoracic oncologist”.

B.2 Assigning Patients to a Primary Cancer

Cancer patients are defined as those with at least $250 (in 1999 inflation-adjusted dollars) of

Medicare 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. 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 (1.0% of patients in 2009).

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 (76%). In 2008, excluding patients coded only by their

most-visited oncologist, other providers contributed 57% of primary-cancer codes on average,
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and dropping the most-visited oncologist’s codes left the assigned primary cancer unchanged

for 92%.

B.3 Labeling Academic Physicians

This section discusses how I label 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. The label falls short of a definitive measure because of the inherent

challenges of binarizing the diversity of organizational arrangements in oncology and the

limitations of the data. Below I detail the process, which broadly emulates the approach of

Welch and Bindman (2016).

I use the Medicare Data on Provider Practice and Specialty (MD-PPAS) to proxy academic

status. For each year, the data contain the name associated with the tax ID number from

which the physician billed the most services in that year. I assign academic status based on

the name of this tax ID number. The tax ID reflects the organization or individual receiving

Medicare payments, and multiple physicians sharing the same primary tax ID are interpreted

as belonging to the same organization or group practice (ResDAC, 2024). In the balanced

panel, each physician’s academic status is fixed at its 2008 value. Exhibits that describe a

single year, such as Figure A.12 and Table A.5, instead use the MD-PPAS from that year.

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 its name 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 and state match the name and state of

record for an academic institution’s physician group. I also consider a tax ID to be academic

if the institution named listed an affiliation 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 the year of the data as I have more limited tools to

determine past affiliation status. Finally, I also consider a tax ID number to be academic if
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the institution named has a Hematology-Oncology fellowship training program, even if it is

not affiliated with a university.

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

HealthSystem is labeled as academic since its name contains the word “University” and it

was affiliated with the University of Chicago as of May 2024. This measure of academic

status prioritizes sensitivity (including all plausibly academic physicians) over specificity

(definitively excluding all non-academic physicians from the label of “academic”).

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

oncologists linked to a tax ID may understate the size of the organization’s medical oncology

practice.

B.4 Guideline Citations

I build the citation counts in several steps. First, I extract the citations from each guideline

using Claude Haiku 4.5 (Anthropic), a large language model. The model reads an image of

every page and lists each citation on the page with its authors, title, journal, and publication

year. Second, I clean each title by removing punctuation and standardizing spelling. Third,

I search for each cleaned title in OpenAlex (Priem, Piwowar, and Orr, 2022). The search

returns candidate works published within one year of the citation’s publication year, when

the citation lists one. It ranks the candidates by a relevance score, which measures how

closely each candidate fits the cleaned title. Fourth, I accept a candidate as the citation’s

match if its score clears a cutoff, or if its score clears a lower cutoff and the candidate’s first

author also appears among the citation’s authors. I set the cutoffs by inspecting candidates

just above and below them by hand.
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B.5 Code

I wrote and checked the analysis code with the help of Claude Code (Anthropic), an AI

coding tool. The research design and all analysis choices are my own. No AI tool had access

to the confidential Medicare claims data. I developed and tested all claims code on simulated

claims data, then ran it myself on the secure server that holds the claims. The code includes

automated checks on the data. For example, many merges declare the expected key structure

(one-to-one or many-to-one) and halt if the data violate it, and assertions halt the run when

conditions or assumptions fail. Where possible, results in the paper are read directly from

pipeline output files rather than typed by hand.
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C Measurement Error in Physician Specialization

This appendix characterizes the measurement error in estimated physician specialization

and describes the approach used to correct it. Physician specialization is estimated from

a finite panel of observed patients, and finite sampling biases the estimate upward. The

uncorrected HHI overstates true specialization on average, and the overstatement grows as

the number of observed patients falls, most severely for generalists. The bias is not classical

measurement error, so left uncorrected it can bias the regression estimates rather than only

widening their confidence intervals. Every HHI reported in this paper is bias-corrected with

a delete-one-patient jackknife, which removes most of the bias. Section C.1 lays out the

sampling model and derives the bias in the simple case where each patient counts equally.

Section C.2 presents an exact correction for that case and explains why the paper’s time-

weighted measure requires a different one. Section C.3 presents the jackknife correction that

the paper applies. Sections C.4 and C.5 measure in simulation how much bias the correction

removes and how much variance it adds. Section C.6 describes the bias that remains at the

sample’s patient counts and how the research design limits it, and Section C.7 summarizes.

C.1 The Sampling Model and the Bias

Recall that the main text defines specialization as an HHI over each cancer type’s share of the

oncologist’s time, measured in evaluation and management work relative value units (wRVUs).

Write τic for the population share of oncologist i’s time spent on cancer type c and t̂ic for the

share observed in the data. The estimand is the time-weighted index HHIi = 10,000
∑

c τ
2
ic,

and the uncorrected estimate is ĤHIi = 10,000
∑

c t̂
2
ic.

The statistical model treats the patient as the unit of random sampling. Physician i’s

observed patients are indexed j = 1, . . . , ni. Each patient carries one cancer type, drawn

from the physician’s true mix with probability πic and
∑

c πic = 1, and a weight wij > 0, her

total wRVUs for the year. The observed time share t̂ic is then the sum of wij over observed
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patients with cancer type c divided by the sum over all observed patients.

One assumption is maintained throughout: conditional on the physician’s true mix,

patients’ cancer types are independent draws. The data support treating the observed

patients as random draws, since the 20% Medicare sample is itself drawn at the beneficiary

level, so the observed patients are a random subsample of the physician’s Medicare patients.

Consider first the simple case where each patient counts equally, so that τic = πic

and t̂ic = xic/ni, where xic is the number of observed patients with cancer type c, and

ĤHIi = 10,000
∑

c(xic/ni)
2. A physician who treats a single cancer type is estimated without

error at any patient count, since every possible draw of her patients yields ĤHIi = 10,000.

For any less specialized physician, the patient count matters.

Suppose instead the physician splits her practice evenly between two cancer types, so

that HHIi = 5,000. From one observed patient, I will mechanically estimate ĤHIi = 10,000.

From two observed patients, the smallest value I can estimate is ĤHIi = 5,000, and the draws

in which both patients share a cancer type still yield 10,000. As the number of observed

patients grows, the expected estimate approaches the truth from above.

The exact bias follows from three short steps. Each observed count is marginally binomial,

xic ∼ Binomial(ni, πic), so E[xic] = niπic and Var(xic) = niπic(1− πic). Because the second

raw moment of any random variable is its variance plus its squared mean, the expected

squared share is

E

[(
xic

ni

)2
]
= π2

ic +
πic(1− πic)

ni

. (C.1)

Each observed share is an unbiased estimate of πic, but squaring is convex, so the expected

square exceeds the squared truth by exactly the variance of the share. Summing over cancer

types and applying the identities
∑

c πic = 1 and 10,000
∑

c π
2
ic = HHIi gives the bias equation

E[ĤHIi] = HHIi +
10,000− HHIi

ni

. (C.2)

The bias is positive whenever HHIi < 10,000 and shrinks in proportion to 1/ni, that is, as
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the patient count grows. It matches both examples: it is zero at every patient count for the

single-type physician and 5,000 at one observed patient for the two-type physician.

The bias has a useful interpretation, borrowed from population genetics, where a similar

measure to the HHI estimates the diversity of genes (Nei, 1987). Computing ĤHIi amounts

to drawing two patients at random from the observed sample with replacement and asking

whether they share a cancer type. With replacement, the same patient can be drawn twice,

which happens with probability 1/ni, and a patient always shares a cancer type with herself.

The guaranteed self-match is the entire bias.

The bias is not classical measurement error. Its mean is not zero, and it varies with

patient volume, the number of observed patients ni, which differs across oncologists, so no

constant absorbs it. Left uncorrected, the error can therefore bias the regression estimates

rather than only widening their confidence intervals.

C.2 An Exact Correction and Why Time Weighting Breaks It

Because Equation C.2 is linear in HHIi, it can be inverted exactly. Solving for HHIi and

replacing the expectation with the observed value defines the closed-form corrected estimator

ĤHIcfi =
niĤHIi − 10,000

ni − 1
, (C.3)

which is unbiased for every ni ≥ 2. The same correction gives the unbiased estimate of gene

diversity in population genetics (Nei, 1987).

Recall that the paper’s measure weights each patient by her share of the physician’s

time rather than counting patients equally. The weights are related to cancer types: certain

cancers absorb more evaluation and management time per patient than others. In the 2009

claims data, a patient-level chi-squared test rejects that a patient’s wRVUs are unrelated to

her cancer type, among patients of physicians with at least 11 evaluation and management

patients (χ2(34) = 15,226.2, p <0.001).
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The closed-form correction of Equation C.3 is no longer exact under this dependence.

Extending it to weighted shares is exact only if patients’ weights are unrelated to their cancer

types, because only then can the patient weights be held fixed while the cancer types remain

independent draws. The data reject that condition. Rather than assume independence, the

paper uses a correction that does not require it.

C.3 The Jackknife Correction

I compute each physician’s HHI ni + 1 times: once from all ni observed patients, and ni

more times leaving out one patient at a time. Writing ĤHI(j) for the HHI computed without

patient j, the jackknife-corrected HHI is

ĤHIjacki = ni ĤHIi −
ni − 1

ni

ni∑
j=1

ĤHI(j). (C.4)

The delete-one-patient jackknife is a standard method for reducing finite-sample bias

(Cameron and Trivedi, 2005, section 11.5.5). It removes the part of the bias that shrinks in

proportion to 1/ni. It requires no assumption about how wRVUs relate to cancer types: the

correction is computed entirely from the physician’s own observed patients, weights included.

In the equal-weight case, the jackknife reproduces the exact correction of Equation C.3

exactly. Write Qi =
∑

c x
2
ic, so that ĤHIi = 10,000Qi/n

2
i . Removing one patient of type c

gives ĤHI(j) = 10,000 (Qi − 2xic + 1)/(ni − 1)2. Summing over the ni patients, where type c

appears xic times and
∑

c xic·2xic = 2Qi, yields
∑ni

j=1 ĤHI(j) = 10,000 [(ni−2)Qi+ni]/(ni−1)2.

Substituting into Equation C.4 and simplifying gives

ĤHIjacki = 10,000 · Qi − ni

ni(ni − 1)
= ĤHIcfi , (C.5)

so in the one case where the exact answer is known, the jackknife recovers it.

A smaller bias can remain after the correction. How much remains, at the sample’s patient
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counts, is an empirical question. The next section measures it in simulation.

C.4 Evidence on Bias

I measure the remaining bias in a Monte Carlo simulation. Each simulated physician draws

patients at random from the aggregate cancer-type distribution of patients in the claims data,

which yields a general oncologist with a true HHI of 961 points. This is a conservative choice:

by Equation C.2, bias grows as the true HHI falls, so the simulation studies the case with the

most bias.

The simulation’s remaining inputs are also estimated from the claims data: mean time per

patient by cancer type, the coefficient of variation of time per patient within a cancer type, set

to its median across types, and the distribution of patients per physician. Each patient-count

cell simulates 50,000 physicians and evaluates the uncorrected and the jackknife-corrected

HHI against the true time-weighted HHI implied by the parameters.

Figure A.16 plots the mean uncorrected and jackknife-corrected HHI against the number

of patients, and Table A.6 reports the estimated bias of each with simulation standard errors.

The uncorrected HHI has a mean bias of 1,381 points at 11 patients, falling to 653 points at 25

(the sample minimum), 337 points at 50 (approximately the sample median), and 173 points

at 100. As a share of the true HHI, the uncorrected estimator overstates specialization by

68% at 25 patients, 35% at 50, and 18% at 100. A general oncologist with a true HHI of 961

measures about 1,610 on average at the sample’s 25-patient minimum. Nearly half of the

measured value is bias. The bias is both substantial and uneven across the sample’s patient

counts.

The jackknife removes most of this bias. Mean bias falls to 175 points at 11 patients,

46 points at 25, 11 points at 50, and 3 points at 100, or 4.8%, 1.2%, and 0.3% of the true

HHI at 25, 50, and 100 patients. At the sample minimum and above, the remaining bias is

under 10% of the uncorrected bias, and it is much flatter across patient counts.

The second panel of Table A.6 repeats the exercise for a specialist. The 80% breast
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cancer specialist draws 80% of her patients from breast cancer and spreads the remaining

20% over the other types in proportion to the aggregate mix, for a true time-weighted HHI of

5,629 points. Her uncorrected HHI has a mean bias of 869 points at 11 patients, 436 points

at 25 patients, and 221 points at 50 patients. The jackknife reduces her mean bias to 165, 56,

and 8 points, respectively. At the sample minimum and above, the remaining bias is at most

1.0% of her true HHI.

I check the simulation against the claims data. For every physician with at least 50

observed patients in 2009, I compute the jackknife-corrected HHI twice: once from 25 of her

patients drawn at random, and once from all of her observed patients. Both estimate the same

true HHI, so any average gap between them is measurement error, and the simulation predicts

its size. Across 2,191 physicians, the gap averages 38 HHI points (s.e. = 12). The simulation,

run through the same exercise for the general oncologist, predicts a gap of 39 points. The

claims data show the gap the simulation predicts.

C.5 Evidence on Noise

The correction buys its bias reduction with slightly more noise. The standard-deviation

columns of Table A.6 show that the jackknife-corrected HHI is more dispersed than the

uncorrected HHI at every patient count. For the general oncologist at 25 patients, the

standard deviation is 462 points against 412, or 12% higher.

Noise falls with patient count. For the general oncologist, the standard deviation of the

corrected HHI is 462 points at 25 patients, 281 points at 50, and 183 points at 100. Estimates

for physicians observed with more patients are therefore more precise.

Noise is not monotone in the true HHI. With the correction at 25 patients, the standard

deviation is zero for a single-cancer specialist (true HHI 10,000 points), 1,871 points for

the 80% breast cancer specialist (5,629 points), and 462 points for the general oncologist

(961 points). A physician treating a single cancer type is measured with zero error at any

patient count, and physicians between the extremes carry the most noise.
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Higher variance makes differences and changes in measured HHI harder to detect. Since

the variance is not monotone in the true HHI, whether measurement variance is in fact higher

for specialists in the claims data is an empirical question. Measurement noise that varies with

patient count and with the level of the HHI is heteroskedasticity, which the main regressions’

robust standard errors absorb. The noise that remains after the bias correction is near mean

zero, so it widens confidence intervals rather than biasing coefficients.

C.6 What the Paper Does

The paper’s baseline measure combines the 25-patient sample minimum with the jackknife

correction. Every HHI reported in this paper is the jackknife-corrected value, computed from

all of a physician’s observed patients in the year.

At the sample’s patient counts, the bias that remains is small. Among 2009 physicians

with at least 25 patients, the median patient count is 45, and at that count the simulation

puts the remaining mean bias at 17 HHI points, against a mean HHI of 1,474. Most of the

upward bias in measured specialization is therefore removed before any regression is run.

The research design limits what the remaining bias can do. The main estimates use

within-physician changes in HHI over time, and the remaining bias is positive in both years,

so it partially cancels in the difference, particularly for physicians whose patient volume is

stable. The main results also include a specification with patient-volume fixed effects, which

can absorb systematic variation in the remaining bias associated with patient count.

C.7 Summary

The finite-sample error in measured specialization is large, and it is not classical measurement

error. The uncorrected estimator overstates specialization by 68% at the 25-patient sample

minimum, and the overstatement varies with patient volume, so the error can bias the

regression estimates. In the simulation calibrated to the claims data, the jackknife correction

removes more than 90% of this bias at the sample minimum and above, and the remaining bias
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partially cancels in within-physician changes. The correction slightly increases the variance

of the estimated HHI, which widens confidence intervals, and the variance differs by patient

count and by true HHI, so estimates are less precise where measurement variance is higher.

The correction and the research design together limit what the remaining measurement error

can do to the estimated change in specialization.
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D Randomization Inference

This appendix gives the full construction of the randomization inference summarized in

Section 5.4. Every p-value and placebo interval in the balance tables, and every p-value and

confidence interval for the main estimates, is computed by randomization inference, which

treats the cancer-level knowledge shocks, not physician-level knowledge shocks, as the source

of randomness. The one exception is balance table column (1), whose randomization inference

reassigns unadjusted exposure to knowledge growth at random across physicians.

Section D.1 explains the randomization inference test, which compares the coefficient

estimated on the observed data with coefficients computed after reassigning the knowledge

shocks at random across cancer types. Section D.2 computes one-sided and two-sided p-

values from the rank of the coefficient estimated on the observed data among the coefficients

from the reassignments of the knowledge shocks, rather than assuming a formula for the

distribution of a coefficient or test statistic. Section D.3 builds each physician’s placebo

exposure to knowledge growth from knowledge shocks reassigned in standard-deviation units.

Section D.4 applies randomization inference to the balance tables, which check whether

physician characteristics measured in 2008 predict exposure to knowledge growth. Section D.5

builds confidence intervals for the main estimates from every effect size the randomization

inference test cannot reject. Section D.6 allows for estimation error in the coefficients of the

predicted knowledge growth regression.

D.1 Random Reassignment of Knowledge Shocks

Exposure to knowledge growth and knowledge shocks. As defined in Section 3.3,

physician i’s exposure to knowledge growth ∆ki sums knowledge growth ∆kc over Ci, the set

of cancer types physician i treated. The predicted knowledge growth regression, equation (2)

in Section 5.3, is a Poisson regression that predicts each cancer type’s knowledge growth

from observable cancer characteristics. Write δ for the vector of its four coefficients, δ̂ for the
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estimate of δ, and Ê[∆kc] for the predicted knowledge growth of cancer type c. Cancer type

c’s knowledge shock is realized minus predicted knowledge growth, ∆kc − Ê[∆kc]. Physician

i’s recentered exposure to knowledge growth ∆k̃i sums the knowledge shocks over Ci.

Logic of the randomization inference test. The realized coefficient β̂ is the estimate, on

the observed data, of the coefficient of interest, such as β in equation (1). Every randomization

inference test in this appendix asks whether a coefficient, or, for the joint test of Section D.4,

an F -statistic, as extreme as the realized one would be unlikely under a null hypothesis.

Rather than assuming a formula for the distribution of a coefficient or test statistic under the

null hypothesis, randomization inference builds that distribution from placebo draws, defined

below.

Placebo draws. The tests for the main estimates and for balance table columns (2) to (4)

of Section D.4 reassign the knowledge shocks across cancer types. For the main estimates,

the null hypothesis is that knowledge growth has no effect, and the maintained assumption is

that the knowledge shocks are as good as randomly assigned. For balance table columns (2)

to (4), the null hypothesis is that the knowledge shocks are as good as randomly assigned.

These tests follow three steps. First, reassign the knowledge shocks across the 35 cancer

types. Second, rebuild each physician’s recentered exposure to knowledge growth from the

reassigned knowledge shocks. Third, recompute the regression coefficient. Each reassignment

of the knowledge shocks is one placebo draw (a placebo shock realization in Section 5.4). The

test for balance table column (1) instead reassigns unadjusted exposure to knowledge growth

(∆ki) across physicians.

I use 999 placebo draws, indexed by b = 1, . . . , 999, which give 999 placebo coefficients

β̂(b).
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D.2 p-Values

Each p-value is based on the realized coefficient’s rank among 1,000 coefficients, the 999

placebo coefficients of Section D.1 plus the realized coefficient itself.

Upper one-sided p. The upper one-sided p measures how far into the upper tail of the

coefficient’s distribution under the null hypothesis the realized coefficient sits. Count the

coefficients at or above the realized coefficient, out of the 1,000, with the realized coefficient

counted among them (the +1 below),

p+ =
1 +#{b : β̂(b) ≥ β̂}

1,000
. (D.1)

Its smallest possible value is 0.001, since the count includes the realized coefficient itself.

The joint test, defined in Section D.4, applies the same formula to the F -statistic in place

of the coefficient, since only a large F -statistic is evidence against the null hypothesis.

Two-sided p. The two-sided p is used for the regression coefficients in the balance tables and

the main estimates. In both, a coefficient in either tail is evidence against the null hypothesis.

The lower one-sided p mirrors the upper one-sided p,

p− =
1 +#{b : β̂(b) ≤ β̂}

1,000
. (D.2)

Take the smaller of the two one-sided p-values and double it, with a ceiling of 1,

p = min
(
1, 2min[p−, p+]

)
. (D.3)

Each one-sided p is at least 0.001, so the smallest two-sided p is 0.002.
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D.3 Placebo Exposure to Knowledge Growth

Standardized knowledge shocks. For the main estimates and balance table column (4),

each placebo draw of Section D.1 reassigns the knowledge shocks across cancer types as

standardized Poisson residuals.

The standardized Poisson residual is

∆k̃ P
c =

∆kc − Ê[∆kc]√
Ê[∆kc]

. (D.4)

In words, it is cancer type c’s knowledge shock (realized knowledge growth minus predicted

knowledge growth), divided by the Poisson-implied standard deviation of cancer type c’s

knowledge growth,

√
Ê[∆kc]. A Poisson variance equals its mean, so the division puts every

cancer type’s knowledge shock in standard-deviation units.

Placebo knowledge growth. In placebo draw b, the standardized Poisson residuals are

reassigned at random across the 35 cancer types. Cancer type c inherits the standardized

Poisson residual of cancer type σb(c), where σb is a random permutation of the cancer types.

Cancer type c’s placebo knowledge growth in placebo draw b is

∆k(b)
c = Ê[∆kc] +

√
Ê[∆kc] ∆k̃ P

σb(c)
. (D.5)

In words, cancer type c keeps its own predicted knowledge growth and adds a random residual,

scaled by cancer type c’s own Poisson-implied standard deviation.

In placebo draw b, physician i’s placebo exposure to knowledge growth sums the placebo

knowledge shocks over the cancer types physician i treated,

∆k̃
(b)
i =

∑
Ci

(
∆k(b)

c − Ê[∆kc]
)
. (D.6)

Each physician’s cancer types stay the same in every draw; only the knowledge growth of
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those cancer types changes.

Coefficients held fixed. The predicted knowledge growth regression is estimated once,

on the observed data, and its coefficients δ̂ are held fixed across all placebo draws. I call

randomization inference with δ̂ held fixed the baseline version of randomization inference.

Borusyak and Hull (2021) note that holding fixed the estimated parameters of the process

that assigns the shocks, here δ̂, is a simpler alternative to their worst-case treatment of

estimation error. Section D.6 builds versions of randomization inference that do not hold δ̂

fixed.

D.4 Balance Tables

In each of four columns, the balance tables report a placebo interval for each physician

characteristic and a joint test of all the characteristics together.

Balance on physician characteristics. If the knowledge shocks are as good as randomly

assigned, physician characteristics measured in 2008 should not predict the knowledge

shocks of the cancer types a physician treats, and so should not predict recentered exposure

to knowledge growth. The balance tables in Section 5.5 test that prediction by regressing

exposure to knowledge growth on those characteristics. A characteristic that predicts exposure

to knowledge growth more strongly than it does in the placebo draws is evidence that the

knowledge shocks are not as good as randomly assigned.

Balance table columns.

• Column (1), unadjusted exposure. Column (1) reassigns unadjusted exposure ∆ki itself

at random across physicians, under the null hypothesis that unadjusted exposure is

randomly assigned across physicians. Each such reassignment is one placebo draw.

• Column (2), recentered on the mean. Column (2) subtracts the mean growth across all

cancer types, ∆k, in place of predicted knowledge growth. Cancer type c’s knowledge
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shock is then realized knowledge growth minus ∆k,

∆kc −∆k. (D.7)

Each placebo draw reassigns these knowledge shocks across the 35 cancer types. Physi-

cian i’s recentered exposure is rebuilt by summing the reassigned knowledge shocks

over Ci, the cancer types physician i treated.

• Columns (3) and (4), recentered with a Poisson regression. Column (3) reassigns

the standardized Poisson residuals from a Poisson regression on prevalence alone.

Column (4) reassigns the standardized Poisson residuals from the predicted knowledge

growth regression, which adds an indicator for high-quality surrogate endpoints and

its interaction with prevalence. The tests for the main estimates reassign the same

residuals.

Reported statistics. Like the balance table in Borusyak and Hull (2023), the balance

tables report standard errors and the joint test’s p-value, and no confidence interval. I also

report, for each row, the placebo interval.

Placebo interval. The placebo interval runs from the 2.5th to the 97.5th percentile of the

placebo coefficients across the 999 placebo draws,

[
q2.5

(
β̂(b)

)
, q97.5

(
β̂(b)

) ]
. (D.8)

The placebo interval is not a confidence interval but the middle 95% of the coefficient’s

distribution under the null hypothesis. Each balance table column’s placebo interval comes

from that column’s own placebo draws. In balance table column (4), these are the draws of

the baseline version of randomization inference, which hold the coefficients δ̂ fixed.

The placebo interval lies around zero, where the placebo coefficients fall. The realized

coefficient lies outside the placebo interval exactly when the two-sided p is at or below 0.05.
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Joint test. Each row tests one characteristic. The joint test asks whether the physician

characteristics, taken together, predict a balance table column’s exposure measure better

than they predict the placebo version of that exposure measure in that column’s placebo

draws. The statistic is the standard F -statistic for joint significance in the regression of that

exposure measure on all the physician characteristics. I compute it on the observed data

and on each placebo draw. The joint test’s p-value is the upper one-sided p+ of Section D.2

applied to the F -statistic.

D.5 Test-Inversion Confidence Intervals

For the main estimates, the randomization inference test of Section D.1 has the null hypothesis

that knowledge growth has no effect. Each confidence interval comes from repeating that test

for each candidate value of β, in six steps. A computational shortcut speeds up those steps.

Comparison with conventional confidence intervals. The main estimates are point

estimates of β, the effect of knowledge growth on specialization. A confidence interval gives

the range of effect sizes consistent with the data. A conventional confidence interval treats

physicians as independent observations and relies on asymptotics in the number of physicians.

Randomization inference makes neither assumption.

Here the randomness comes from the 35 knowledge shocks. For each candidate effect size,

I apply the randomization inference test of Section D.1, with the same placebo draws and

the two-sided p-value of Section D.2, to an adjusted outcome that subtracts the candidate

effect times recentered exposure to knowledge growth. The confidence interval collects every

candidate effect size this test cannot reject. The procedure is the test-inversion construction

of Borusyak and Hull (2021).

Sharp null hypothesis. Fix a candidate effect β0 (the subscript indicates the sharp null

hypothesis being tested). The sharp null hypothesis is that the true effect is exactly β0 for

every physician. Write yi for the physician’s outcome (the change in specialization or in
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the count of cancer types), and recall that ∆k̃i is the physician’s recentered exposure. The

adjusted outcome is

yi − β0∆k̃i. (D.9)

If β0 is the true effect, subtracting β0 ∆k̃i removes exactly the effect of the knowledge shocks.

The adjusted outcome then does not depend on the knowledge shocks, so the randomization

inference test of a zero effect from Section D.1 applies to it exactly. The confidence interval

for the true effect β is every candidate β0 that test fails to reject at 5%, using the two-sided p.

The test-inversion intervals are confidence intervals in the usual sense, under the maintained

assumption that the knowledge shocks are as good as randomly assigned, with the coefficients

δ̂ held fixed. They contain the true effect with probability at least 95% over reassignments of

the knowledge shocks, and zero lies outside exactly when the test of a zero effect rejects at

5%.

Mechanics. Before the steps below, I regress the outcome, observed recentered exposure and

each placebo draw’s placebo exposure to knowledge growth on the controls Xi in equation (1),

and keep the residuals. By the Frisch–Waugh–Lovell theorem, this gives the same coefficient

on exposure as including the controls in every regression. The procedure has six steps.

1. At candidate β0, form the adjusted outcome.

2. Regress the adjusted outcome on observed recentered exposure ∆k̃i. The coefficient is

β̂ − β0.

3. Regress the adjusted outcome on each placebo draw’s placebo exposure ∆k̃
(b)
i to get

the 999 placebo coefficients.

4. The p-value at β0 is the two-sided p of Section D.2 over these 1,000 coefficients.

5. The confidence interval for β is every candidate β0 with p above 0.05. Each endpoint is

found by bisection, halving the gap between a candidate the test does not reject and
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one it rejects. The search stops when the gap is below 10−6 times the larger of 1 and

the endpoint’s absolute value.

6. If no candidate above β̂ is rejected, the confidence interval is unbounded above. If no

candidate below β̂ is rejected, the confidence interval is unbounded below.

A computational shortcut. The shortcut replaces the regressions in steps 2 and 3 and

leaves every coefficient and p-value unchanged. The shortcut computes the placebo coefficient

β̂(b) at candidate β0, the slope from regressing the adjusted outcome on the placebo exposure.

A regression slope is a covariance ratio,

β̂(b)(β0) =
cov

(
yi − β0∆k̃i, ∆k̃

(b)
i

)
var

(
∆k̃

(b)
i

) . (D.10)

Covariance is linear in each argument,

cov
(
yi − β0∆k̃i, ∆k̃

(b)
i

)
= cov

(
yi, ∆k̃

(b)
i

)
− β0 cov

(
∆k̃i, ∆k̃

(b)
i

)
. (D.11)

Divide through by var
(
∆k̃

(b)
i

)
and name the two slopes that appear,

cb =
cov

(
yi, ∆k̃

(b)
i

)
var

(
∆k̃

(b)
i

) db =
cov

(
∆k̃i, ∆k̃

(b)
i

)
var

(
∆k̃

(b)
i

) . (D.12)

So the placebo coefficient at β0 is

β̂(b)(β0) = cb − β0 db. (D.13)

The slopes cb and db are computed once per placebo draw and reused for every candidate β0

to compute the p-value at that candidate. For step 2, the same algebra with ∆k̃i in place of

∆k̃
(b)
i gives β̂ − β0.
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D.6 Estimation Error in Predicted Knowledge Growth

Two extensions of randomization inference allow for estimation error in the coefficients δ̂ of

the predicted knowledge growth regression.

Source of the estimation error. Sections D.1 through D.5 use the baseline version of

randomization inference defined in Section D.3, which holds the coefficients δ̂ fixed. The

coefficients δ̂ are estimates, so they contain estimation error. That error carries into predicted

knowledge growth, the knowledge shocks, and the standardized Poisson residuals that are

reassigned.

The coefficients δ̂ are estimated from the same 35 cancer types whose standardized Poisson

residuals are reassigned. Borusyak and Hull write that in some cases confidence intervals

computed with the estimated parameters held fixed (here δ̂) “are asymptotically correct [. . . ],

although general conditions for this are unknown” (Borusyak and Hull, 2021, appendix C.5).

Two extensions of randomization inference. One extension of randomization inference

assumes a normal distribution for δ̂ and draws δ from it. I call this the normal-draws version

of randomization inference. The other extension of randomization inference takes the worst

case, that is, the largest p-value over the values of δ that the data cannot rule out, following

Berger and Boos (1994), as Borusyak and Hull (2021) propose when the process that assigns

the shocks has parameters that must be estimated. I call this the Berger–Boos version of

randomization inference.

Normal-draws version of randomization inference. The normal-draws version of

randomization inference runs in five steps.

1. Draw δ 200 times from the estimated normal distribution of δ̂, with mean δ̂ and the

robust covariance matrix of δ̂.

2. At each normal draw of δ, recompute predicted knowledge growth, then the standardized

Poisson residuals against that predicted knowledge growth.
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3. Reassign those standardized Poisson residuals and rebuild the placebo exposures to

knowledge growth as in Section D.3.

4. Recompute the coefficient on observed recentered exposure to knowledge growth with

that normal draw’s predicted knowledge growth, then the 999 placebo coefficients and

the two-sided p exactly as in Section D.2.

5. The reported p is the mean of the 200 p-values, one per normal draw.

The confidence interval comes from test inversion as in Section D.5, using the mean p and

the same bisection.

The normal-draws version of randomization inference accounts for estimation error on

average, not in the worst case, and assumes δ̂ is normally distributed. Normality is a

large-sample approximation, and δ̂ is estimated from only 35 cancer types.

Berger–Boos version of randomization inference. It runs in five steps.

1. Take a confidence set for δ, a region that contains the true δ with approximately 99.9%

probability in large samples. I use the ellipsoid implied by the robust covariance matrix

of δ̂.

2. Cover the confidence set with a fixed grid of 1,009 possible values of δ:

• δ̂ itself, the center of the confidence set (1 point).

• Two points on the boundary in each of four directions, one on each side of δ̂

(8 points). The directions are the columns of the Cholesky factor of the robust

covariance matrix of δ̂.

• 600 randomly drawn points on the boundary of the confidence set (600 points).

• Two points inside the confidence set toward each of 200 of those boundary points,

one halfway from δ̂ and one three-quarters of the way (400 points total).
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3. At each grid point, recompute predicted knowledge growth and the standardized Poisson

residuals using the grid point’s value of δ instead of δ̂. Then rerun the randomization

inference test of Section D.1, recomputing the coefficient on observed recentered exposure

with that grid point’s predicted knowledge growth. The coefficient reported in the

tables, β̂, is still the one computed at δ̂. Each grid point’s test uses level 4.9% instead

of 5%. The remaining 0.1% allows for the chance that the confidence set misses the

true δ, so the overall level is at most 5% in large samples.

4. The reported p is the largest p across the 1,009 grid points, plus 0.001 for that 0.1%

chance, capped at 1 because a p-value cannot exceed 1.

5. Each grid point also gives its own confidence interval, by the test inversion of Section D.5

at level 4.9%. The Berger–Boos confidence interval runs from the smallest lower endpoint

to the largest upper endpoint across those 1,009 intervals.

Ideally, step 4 would take the largest p over the entire confidence set, not only over the

grid. The largest p can sit between grid points, so the reported p can understate, but never

overstate, the p that step 4 would give over the entire confidence set.

Berger–Boos versus baseline version of randomization inference. The Berger–Boos

version of randomization inference is conservative by construction. Its p is never below the

p from the baseline version of randomization inference, and its confidence interval always

contains the baseline confidence interval. Both hold because δ̂ is one of the 1,009 grid points.

The largest p over the grid is at least the p at δ̂. The Berger–Boos interval also contains the

interval at δ̂, which uses level 4.9% rather than 5% and so contains the baseline interval.

Baseline version of randomization inference in the balance tables. In a balance

test, a small p flags imbalance. The Berger–Boos p is never smaller than the baseline p, so it

would flag imbalance less often. The baseline version of randomization inference is therefore

the stricter test of balance, and the balance tables report it.
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Versions of randomization inference reported. For the main estimates, the paper’s

p-values and confidence intervals come from the baseline version of randomization inference.

Appendix E shows that, for the specialization estimates, the normal-draws confidence intervals

are wider than the baseline confidence intervals but lead to the same conclusions. For the

main estimates, the Berger–Boos confidence intervals are unbounded, so they rule out nothing.

Appendix E notes this, and no table prints them, because they are uninformative for every

estimate.
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E Robustness Checks

The main findings rest on several design choices. Each robustness check below changes one of

these choices and compares its estimates with the main estimates. The choices the robustness

checks vary include how the confidence intervals are built, how knowledge growth is measured

and recentered, when a physician counts as exposed to a cancer’s guideline growth, and which

visits build the HHI.

The robustness checks below omit the fixed effects for physician characteristics. Identifi-

cation does not rest on these fixed effects. The balance tests in Section 5.5 find no evidence

that the six physician characteristics are jointly related to recentered exposure to knowledge

growth, so there is little sign of the omitted variable bias that the fixed effects would correct.

In addition, across most regressions, adding the fixed effects leaves the confidence intervals

the same or wider, reducing precision in many estimates. In the main results, including the

fixed effects changes no conclusion.

The main conclusions hold when the confidence intervals allow for error in the estimate of

predicted knowledge growth, except under the worst-case confidence intervals. The baseline

version of randomization inference holds the coefficients that predict knowledge growth from

cancer characteristics (equation (2)) fixed at their estimated values (Borusyak and Hull, 2023),

which could overstate precision. One extension instead draws these coefficients from their

estimated distribution, assuming the estimation error is normally distributed. The generalist

confidence interval then widens by about 5% and still rules out increases above 68 HHI points

per 100 pages. The specialist confidence interval widens by about 15% and still includes

zero. The other extension builds worst-case confidence intervals, which use the least favorable

coefficients the data allow (Berger and Boos, 1994), in line with the approach of Borusyak

and Hull (2023) (Appendix D.6). The worst-case confidence intervals are unbounded for

every estimate and so rule out nothing.

Three other measures of knowledge growth lead to the same conclusions as guideline

pages, for generalists and specialists (Table A.7). Two of the measures track the scientific
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literature behind the guidelines more directly than page counts: the increase in the number

of guideline citations and the net increase in scholarly works cited. For generalists, the

confidence intervals with these two measures rule out rises above 19 HHI points per 100

citations and 22 HHI points per 100 scholarly works. The third measure treats a cancer type’s

first guideline as documentation of knowledge that already existed rather than as knowledge

growth. This approach uses the page count of the first guideline as the baseline page count

for the three cancer types whose first guideline appears during the study period. With this

approach, the generalist confidence interval still has an upper bound of 66 HHI points per

100 pages, essentially the same bound as with guideline pages. For specialists, the confidence

intervals remain wide under all three measures, so the data still neither confirm nor rule out

a meaningful specialization response to knowledge growth.

Scaling page growth by each physician’s baseline pages also leaves the conclusions un-

changed. Relative knowledge growth is measured by dividing recentered exposure to knowledge

growth by a physician’s total baseline pages in 2009, counting a first guideline that appears

during the study period as baseline pages. The same absolute page growth is a larger relative

growth for a physician with few baseline pages, so those physicians contribute more variation

and thus carry more weight than in the main specification. For generalists, the confidence

interval rules out rises above 714 HHI points for page growth equal to a physician’s baseline

pages. For a generalist with the average number of baseline pages, this result reflects at most

a rise of 61 HHI points per 100 pages, essentially the same as without scaling. For specialists,

the confidence interval is about eight times as wide, so the data again leave open whether

they respond meaningfully to knowledge growth.

Recentering exposure to knowledge growth in two other ways leads to the same conclusions

for generalists and specialists. Recentering by each cancer’s 2008 incidence instead of its

prevalence changes little (Table A.8). The generalist confidence interval still has an upper

bound of 71 HHI points per 100 pages, and the specialist confidence interval remains about as

wide as in the main specification. The other modification of recentering adds each guideline’s
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2009 length to the prediction of knowledge growth, because initial length could also predict

future growth (Table A.7, Column 4). The generalist confidence interval then rules out rises

above 74 HHI points per 100 pages, and the specialist confidence interval remains about as

wide as in the main specification. The main results therefore hold whether the prediction of

knowledge growth uses incidence or prevalence and whether it includes 2009 length.

The conclusions also hold when a physician must have more observed patients with a

cancer type to count as exposed to its guideline growth (Table A.8). The main specification

counts a physician as exposed after a single observed patient, so one-off cases could drive the

result. However, patient counts come from a 20% sample of Traditional Medicare claims, so

one observed patient corresponds to roughly five Traditional Medicare patients, and more

across the physician’s entire practice. A higher threshold may remove one-off noise, but it

may also discard cancer types that are genuinely part of the physician’s practice. Ultimately,

requiring two or three patients leaves the generalist result unchanged: the estimate is small

and not distinguishable from zero. The generalist confidence intervals rule out rises above

59 HHI points per 100 pages at two patients and 97 HHI points at three. The specialist

estimates are larger than in the main specification at both thresholds, but their confidence

intervals remain wide and include zero.

Building the HHI only from new patient visits also supports the main conclusions (Ta-

ble A.8). Physicians could respond to knowledge growth only in which new patients they

take on, a response that including established patients could hide. However, generalists show

no such response: the estimate is almost unchanged, and the confidence interval reaches at

most 85 HHI points per 100 pages. The specialist confidence interval is about twice as wide

as in the main specification and includes zero, in part because the sample is only 38% of the

main sample.
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