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Abstract

Many fields, such as computer science, molecular biology, and medicine, have a rapidly

growing knowledge base. Do expert workers respond to growth in knowledge by be-

coming more specialized? We study this empirically in the context of oncology, where

we document explosive growth in knowledge. Using Medicare claims data and novel

panel of historical cancer treatment guidelines, we test if oncologists exposed to greater

knowledge growth become more specialized. We proxy knowledge growth in each cancer

subfield with the increase in the length of clinical guidelines. Exposure to knowledge

growth causes ex-ante specialized oncologists to become even more specialized but does

not affect general oncologists. This growth in specialization over time occurs only in

large markets. Specialists also increasingly provide higher quality care: over time, they

prescribe more up-to-date cancer drugs and have more experience with the drugs they

prescribe than generalists. These patterns suggest that knowledge growth increases

economies of scale in healthcare and leads to growing geographic inequality in local

access to specialized care.
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1 Introduction

Many fields, such as computer science, molecular biology, and medicine, have a rapidly

growing knowledge base. Expert workers often must stay at the frontier of this rapidly

growing knowledge base. However, staying up to date can be quite costly. Specialization is

one possible response to knowledge growth, as it reduces the cost of maintaining expertise.

Several economic theories predict that workers should become more specialized as general

knowledge increases (Becker and Murphy, 1992; Jones, 2009). We empirically test if expert

workers respond to growth in knowledge by becoming more specialized.

We evaluate how specialization responds to growth in knowledge in the context of medical

oncology. Medical oncologists are physicians who treat cancer patients medically, i.e., with

drugs. They are extremely high human capital individuals; they must complete college, four

years of medical school, and at least five years of supervised clinical training to practice in

the United States. Entry into the field of medical oncology is highly regulated. However,

further specialization within the field we study is not regulated by any governing bodies. In

addition, the healthcare setting enables us to track subtle changes over time in the domain

areas that individual oncologists work in. These features make medical oncology an ideal

setting to study how specialization evolves.

In addition, cancer is a condition with a vast demand for treatment, leading to rapid

innovation and knowledge growth. The lifetime risk of developing cancer is 40%(American

Cancer Society, 2024)1. As a result, there has been substantial research and innovation in

cancer over the last few decades. For example, the total number of FDA-approved anti-cancer

drugs increased from 90 to 2432. As one oncologist told this author, “Some fields of cancer

treatment are as complex now as the whole of oncology was 20 years ago”3. Oncologists

openly acknowledge how challenging it is to stay up to date: “Incorporating this torrential

1Fortunately, treatment is often life-extending or curative; the lifetime risk of dying of cancer is lower at
20%

2Data from Pantziarka et al. (2021)
3He noted he had no evidence for this statement, but we can empirically corroborate it
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evolution of knowledge is an impossible, Sisyphean task” (Wallis, 2023). As such, this setting

enables us to study the effects of rapid technological evolution and knowledge growth in a

context with material stakes.

We conceptualize the relationship between general knowledge growth and specialization in

this context using the model from Becker and Murphy (1992). Oncologists can treat every

type of cancer or collaborate with other oncologists to divide patients by cancer type. If

they divide patients by cancer type, they will produce a higher quantity or quality of patient

care. For example, an oncologist specializing in breast cancer will have more experience with

breast cancer therapies, leading to higher quality of care or patient throughput. However,

oncologists may also face coordination costs that limit their ability to specialize, including

information frictions, agency issues, and contracting difficulties. The optimal team size and

degree of specialization balance the benefits of specialization with the costs of coordination.

Becker and Murphy (1992) postulate that increased general knowledge increases the returns

to specialization and pushes the equilibrium worker towards a more specialized role. We

estimate this relationship empirically.

We first quantify knowledge growth in oncology. We create a novel panel of historical

cancer guidelines data using the National Comprehensive Cancer Network guidelines, the

leading comprehensive cancer treatment guidelines. We use the page length of guidelines as a

proxy of the size of the clinically relevant knowledge base for each type of cancer in each year.

We proxy the growth in knowledge with the increase in the length of guidelines over time. We

confirm that anecdotal observation that oncology knowledge has grown dramatically. The

total length of National Comprehensive Cancer Network Guidelines, a “complete library”

of cancer guidelines (NCCN, 2023b), has grown from 1,099 pages in 2002 to 5,760 pages in

2020.

Next, we measure oncologist specialization over time using a 21-year panel of Medicare

claims data. Specialization is measured using an oncologist-level Herfindahl–Hirschman in-

dex (HHI), calculated over the shares of evaluation and management work for each cancer
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type. The measure allows us to track subtle changes in worker specialization based on their

day-to-day work within a person over time. We find that “top specialization”, defined as the

90th percentile of specialization, has increased over time, implying specialized oncologists

have become even more specialized. However, surprisingly, the typical oncologist has not

become more specialized. Median specialization actually declines slightly over time despite

substantial growth in medical knowledge over this period.

Next, we combine the guideline data with Medicare claims data to estimate how much

knowledge growth different oncologists are exposed to. We construct a physician-level mea-

sure of exposure to knowledge growth. We measure exposure to knowledge growth as the

increase in guideline length across all fields of cancer that the physician works in. This mea-

sure is a simulated instrument that combines two sources of variation: variation in the sets

of cancer subfields that physicians work in and variation in the rates of knowledge growth

across these subfields.

This simulated instrument suffers from omitted variables bias, as noted generally of

formula instruments in Borusyak and Hull (2020a). In particular, oncologists who work in

more fields are mechanically more exposed to higher levels of knowledge growth. To purge

this bias, we recenter this simulated instrument using the general approach developed by

Borusyak and Hull (2020a). Our recentering procedure eliminates the correlation between

the simulated instrument and observable omitted variables, like market size, suggesting it

also eliminates omitted variables bias.

We then test how exposure to knowledge growth influences oncologist specialization. On-

cologists who start specialized become significantly more specialized in response to knowledge

growth. For every 100-page increase in relevant guidelines, these oncologists increase their

specialization by approximately 200 HHI points, a 4% increase in HHI for a 12% increase

in relevant guidelines. In contrast, oncologists who start as general oncologists do not be-

come more specialized in response to knowledge growth. We can reject an increase in HHI

of greater than 30 points in response to a 100-page increase in relevant guidelines. If any-
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thing, general oncologists seem to become less specialized; though not significant, the point

estimates are consistently negative.

Lastly, we investigate the source of this heterogeneity through the lens of classic theories

about the constraints to specialization in economics, including Becker and Murphy (1992).

The median oncologist in both small and large markets is a generalist; this does not change

over time. This pattern suggests that general oncologists face persistently high coordination

costs. They cannot specialize in response to large increases in knowledge, even in large

markets that could support greater specialization.

In contrast, specialist oncologists appear to face lower, albeit still constraining, coordina-

tion costs. These lower coordination costs enable them to specialize to an extent that market

size constraints become relevant. Lower coordination costs are first evidenced by the prior

result that specialized oncologists become even more specialized in response to knowledge

growth. The 90th percentile of specialization, a measure of top specialization, is also rising

over time. However, the increase in top specialization occurs only in the largest healthcare

markets. These patterns are consistent with specialists facing an intersection of coordination

cost and market size constraints.

Why does specialization matter? We find that specialists have different practice pat-

terns than generalists. Specialists use fewer unique drugs, have more experience with each

drug they prescribe, and prescribe newer drugs than generalists. These differences between

specialist and generalist practice patterns have grown substantially over time. These pat-

terns imply that, over time, specialists increasingly provide higher-quality cancer care than

generalists.

The results have implications for economies of scale, geographic inequality, and healthcare

access. We observe rising geographic inequality in oncologist specialization. This leads to

rising geographic inequality in patients’ local access to specialized healthcare. These results

suggest that growth in knowledge contributes to growth in economies of scale in healthcare

and high-skill labor markets.
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Our work contributes to several threads of literature in economics. First, we contribute

to the literature on the consequences of knowledge growth for specialization. Becker and

Murphy (1992) theorized that specialization is limited by coordination costs and the extent

of general knowledge. They predict that knowledge growth should increase specialization.

Existing empirical evidence focuses on the effects of the historical stock or “depth” of knowl-

edge and how that influences inventors (Jones, 2009). Our work differs by focusing on the

effect of changes to the size of the currently relevant corpus of knowledge. We have yet to

find any other work that measures or assesses the effects of a growing volume of currently

relevant knowledge on workers’ specialization in healthcare or other fields. We attribute this

gap to challenges in measuring the size of knowledge, something we overcome with the use

of a novel panel of clinical guidelines data.

Our findings here also contrast with the evidence on knowledge growth and specialization

from Jones (2009). Jones (2009) documents empirically that a growing burden on knowl-

edge on inventors leads to greater specialization. Similarly, the most specialized oncologists

become even more specialized in response to knowledge growth. However, we find that most

oncologists do not become more specialized. We attribute these contrasting results to dif-

ferences between doctors and inventors. Inventors are creators of knowledge. In contrast,

most oncologists, particularly general oncologists, are likely primarily users of knowledge

(Jain et al., 2019). Users may bear the burden of knowledge more lightly than creators of

knowledge, as the use of knowledge may be less difficult than the creation of it. In addi-

tion, as we document, users of knowledge have the option to fall behind the frontier (and

continue to work) when keeping up becomes costlier, an option that may not be available to

inventors. In medicine and likely other fields, many more workers use knowledge than create

it. Our findings suggest that knowledge growth may have different consequences for users of

knowledge than previous evidence would suggest.

We also build on a small and emerging literature on economies of scale and agglomeration

in healthcare. Dingel et al. (2023) document that healthcare has large market-level economies
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of scale. We build on this by showing that economies of scale in healthcare appear to have

grown over time and provide evidence that knowledge growth is a key mechanism.

Finally, our work contributes to an extensive empirical literature on the consequences

of technological change in healthcare. Much of this literature focuses on single technolo-

gies, each with varied economic impacts on providers and patients (Skinner, 2011; Chan-

dra, Malenka, and Skinner, 2014; Skinner and Staiger, 2015; Arrow, Bilir, and Sorensen,

2020). Our work considers the cumulative effect of technology. Existing evidence suggests

that technological change in healthcare increases educational inequality in health outcomes

(Glied and Lleras-Muney, 2008). We build on this by examining how technological change

impacts healthcare workers and geographic inequality in care provision.

2 Data and Measurement

Our investigation combines multiple data sources to measure knowledge growth and spe-

cialization in medical oncology over time. We proxy knowledge growth with changes in the

length of cancer treatment guidelines over time. We then link this to Medicare claims data

to get physician-level estimates of exposure to knowledge growth. We also use Medicare

claims data to measure how physician specialization evolves over time. We supplement our

analysis with additional information about physicians from the Medicare Data on Provider

Practice and Specialty.

2.1 Cancer guidelines data

To measure growth in knowledge, we create a novel dataset of historical cancer guidelines data

from the National Comprehensive Cancer Network. The National Comprehensive Cancer

Network (NCCN) is a prominent “not-for-profit alliance of 33 leading cancer centers devoted

to patient care, research, and education” (NCCN, 2023a). In 1996, they started to release

treatment guidelines for common types of cancer. In 2001, they released the first “complete
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library” of cancer treatment guidelines (NCCN, 2023b). The NCCN guidelines represent

an expert consensus on approaches to cancer treatment and are updated multiple times a

year to reflect the most up-to-date evidence. They are widely used by oncologists; Per one

survey, “96% of oncologists think that the NCCN guidelines are important to use when

making decisions about patient care” (McGivney, 2008).

The guidelines contain recommendations for all stages of the cancer treatment process,

including “diagnosis, imaging, drug therapies, radiation, [and] surgery” (McGivney, 2008).

All of this information is relevant to medical oncology, as oncologists have two key roles

in cancer care. The first role is managing “systemic therapies”, primarily drug treatments

like chemotherapy and immunotherapy. The second role is to serve as the central node in

a network of other specialists who may be involved in a patient’s cancer care, e.g., cancer

surgeons or pathologists. As such, oncologists are trained in comprehensive cancer care

management and must stay up to date with the high-level recommendations for all types of

cancer treatments (Popescu et al., 2014).

The NCCN guidelines are used as a proxy for the volume of relevant clinical knowledge by

cancer type. The guidelines are organized anatomically, with separate documents for different

cancer types, such as breast and colorectal cancer. We proxy the volume of knowledge in a

given year for a type of cancer as the page length of the first set of guidelines per year for

that cancer type.

This proxy relies on several key assumptions to be a valid measure of the volume of knowl-

edge. First, this proxy assumes that each page represents an equal volume of knowledge.

Reassuringly, over the main time period for our research design (2008-2014), the formatting

of the guidelines was unchanged, suggesting that increases in page length result from more

content, not changes in formatting. Second, the proxy assumes that any relevant knowledge

not included in the guidelines is either exactly proportional to the volume of information the

guideline pages contain or remains constant over time. For example, the guidelines may not

include all relevant information about a chemotherapy drug, but we assume it contains a con-
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sistent share of the information about each drug. Similarly, the cancer treatment guidelines

are built on a foundation of pre-existing knowledge in fields like general internal medicine.

We assume that the relevant volume of knowledge in general internal medicine does not

increase rapidly over this time 4. Therefore, the change in the length of guidelines reflects

the full change in the volume of relevant knowledge.

2.2 Medicare claims data

We also use a 21-year panel of Medicare claims data. Medicare provides federally sponsored

health insurance coverage for disabled adults and most U.S. adults over sixty-five. This age

group bears the highest cancer incidence in the U.S., making it the ideal population to study

cancer care (for Disease Control and Prevention, 2019). We use a 20% sample of Medicare

Part B Claims from 1999-2019.

Using this data, we construct an annual panel of oncologists. We restrict our sample to

physicians whose most commonly listed specialty in a year is Hematology, Medical Oncology,

or Hematology-Oncology. We further restrict our sample in a year to physicians who eval-

uated and managed at least 25 unique cancer patients in that year. This minimum patient

count ensures that our measures of specialization are based on sufficient patient volume. For

our main regression analysis, we subset to a balanced panel of oncologists from 2008 to 2014.

Next, we measure which types of cancer an oncologist manages. For this, we focus on the

evaluation and management claim lines billed by each oncologist. As such, our attention is

limited to instances where the oncologist managed care and decision-making for a patient,

which requires high-level medical knowledge and judgment. We then assign each evaluation

and management visit to a cancer type based on the patient’s primary cancer type 5.

We also measure the time each oncologist spends managing each type of cancer, which we

4Anecdotally, standard treatments evolve much more slowly in general internal medicine than in oncology,
so this assumption seems reasonable to us and the physicians we consulted

5We determine a patient’s primary cancer as the most specific type of cancer for which they have the
most diagnosis codes in a year. For example, if a patient has diagnosis codes for both “Unspecified” cancer
and breast cancer, they are considered to have breast cancer. If an oncologist sees that patient, they are
denoted as having managed a breast cancer patient.
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later use to measure physician specialization. To measure time, we map each evaluation and

management code to work Relative Value Units (wRVUs), a measure used by Medicare to

estimate the amount of physician work the code requires. For evaluation and management

codes, wRVUss reflect the expected time required. Accordingly, we use wRVUs Units to

estimate the time that each oncologist spends managing each type of cancer.

2.3 Medicare Data on Provider Practice and Specialty

We also use the Medicare Data on Provider Practice and Specialty (MD-PPAS) to mea-

sure physician characteristics. This variable allows us to observe the physician’s birth year

and back out their age at the start of our panel period. It also contains the top two Tax

ID numbers from which each oncologist bills. Multiple physicians can share the same tax

ID number, which implies they are in the same organization or group practice. However,

healthcare systems have multiple tax ID numbers or providers within the organization may

all bill to personal tax ID numbers. If so, the number of physicians at the Tax ID may

understate how many people are at the organization. As such, this variable provides useful

but imperfect information about if a physician is a solo provider or in a bigger organization.

2.4 Measuring relevant knowledge growth for each oncologist

Next, we combine the Medicare claims and guidelines data to measure our key treatment

variable, the growth in relevant knowledge for each oncologist. First, for each oncologist, we

determine the set of cancer types they manage in a baseline year, in this case, 2008. The set

of cancers for oncologist i in 2008 can denoted with Ci. Each cancer, c, has an increase in

relevant guideline page count ∆kc over the following five years (2009 to 2014). We assume

that the full guideline and change in guidelines for cancer c is relevant to a physician if they

treat cancer c in the baseline year. With this assumption, we can calculate oncologist i’s

exposure to knowledge growth as ∆ki =
∑

Ci
∆kc.

For example, suppose oncologist i treats only lung and breast cancer in 2008. Also,
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suppose that over the following five years, the lung cancer guidelines increased by 50 pages

( ∆klung = 50) and the breast cancer guidelines increased by 100 pages (∆kbreast = 100).

Then, oncologist i would be exposed to 150 pages of knowledge growth over the following

five years (2009 to 2014).

To link between cancers treated and guideline page lengths, we make a set of custom

diagnosis code groupings. These groupings align with how cancers are grouped in guidelines.

More detail about the creation of these groupings can be found in appendix section A.1.

2.5 Measuring physician specialization

Next, we discuss how we measure our outcome of interest: oncologist specialization. Our

main measure is a Herfindahl–Hirschman Index (HHI) over the shares of time that an oncol-

ogist spends managing each type of cancer. We calculate HHI as follows, where Tic is time

(proxied by work RVUs) that oncologist i spends managing cancer c and Ti is the total time

they spend managing cancer: HHIi = 10, 000
∑

C

(
Tic

Ti

)2

.

Observe that HHIi has a maximum value of 10,000, achieved if an oncologist spends all

their time managing one type of cancer. If an oncologist divides their time equally between

two types of cancer, then HHIi is 5,000. The lower limit of HHIi is 0, which is approached

as an oncologist spends an infinitesimally small amount of time on an infinite number of

cancer types.

This measure has several key advantages. First, HHI is continuous and based on the

work that an oncologist performs in a year. This is contrast to the use of job title, a very

common measure of specialization. Second, it is sensitive to subtle intensive margin changes

in specialization. The measure will capture if an oncologist shifts towards focusing on one

particular type of cancer, even if they do not entirely stop seeing long-standing patients for

other types of cancers. As such, it can capture differences in specialization for the same

worker over time and across workers with identical job titles.
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3 Descriptive Patterns

In this section, we describe the characteristics of oncologists in our sample and the patterns

of knowledge growth and specialization over time. We document that the volume of clinical

knowledge and extreme specialization have grown over time in oncology.

3.1 Knowledge growth over time

Analysis of historical guidelines reveals that cancer treatment guidelines have become many

times longer since 2002. Figure 1a displays the length of guidelines between 2000 and 2020

on average and for selected cancer types. Appendix Table C.1 lists the page count for each

type of guideline in 2002 and 2020. The total length of guidelines has increased over five-fold

in this period, from 1,099 pages in 2002 to 5,760 pages in 2020.

Many factors may drive this growth in guidelines, but at least one is an explosion in

the number of drugs available to treat cancer. The number of FDA-approved anti-cancer

drugs increased from 90 in 2002 to 243 in 2020. Figure 1b displays the number of U.S.

Food and Drug Administration-approved anti-cancer drugs over time. Data on anti-cancer

drugs is from Pantziarka et al. (2021) and uses Anatomical Therapeutic Chemical Level

5 classifications to define individual drugs. Not only has the total number of drugs been

increasing steadily over time, but the rate at which new drugs are introduced has been

accelerating.

3.2 Oncologist characteristics

Next, we describe summary statistics for our balanced panel of physicians from 2008 to 2014.

Table 1 shows summary statistics for key variables of interest for a balanced panel of 4,861

oncologists. On average, they see 69 unique cancer patients in the baseline year, 2008. On

average, they see 15 distinct types of cancer, but some see as few as one type of cancer, and

others see as many as 27 types. Their average age at the beginning of the panel is 50 years
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old. The mean oncologist HHI is 2,737. Over half of oncologists are in the largest one-fifth

of hospital referral regions by population. On average, 20 other oncologists work at their

Tax ID numbers, but this can be as low as zero and as high as 245.

In 2009, the total length of NCCN guidelines is 1789 pages, but only 1,159 pages are

relevant to each oncologist, on average. Over the following five years, the total and relevant

number of guidelines more than double, increasing by 1,745 and 1,087 pages respectively, to

3534 total and 2,246 relevant pages on average.

3.3 Trends in oncologist specialization over time

Next, we characterize the distribution of oncologist specialization over time. Figure 2 shows

the 10th, 25th, 50th, 75th, and 90th percentile of oncologist HHI between 1999 and 2019. It

also plots the HHI overall, using all evaluation and management services from oncologists.

Several striking trends stand out.

First, there is a sharp, discontinuous decline in HHI at all points in the distribution

between 2014 and 2016, corresponding to the switch from ICD-9 to ICD-10 midway through

2015. This clear trend break motivates the decision to end our main balanced panel in 2014,

which prevents coding changes from contaminating our estimates of change in HHI.

Second, the typical oncologist has not become substantially more specialized over time.

Median specialization and below is flat or declining slightly over this period. The distri-

bution’s 10th, 25th, and 50th percentiles are all close to each other and the HHI of the

field. This result suggests that most oncologists are “general” oncologists who see a similar

distribution of cancer patients as the field overall. This lack of growth in specialization for

the median oncologist is surprising, given the explosive growth in knowledge and treatment

options for cancer over these 21 years.

In contrast, subspecialized oncologists have become dramatically more specialized over

time. The 90th percentile of oncologist HHI increases by 738 HHI points from 1999 to 2014

and another 328 points from 2016 to 2019.
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These contrasting time trends suggest that “generalist” and “specialist” oncologists may

respond to knowledge growth differently. Specialists may respond; generalists likely do not.

For our main estimation, we split our sample into generalist and specialist oncologists to test

if they respond differently to knowledge growth. Of note, although we refer to specialist and

generalist oncologists, all oncologists are considered medical subspecialists, highlighting the

extremes of specialization we study here.

3.4 Differences between more and less specialized oncologists

Next, we describe the characteristics of specialist and generalist oncologists. We define

generalists as those below the 75th percentile of physician HHI in the initial year of the

panel. We define specialists as those at or above the 75th percentile of the distribution.

Table 2 shows the characteristics of each group in our balanced panel.

Substantial differences are present between these two groups in the baseline year for the

panel. In 2008, specialists have an average HHI of 4,637, over double that of the general-

ists, who have an HHI of 2,104 on average. Specialists are far more likely to be academic

physicians. 32% of specialists appear to be academic physicians, compared to only 8% of

generalists. (See Appendix A.2 for more details on how we proxy academic status). Special-

ists are also more concentrated in large markets: 63% of them are in the largest markets as

compared to 50% of general oncologists. In addition, they work in larger organizations: On

average, specialists work in places with 26 other oncologist colleagues, compared to 18 for

generalists.

These empirical differences are consistent with large firms, large markets, and academic

institutions all facilitating specialization. For example, only large markets and organizations

may furnish a sufficient volume of kidney cancer patients to support a kidney cancer special-

ist. Large organizations may also lower coordination costs between oncologists. In speaking

with oncologists, a key barrier to specialization is that some cancers are more profitable to

treat than others, disincentivizing patient sharing. Large firms provide the financial and legal
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structures to share patients and the resultant revenue. Academic institutions may provide

additional non-pecuniary incentives to become specialized. For example, academic tenure

and promotion systems often incentivize physicians to develop clinical and research expertise

in a narrow domain.

4 Identification

The following section discusses our identification strategy to test if knowledge growth in-

creases specialization. To test this, we regress changes in specialization on a proxy of ex-

posure to knowledge growth at the physician level. Our proxy of exposure to knowledge

growth is a formula instrument. We find it suffers from omitted variables bias, as is common

with formula instruments. We remove this bias by recentering the instrument to account for

expected exposure to knowledge growth.

4.1 Estimating Equation

First, we discuss the main estimating equation. Denote physician i’s change in specialization,

as measured by HHI, between 2009 and 2014 as ∆HHIi. Denote their exposure to knowledge

growth as ∆ki. Recall that exposure to knowledge growth is calculated as ∆ki =
∑

Ci
∆kc,

where Ci is the set of cancers that physician i treats in 2008 and ∆kc is the change in page

length for each type of cancer between 2009 and 2014. Also, denote the vector of other

physician characteristics as Xi. The main estimating equation is as follows:

∆HHIi = β∆ki + θXi + ϵi

We estimate this equation using ordinary least squares with robust standard errors.

This estimating equation has several key features. First, the outcome uses within physi-

cian variation in specialization over time. This within-physician design requires a balanced
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panel. It also allows for specialization to respond immediately to knowledge growth. If the

specialization response is highly lagged, that may attenuate our estimates.

The main coefficient of interest is β, the effect of knowledge growth on specialization. β

is estimated using variation in exposure to knowledge growth (∆ki), which is a simulated

or “Bartik-style” instrument. Variation in exposure to knowledge growth (∆ki) comes from

two sources. The first source is that physicians work in different sets of cancer subfields.

For example, some treat breast cancer, some treat leukemia, and some treat both. This

variation is analogous to variation in industry shares in a Bartik instrument. The second

source of variation is that different cancer subfields have different amounts of knowledge

growth. For example, leukemia may have more knowledge growth than breast cancer, so

physicians who treat only leukemia are more exposed to knowledge growth than those who

treat only breast cancer. This variation is analogous to variation in industry-level shocks in

a Bartik instrument.

4.2 Recentering instrument to correct for omitted variables bias

Importantly, simulated instruments generally suffer from omitted variables bias, which must

be corrected for to estimate accurate causal effects (Borusyak and Hull, 2020b). In this

context, the omitted variables bias arises from the fact that physicians who treat more types

of cancer are mechanically exposed to more knowledge growth. For example, someone who

treats only breast cancer will be less exposed to knowledge growth than someone who treats

both breast cancer and leukemia. The breast cancer oncologist may differ in many important

ways from the oncologist who treats both cancers. For example, the breast cancer oncologist

may be more likely to work at a large healthcare market because it has the patient volume

to support a breast cancer oncologist. Oncologists in large markets may have different

specialization trends than those in solo practice for reasons unrelated to knowledge growth.

This variation in market size will be correlated with both exposure to knowledge growth

(∆ki) and with change in specialization (∆HHIi), leading to omitted variables bias in the
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estimate of β.

We address this omitted variables bias using the recentering approach proposed by

Borusyak and Hull (2020b). This approach removes the observed non-random exposure

to knowledge growth that contributes to omitted variables bias. In our example, the non-

random exposure results from the breast cancer specialist being predictably less exposed to

knowledge growth than the generalist.

To remove the non-random variation, we estimate expected exposure to knowledge growth

(E[∆ki]) and remove it from realized exposure to knowledge growth ∆ki. Our measure of

realized exposure to knowledge growth, ∆ki, can be decomposed into two components.

∆ki = E[∆ki]︸ ︷︷ ︸
OVB

+ ∆k̃i︸︷︷︸
Remaining Variation

The first component, E[∆ki], is the expected exposure to knowledge growth and contains

the omitted variables bias. The second component is the remaining variation and is assumed

to be exogenous and uncorrelated with other factors that impact specialization except for

knowledge growth.

The above expression can be rearranged as follows:

∆ki = E[∆ki] + ∆k̃i

∆k̃i = ∆ki − E[∆ki]

=
∑
Ci

(∆kc − E[∆kc])

We can estimate the residual exposure to knowledge growth, ∆k̃i, by subtracting the

expected exposure (E[∆kc]) from the realized exposure (∆ki). Realized exposure (∆ki)

is calculated exactly from our data. Calculating expected exposure to knowledge growth

(E[∆kc]) requires us to make assumptions about the expected knowledge growth per cancer

subtype. In the next section, we will discuss how we construct this expectation and the
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implications for the substance of the identification assumptions.

Once we have this expectation, we can then substitute our realized exposure, ∆ki, with

the residual exposure, ∆k̃i, for an unbiased and efficient estimate of β, as below:

∆HHIi = β∆k̃i + θXi + ϵi

The formal identification assumption here is that this residual exposure to knowledge

growth is uncorrelated with the contents of the error term, including omitted variables

(∆k̃i ⊥ ϵi). The real-world content of this mathematical assumption depends on exactly

how we form our expectation of knowledge growth by cancer type (E[∆kc]).

4.3 Estimating Expected Knowledge Growth by Cancer Type

This section discusses different assumptions around expected knowledge growth by cancer

type and the corresponding identification assumptions.

Our first approach assumes all cancer fields have the same expected knowledge growth.

Specifically, we assume that E[∆kc] = µ̂ where µ̂ is the mean page increase across cancer

types, weighted by the number of oncologists who manage that cancer type. Let ni denote

the number of cancer types that an oncologist treats. ∆k̃i is estimated as follows:

∆k̃i =
∑
Ci

(∆kc − µ̂)

= ∆ki − niµ̂

This approach is equivalent to controlling for the number of cancers an oncologist treats

(Borusyak and Hull, 2020b). Essentially, it compares doctors who treat the same number

of cancers. The variation in ∆k̃i arises because, holding cancer set size constant, oncolo-

gists vary in the composition of the set of cancers they treat, and some cancers have more

innovation than others.
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Critically, this approach assumes that cancer-level knowledge shocks are unpredictable

and uncorrelated with physician sorting. We are particularly concerned that cancer-level

knowledge shocks are not entirely unpredictable. A key concern is that more common can-

cers likely draw more investment in innovation (Acemoglu and Linn, 2004). In addition,

more common cancers may also support more oncologist specialists since it is easier to find

sufficient patients. Addressing this potential bias motivates further refinement in our ap-

proach.

Our second approach allows expected knowledge growth to vary with physician scope and

cancer characteristics. Acemoglu and Linn (2004) find that conditions with more potential

patients had more innovation. Budish, Roin, and Williams (2015) find that cancers with

surrogate endpoints have more innovation. We incorporate both of these factors into our

estimate of expected knowledge growth, E[∆kc]

Specifically, we predict the expected amount of knowledge growth for a cancer type

based on these cancer characteristics using a Poisson regression. Let pc denote the share

of cancer patients in Medicare with each type of cancer in 2008. Also, define ec as an

indicator for if a cancer type has surrogate endpoints per Budish, Roin, and Williams (2015)

(ec = 1(surrogate endpoints)). We include both of these in a Poisson maximum likelihood

regression to predict the expected page count increase for each type of cancer, as follows:

E[ln∆k] = δ0 + δ1ec + δ2pc + δ3ecpc

Note that this equation also controls for knowledge shocks shared across all cancer types

(loaded on δ0). Table 3 shows the estimate for the above regression.

Denote the predicted knowledge growth from this regression as ∆k̂c. Then ∆k̃i is esti-

mated as follows:

∆k̃i =
∑
Ci

(∆kc −∆k̂c) (1)

This approach controls for the number of cancers an oncologist treats, weighting each cancer
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by the expected innovation. As such, this recentered measure of exposure to knowledge

growth removes variation from both physician scope and cancer characteristics.

This approach makes several key assumptions. First, it assumes that the volume of pa-

tients, presence of secondary endpoints, and shared knowledge shocks are the central factors

correlated to highly predictable variation in innovation across cancer types. Empirically,

this assumption is supported by the observation that these factors alone explain 75% of

the variation in guideline page count increases (see Table 3). This approach also assumes

that any residual variation in knowledge growth by cancer type is unrelated to oncologists’

specialization decisions except through the direct effect on specialization. We attribute the

residual variation to randomness and uncertainty in the research and development process,

e.g., some clinical trials fail and others succeed.

4.4 Correlation of Exposure to Knowledge Growth with Omitted

Variables

In the next section, we empirically test if this recentering approach purges measurable omit-

ted variables bias. We find that the unadjusted measure strongly correlates with observed

omitted variables. However, the recentered measure removes this correlation when it ac-

counts for both physician scope and cancer characteristics. This recentered measure is also a

strong instrument for the unadjusted measure. Both of these findings make this recentered

measure our preferred measure.

First, we test if our measures of exposure to knowledge growth correlate with observed

omitted variables. We follow the strategy in (Borusyak and Hull, 2020b) to test for such

correlations. We regress our unadjusted measure and recentered measures of physician-level

exposure to knowledge growth on key physician characteristics. These characteristics are

market size (measured as the population of the physician’s hospital referral region or HRR),

firm size (proxied as the number of other oncologists at their tax ID numbers), and count

of unique patients seen, all in the baseline year. These variables are all sources of concern

19



about omitted variables bias.

Table 4 shows the results for regressions of the measures of exposure to knowledge growth

on these omitted variables. Appendix tables C.2 and C.3 show the same regressions sepa-

rately for specialist and generalist oncologists.

Column 1 in Table 4 shows the coefficient estimates for a regression of these observed

omitted variables on the unadjusted measure of knowledge growth. As hypothesized, the

unadjusted measure of knowledge growth is significantly correlated with all omitted vari-

ables. For example, an increase in the HRR population of 1 million is associated with a

decrease in exposure to knowledge growth of -12.8 pages (σ = 1.7) A regression using this

unadjusted measure of exposure to knowledge growth will compare physicians in larger and

smaller markets. These physicians may have different specialization trends for reasons un-

related to knowledge growth that bias our estimate of β. Overall, the included omitted

variables explain 38.5% of the variation in exposure to knowledge growth. These results

substantiate concerns about omitted variables bias in formula instruments and suggest that

the recentering procedure is necessary for unbiased estimation.

Columns 2, 3, and 4 in Table 4 successively remove additional variation from the measure

of knowledge growth. Column 2 removes physician scope variation, Column 3 removes cancer

prevalence variation, and Column 4 removes surrogate endpoint variation. In each column,

observed omitted variables explain less and less variation in exposure to knowledge growth.

By Column 4, our recentering ha purged all significant correlation between exposure to

knowledge growth and the observed omitted variables. For example, the correlation with

market size is now smaller and statistically indistinguishable from zero at .008 (σ = .518).

Overall, the observed omitted variables now explain only about .5% of the total variation in

the fully recentered measure as compared with 38.5% of the variation in the raw measure, a

decrease of 99%.

Overall, the final recentering procedure essentially eliminates the correlation between

the exposure to knowledge growth and observed omitted variables. The fact suggests that
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the correlation with unobserved omitted variables has also largely been eliminated. This

recentered measure, which accounts for physician scope and cancer characteristics, is our

favored measure of exposure to knowledge growth and is the measure used in following

analyses. Going forward, this measure is referred to as ∆k̃i, rather than the more cumbersome

∆k̃physician,cancer
i .

4.5 Instrument Strength

Next, we test if our recentered measure of knowledge growth is a “strong” instrument for the

unadjusted measure. We have removed variation in this measure by recentering; how much

remains?

To assess this, we regress our recentered measure (∆k̃i) on our unadjusted measure. (∆ki)

in a “quasi-first stage” regression. This regression is not a true first-stage regression because

we do not use the predicted values in a second-stage regression to estimate the coefficient

of interest. Rather, we use the recentered measure (∆k̃i) directly to measure the coefficient

of interest, per Borusyak and Hull (2020b). However, the “quasi-first stage” regression can

inform us about the extent of the variation that remains after recentering.

Figure 3 shows a binned scatter plot of the regression of the recentered measure (∆k̃i) on

the unadjusted measure (∆ki). Appendix figures C.2a and C.2b show the same results sepa-

rately for specialist and generalist oncologists. The recentered measure is a highly significant

predictor of the unadjusted measure (β = 0.77; σ = .04). The overall R2 of the regression

is 5.6%, which suggests that the recentered measure removes 94.4% of the variation in the

unadjusted measure. However, the F statistic is 306, suggesting that the recentered measure

is a “strong instrument” for the unadjusted measure by traditional metrics.
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5 Effect of Knowledge Growth on Specialization

In this next section, we test for the effect of knowledge growth on specialization for special-

ist and generalist oncologists. All estimates presented here use the recentered measure of

exposure to knowledge growth in a balanced panel of oncologists. We estimate the effect

of exposure to knowledge growth from 2009 to 2014, a period when total guideline pages

doubled, from 1789 to 3534. We find that ex-ante specialized oncologists become more

specialized, but general oncologists do not.

5.1 Effects for specialized oncologists

Figure 4 shows binned scatter plots and key regression estimates for the univariate rela-

tionship between the exposure to knowledge growth and change in specialization separately

for specialist and generalist oncologists. Figure 4a shows this relationship for oncologists

who start in the top 25% of the initial specialization distribution, or “specialist” oncologists.

The relationship between exposure to knowledge growth and increased specialization is large

and significant. For every 100-page increase in relevant guidelines, these oncologists increase

their specialization by 219 HHI points (σ = 75). Relative to baseline means, this represents

a 4% increase in HHI for a 12% increase in relevant guidelines. Table 5 shows the regression

table of results, adding fixed effects for age bin, hospital referral region, and tax ID size. The

coefficient estimates and standard errors are essentially unchanged after age and region-fixed

effects are added. The coefficient estimate is slightly attenuated after adding fixed effects

for Tax ID size, falling just below the threshold for significance at the 10% level (137.5, σ =

84.0). This finding could suggest that organization size mediates some of this relationship

between knowledge growth and specialization.

Notably, the increases in specialization are driven by intensive margin changes in spe-

cialization. We test the effect of knowledge growth on extensive margin specialization - the

count of unique types of cancer treated. Appendix table C.4 displays the results for a regres-
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sion of the change in the unique types of cancer treated by an oncologist on that oncologist’s

exposure to knowledge growth for specialized oncologists. The estimate is statistically in-

distinguishable from zero. The estimates are precise enough to rule out that exposure to

100 more pages of guidelines reduces the count of cancer types managed by one or more.

Specialized oncologists do not become more specialized on the extensive margin; changes on

the intensive margin must drive the observed changes in HHI. In other words, specialized

oncologists focus their practice more on some types of cancer but do not entirely stop seeing

other types. This pattern could reflect oncologists continuing to see established patients but

limiting their new patients to those with cancers in a narrower area of specialization.

5.2 Effects for generalist oncologists

Next, we consider how knowledge growth impacts general oncologists. Figure 4b shows the

relationship between exposure to knowledge growth and HHI for oncologists starting in the

bottom 75% of the initial specialization distribution, or “general” oncologists. In contrast

to the results for specialists, general oncologists do not become specialized in response to

knowledge growth. The estimated effect on HHI is more precise than the effects for specialists

and statistically indistinguishable from zero at β = −17.4 (σ = 23.3). Table 6 shows the

regression table of results, adding fixed effects for age bin, hospital referral region, and tax

ID size. After adding these fixed effects, the coefficient estimates and standard errors are

again unchanged. The coefficient estimate is still statistically indistinguishable from zero.

In addition, there is no effect on the count of cancer types treated (results in figure C.5)

5.3 Robustness

These relationships between knowledge growth and specialization, as measured by HHI, are

generally robust to implementing a stricter threshold to count an oncologist as exposed to a

field, changing the sample of evaluation and management codes, and equalizing measurement

error across physicians.
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In the main analysis, a physician is considered exposed to knowledge growth in a cancer

field if they are observed to manage at least one patient with that cancer type in the baseline

year in the 20% Medicare Part B sample. As a robustness check, the threshold is raised to

two patients and then three patients with a cancer type. As before, knowledge growth

significantly increases specialization for oncologists who are already specialized. The effect

is closer to zero for oncologists who are not specialized (Table C.7).

In the main analysis, the sample consists of all evaluation and management codes. As

a robustness check, we test if the results differ when considering only certain subtypes of

evaluation and management codes. First, we rerun the main regression with only new patient

evaluation and management codes. Changes to specialization may be reflected first as a

change in the new patients that oncologists see. Unfortunately, this restriction shrinks the

sample size to one-quarter of its original size (even after relaxing the patient count minimum

to 11) and inflates the standard errors such that the estimate is not informative.

Next, we rerun the main regression with only outpatient evaluation and management

codes (dropping inpatient codes). In academic centers, patients are typically better sorted

to the appropriate physician in the outpatient setting than in the inpatient setting because

of the non-urgent nature and higher volume of outpatient care. We expect specialization

responses to persist (or even be driven) by outpatient codes. We find exactly that result for

specialists. Generalists continue not to respond to knowledge growth.

Lastly, we consider how measurement error in our measure of specialization ( ˆHHI i)

impacts our main findings. Appendix B addresses this issue in detail. Here, we summarize

the key points. Recall that we do not observe all patients nationally in our 20% sample of

Medicare data, so ˆHHI i is calculated over only a subset of the patients a physician treats in a

year. Not observing all patients leads to measurement error in ˆHHI i, our outcome variable.

This measurement error has a positive expected value and is larger for physicians with smaller

patient volumes. Fortunately, patient volume is balanced across our recentered measure of

exposure to knowledge growth (recall Table 4), which implies that this measurement error
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is uncorrelated with our treatment variable (recentered exposure to knowledge growth). As

a robustness check, we replicate the key results with a measure of ˆHHI i calculated over

25 random patients per physician instead of all observed patients. This approach inflates

measurement error for high-volume physicians and thus equalizes measurement error across

low- and high-volume physicians. Even with this change, the time trends in specialization

(Appendix Figure C.1) show the same rise in top specialization as Figure 2. In addition,

the estimates of the effect of knowledge growth on specialization (Appendix Tables C.8 and

C.9) are statistically indistinguishable from the estimates in Tables 5 and 6.

5.4 Discussion

In summary, specialist oncologists respond to knowledge growth by becoming more special-

ized. However, generalist oncologists do not become more specialized — they just manage

with a larger volume of knowledge than before. Through the lens of Becker and Murphy

(1992), these different responses imply that specialist oncologists face higher returns to spe-

cialization and/or lower coordination costs than generalists. Recall from section 3 that

specialists are more concentrated in large markets, large firms, and academic institutions, all

of which may lower coordination costs or raise returns to specialization. These differences

in returns to specialization and/or coordination costs likely incentivized these oncologists to

become specialists ex-ante and enabled them to respond to knowledge growth ex-post. In

the next section, we evaluate the extent to which differing constraints to specialization drive

these differential responses.

6 Constraints to Specialization

Why do specialist and generalist oncologists respond differently to knowledge growth? To

unpack this, we assess the constraints to specialization for specialists and generalists in the

context of classic theories of specialization. General oncologists are constrained by extremely
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high coordination costs. In contrast, specialist oncologists face lower coordination costs but

encounter market size constraints.

6.1 Theories of constraints to specialization

This section discusses possible reasons for the heterogeneous response to knowledge growth

in the context of classic theories in economics about the constraints to specialization. We

focus on two key potential constraints to specialization: market size and coordination costs.

Smith (1776) was the first in a long line of many economists to observe that specialization

is often limited by the extent of the market. If the extent of the market limits specialization,

then workers should not become more specialized in response to knowledge growth. Instead,

oncologist specialization should primarily increase with market size. Figure 5a shows this

theoretical relationship between market size and specialization.

Becker and Murphy (1992) highlight that coordination costs between specialized workers

may also limit specialization. Specialization may make individual workers more productive

at specific tasks. However, this splits tasks among more workers, leading to higher coor-

dination costs, e.g., communication overhead or incentive compatibility challenges. These

coordination costs may constrain specialization, regardless of market size. If coordination

costs are a binding constraint in our setting, the oncologist specialization will remain flat

across market size. Figure 5a shows this theoretical relationship between market size and

specialization.

In the Becker and Murphy (1992) framework, workers should become more specialized

in response to knowledge growth; knowledge growth raises the returns to specialization and

thus increases the optimal degree of specialization. In sufficiently small markets, market size

constraints may also bind. In that case, specialization will increase in response to knowledge

growth only in large markets with sufficient market size to support the new, higher optimal

level of specialization. Figure 5a also shows this theoretical prediction.

Lastly, even within the Becker and Murphy (1992) framework, workers may not respond
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to knowledge growth appreciably if the returns to specialization are very low or coordination

costs are very high. In that case, specialization will remain constant across space, even with

substantial knowledge growth.

6.2 Evidence of constraints for general oncologists

Each of these constraints to specialization produces differing predictions about the degree

of specialization over market size and time. We ascertain which theories are most consistent

with the data and, thus, which constraints might drive the observed heterogeneous responses

to knowledge growth. Market size is measured as the market population (using hospital

referral regions) in the relevant year. We then graph the median and 90th percentile of

specialization by market size in 1999 and 2014 in Figure 6. We also regress the median and

90th percentile of specialization on market size in Table 7.

The median oncologist appears highly constrained by coordination costs. Median spe-

cialization remains flat across the distribution of market size in 1999. The median oncologist

is both large and small markets is a generalist. This pattern is highly consistent with coor-

dination costs limiting the specialization for the typical oncologist, as in Becker and Murphy

(1992). This pattern remains unchanged over time: it is the same in 2014 despite explo-

sive growth in the volume of knowledge over this time period. That suggests that either

the returns to specialization are quite low or coordination costs are quite high for general

oncologists.

We find it somewhat unlikely that low returns to specialization drive oncologists’ lack of

response to knowledge growth. Top-ranked, academic cancer hospitals largely employ cancer

specialists Gesme and Wiseman (2011); Graham et al. (2021). This pattern suggests that

specialization has meaningful returns to quality. There may be low returns to specialization,

but it seems unlikely to us, given that oncology is a rapidly changing and highly knowledge-

intensive medical field. Instead, we suspect high coordination costs drive these patterns
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6.

6.3 Evidence of constraints for specialized oncologists

Notably, the patterns for highly specialized oncologists suggest a different set of constraints to

specialization. Figure 6b shows the 90th percentile of physician specialization by market size

in 1999 and 2014. We refer to the 90th percentile of specialization as the “top specialization”

that a market can support. In 1999, top specialization increases with market size, from

around 3000 HHI points in the smallest markets to just over 5000 HHI points in the largest.

By 2014, this gradient has grown significantly steeper. Consequently, the largest markets

support even greater specialization than before (over 6000 HHI points on average in the

largest markets).

Patterns of specialization over time by market size are broadly consistent with specialist

physicians facing an interaction of coordination cost and market size constraints. As knowl-

edge grows, the optimal specialization increases when considering only coordination costs.

However, this new optimal specialization may only be feasible in the largest markets. As

a result, knowledge growth can lead to increasing specialization only in large markets, as

observed. This pattern is also consistent with growing economies of scale.

The effect of knowledge growth on specialization also has implications for patient access

to healthcare. Patients in large markets have increased local access to sub-specialist care,

while local access has stagnated in smaller markets. These changes could worsen geographic

differences in health outcomes if subspecialized oncologists provide higher-quality care.

6From talking with oncologists, the coordination costs arise primarily from incentive compatibility and
contracting difficulties. For example, they report that general oncologists are incentivized to keep every
patient that arrives at their office, regardless of cancer type, because marginal cancer patient is usually
profitable.
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7 Technology Use and Specialization

Does specialization impact the care that oncologists provide? We find that specialized on-

cologists use fewer unique drugs and have more experience in each drug they prescribe.

They also tend to prescribe newer drugs to patients. Importantly, these differences between

specialist and generalist oncologists have grown substantially over time.

7.1 Data and Measurement

In this section, we focus on the anti-cancer drugs that oncologists use. Anti-cancer drugs

are complex to use, as they often have complicated dosing regimens and serious toxicity

risks. Medical oncologists are the experts among doctors on the use of these complex and

risky drugs. As such, prescription patterns for anti-cancer drugs reflect a central domain of

oncologists’ technology use.

We estimate various features of the typical bundle of anti-cancer drugs that an oncologist

prescribes in a year. Anti-cancer drugs are defined here using World Health Organization

Anatomical Therapeutic Class (ATC) codes that fall into the list of anti-cancer drugs from

Pantziarka et al. (2021). If a drug has multiple ATC codes7, we restrict it to one for this

analysis. We use data on oncologists’ prescriptions from a 20% sample of Medicare Part B

and Part D claims. Our data starts in 2008, the first year in which Medicare Part D claims

use National Provider Identifiers (NPIs) to identify the majority of prescribers. To ensure

these features are calculated over a meaningful volume of patients, the sample is restricted

to oncologists who prescribed anti-cancer drugs to at least 11 patients across a 20% sample

of Part B and Part D data.

7Drugs have multiple ATC codes when they have multiple distinct medical uses.
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7.2 Scope of Technology Use

First, we characterize the relationship between oncologists’ specialization and the scope of

technologies they use. The scope of technology used is proxied by the number of unique

anti-cancer drugs that an oncologist is observed to prescribe in a year. We also document

how that evolves over time when the number of technologies (in this case, new anti-cancer

drugs) also rapidly increases.

Figure 7 shows the results. In the first year of the panel, differences in scope are signif-

icant but relatively small. The most specialized oncologists (75th—99th percentile of HHI)

prescribe 12.2 unique drugs, while the most general oncologists (1st—50th percentile of HHI)

prescribe 13.2 unique drugs per year on average.

Over time, these differences grow substantially. In 2019, the least specialized oncologists

(1st to 50th percentile of specialization as measured by HHI) were observed to prescribe 12.4

unique anti-cancer drugs on average. Oncologists in the middle (50th to 75th percentile)

prescribe 10.8 unique drugs on average. Finally, the most specialized oncologists (75th-99th

percentile) prescribe 9.1 unique drugs on average, 27% fewer than the most general group.

These differences are all significant. Overall, specialization narrows the scope of technologies

that oncologists use.

One limitation is that we do not observe all the anti-cancer drugs each oncologist pre-

scribes. We assume that if an oncologist prescribes more unique drugs in a 20% subsample of

Medicare patients, they likely prescribe more unique drugs across all their patients. However,

we observe fewer patients on average for specialized oncologists (see table 2). Fewer patients

could lead to a reduced observed count of unique drugs due to a mechanical relationship

between the number of patients seen and the number of drugs prescribed. We eliminate this

mechanical relationship by selecting 11 random patients per oncologist without replacement

and repeat the above analysis. The results are in C.3. The same patterns hold. In the early

years of the panel, specialist and generalist oncologists prescribe similar counts of unique

drugs. However, over time, they diverge, with specialist oncologists narrowing the scope of
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drugs they use in a year relative to generalists.

7.3 Experience

Next, we ask if specialization enables oncologists to be more experienced with the drugs

they prescribe. To answer this question, we estimate oncologists’ experience with each drug,

measured as the count of patients each oncologist prescribes a given drug to in a year. We

focus on experience within a year since physician human capital appears to decay rapidly

(Hockenberry and Helmchen, 2014; Facchini, 2022). We then normalize experience to relative

experience, with a mean value of one within each year.

Figure 8 displays average relative experience by physician specialization over time. In

2008, the most and least specialized oncologists have similar levels of experience with the

drugs they prescribed. By the end of the panel, the most specialized oncologists have sig-

nificantly more (roughly 25% more) experience with the drugs they prescribe patients than

the most general oncologists. As these drugs are typically complex and high-risk, more ex-

perience with a drug plausibly translates into better clinical management of the drug and

potentially better patient outcomes.

7.4 Drug Age

Finally, we ask if specialization helps oncologists to keep up with new technology. To do so,

we estimate the average age of the drugs oncologists prescribe by degree of specialization

over time. Drug age is calculated as years since the first FDA approval for the ATC code

for any indication, dosage, or delivery form8. We calculate the average age of the drugs that

each oncologist prescribes, weighted by how many patients they prescribe the drug to in a

year. We then chart the average drug age by oncologist by degree of specialization over time.

Figure 9 displays the results for all anti-cancer drugs. In the early years of the panel,

8This approach raises the average drug age relative to a strategy that accounts for new indications.
However, we cannot observe which indication a drug was given for (or if it was given off-label, without an
FDA-approved indication).
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specialist and generalist oncologists prescribe drugs of a similar age. The average age of

drugs prescribed rises over time for everyone, but more for generalist oncologists. By 2019,

generalist oncologists prescribe a significantly older set of drugs, about 2.7 years older on

average. These results are consistent with specialization enabling oncologists to adopt new

drugs more quickly.

Of note, generalist oncologists initially appear not to update their drug bundle. Their

drug bundle ages one year every year. However, this result is driven by the use of steroids,

an old medication class, which are given to many patients and hence weighted heavily in the

drug bundle. Appendix figure C.5 drops steroids. This figure reveals that both generalist

and specialist non-steroid drug bundles age less than one year every year, suggesting both

groups do adopt new drugs. However, as before, specialists start to update their drug bundle

faster over time than generalists, and pull ahead in the use of new technology.

In summary, specialized oncologists have increasingly different practice patterns from

generalist oncologists. Specialized oncologists use a narrower set of drugs, enabling them to

have more experience with each drug and to prescribe newer sets of drugs. These results sug-

gest that specialized oncologists provide higher quality care than generalists and that these

quality differences are growing over time. They are also consistent with greater specialization

enabling expert workers to stay at the frontier of a rapidly evolving set of technologies.

Do the observed differences in prescribing patterns lead to differences in guideline-concordant

care or patient outcomes? Unfortunately, we do not observe sufficient detail about each pa-

tient’s cancer (e.g., stage, biomarkers) in our data to plausibly answer this question. How-

ever, several case studies from the medical literature are broadly consistent with specialists

providing better care. For example, Voss et al. (2017) find that soft-tissue sarcoma patients

treated with guideline-concordant care have better survival, and patients are more likely to

receive guideline-concordant care if treated at an academic hospital. (Thiels et al., 2020)

find similar results for stomach cancer. As specialists are concentrated in academic centers,

these results are consistent with specialists providing higher-quality care.
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8 Conclusion

In this paper, we examine how this growth in knowledge impacts expert specialization. We

study this in medical oncology, where we document large and rapid increases in anti-cancer

drugs and the corpus of clinically relevant knowledge.

Studying a balanced panel of oncologists, we find that ex-ante specialized oncologists

become significantly more specialized in response to knowledge growth. This growth in

specialization is concentrated in the largest healthcare markets. As such, top specialization

has increased substantially in the largest markets and stagnated in the smallest ones. These

results imply that specialized oncologists face a combination of market size and coordination

cost constraints to specialization.

We also observe that most oncologists are general oncologists and do not become more

specialized in response to knowledge growth. The median oncologist in both large and small

markets remains a generalist, even in the face of rapid growth in knowledge in the field

of oncology. These findings suggest that coordination costs for many oncologists are very

high, limiting their ability to specialize even in large markets and to achieve gains from

specialization.

The growing dispersion in specialization has implications for patient care. Specialized

oncologists prescribe newer anti-cancer drugs and have more experience with each drug they

prescribe than general oncologists. These differences in drug prescribing are consistent with

specialization enabling higher quality care. In addition, these differences in drug prescribing

have grown substantially over time, consistent with growing quality differences between

specialists and generalists over time.

Collectively, these results provide evidence that knowledge growth increases economies

of scale and geographic inequality in specialized medical care and healthcare labor markets.
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Figure 1: Oncology has experienced massive increases in available knowledge and technolo-
gies

(a) Oncology treatment guidelines have become considerably longer
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(b) The number of FDA-approved anti-cancer drugs has also increased substantially

1940 1960 1980 2000 2020
Year

0

50

100

150

200

250

To
ta

l F
DA

 A
pp

ro
ve

d
Ca

nc
er

 Tr
ea

tm
en

t D
ru

gs

Notes: Panels (a) and (b) show the growth in cancer guideline length and pharmaceutical treatments over
time. Panel (a) displays the page count of the first set of treatment guidelines in each year from the National
Comprehensive Cancer Network Clinical Practice Guidelines in Oncology. Panel (b) displays the number of
unique anti-cancer drugs, where unique drugs are distinguished by unique Anatomical Therapeutic Chemical
Level 5 Classification Codes. Note that the sample is limited to drugs with direct anti-cancer uses which
are approved by the U.S. Food and Drug Administration. It does not include combinations of drugs, drugs
used for cancer symptom relief or diagnosis, or unapproved drugs that are being investigated. The data in
this panel is from Pantziarka et al. (2021).
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Figure 2: Specialized Oncologists are Growing More Specialized Over Time

Notes: This figure shows the distribution of physician-level Herfindahl––Hirschman index (HHI), a measure of specialization, from 1999-2019. All
physicians in the sample are hematologist-oncologists, oncologists, or hematologists who saw at least 25 unique cancer patients in the year in a 20%
sample of Medicare Part B claims. Physician HHI is calculated within physician using shares of time spent evaluating and managing different types
of cancer. Time is proxied using the work Relative Value Units for each evaluation and management HCPCS code. The 10th, 25th, 50th, 75th, and
90th percentile are displayed and labeled. The dashed grey line represents the HHI of the field overall. The trend break in 2015 is attributed to the
switch in diagnosis coding schemes, from ICD-9 to ICD-10, and 2015 is dropped from the graph for visual clarity. Overall, the 10th, 25th, and 50th
percentile of oncologists see a roughly representative distribution of patients, suggesting they are “general” oncologists. As such, most oncologists
remain generalists over this period. However, the most specialized oncologists, those near the 90th percentile of the distribution, become substantially
more specialized over time.
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Figure 3: Quasi first stage suggests recentered instrument (∆k̃i) is a strong “instrument” for
unadjusted instrument (∆ki)

Notes: This figure shows the results for a quasi first stage regression of the recentered measure of exposure
to knowledge growth on the unadjusted measure. It displays a binned scatter plot and key regression
outputs for the relationship between the raw and recentered measure of exposure to knowledge growth
for physicians. Regression standard errors are robust. The recentered measure of exposure to knowledge
growth controls for variation in physician scope and field expected knowledge growth. In the recentered
measure, the predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth.
Raw exposure to knowledge growth is calculated using the cancer types a physician treated in 2008 and the
subsequent growth in knowledge in those fields over the next five years (2009-2014), based on realized changes
in guideline lengths. Predicted exposure is estimated based on the cancer types a physician treats in 2008 and
the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge
growth for each type of cancer is estimated based on a Poisson regression of the number of Medicare patients
with the cancer types in 2008, an indicator for if the cancer type has well-established surrogate endpoints,
and the interaction of the two. All physicians in the sample are hematologist-oncologists, oncologists, or
hematologists who evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare
Part B claims in 2008, 2009 and 2014.
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Figure 4: Knowledge growth increases specialization only for those who start specialized

(a) Knowledge growth increases specialization for oncologists who start spe-
cialized (b) But not for general oncologists

Notes: Panels (a) and (b) shows binned scatterplots and key regression estimates for the relationship between the Poisson recentered exposure to
knowledge growth and change in specialization. Panel (a) shows this relationship for oncologists who start in the top 25% of the initial specialization
distribution based on a Herfindahl––Hirschman index (HHI) over types of cancer managed in 2009. Panel (b) shows this relationship for oncologists
who start in the bottom 75% of the initial specialization distribution based on a Herfindahl––Hirschman index (HHI) over types of cancer managed in
2009. Exposure to knowledge growth. In the Poisson recentered measure, the predicted exposure to knowledge growth is subtracted from raw exposure
to knowledge growth. Predicted exposure is estimated based on the cancer types a physician treats in 2008 and the predicted, rather than realized,
growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer is estimated based on a Poisson regression of
the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer type has well-established surrogate endpoints, and the
interaction of the two. Regression standard errors are robust. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists
who evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare Part B claims in 2008, 2009 and 2014.
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Figure 5: Growth in knowledge (∆k) can increase market-level economies of scale

(a) Market size contraints and coordination cost constraints
to specialization lead to different patterns of specialization by
market size
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(b) When both constraints exist, more knowledge can lead to
larger differences in specialization by market size
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Notes: Panels (a) and (b) show theoretical predictions. Panel (a) shows predicted relationship between
specialization and market size if specialization is constrained by coordination costs and constrained by
market size. Panel (b) shows the change in the relationship between specialization and market size when
knowledge increases in a setting where both coordination costs and market size constrain specialization.
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Figure 6: Median specialization is stable over time and across market size, but the 90th percentile of specialization is increasing
in the largest markets (1999-2014)

(a) Median oncologist HHI by Market Size (b) 90th percentile of oncologist HHI by Market Size

Notes: Panels (a) and (b) show a binned scatterplot of the 50th and 90th percentile of oncologist specialization by market size in 1999 and 2014. The
x-axis shows the market size, measured as population, in the relevant year. Markets are defined using Hospital Referral Regions (HRR). The y-axis
shows oncologist specialization, as measured using a Herfindahl––Hirschman index (HHI) over the types of cancer that the oncologist evaluated and
managed in that year. In panel (a), each point represents the local average of the 50th percentile of HHI in an HRR in a year. In panel (b), each
point represents the local average of the 90th percentile of HHI in an HRR in a year. The lines represent locally weighted scatterplot smoothing
(LOWESS) over these points. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who evaluated and managed at
least 25 unique cancer patients in the year in a 20% sample of Medicare Part B claims data.
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Figure 7: Over time, specialists begin to prescribe fewer unique anti-cancer drugs than
generalists in a year

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

Notes: This figure shows oncologists’ average relative experience with the anti-cancer drugs that they pre-
scribe over time by level of specialization. Experience is calculated as how many times an oncologist pre-
scribed a drug in a year. Relative experience normalizes these values to have a mean of one in a year. In the
early years of the panel, specialized and generalist oncologists are similarly experienced with drugs. How-
ever, by the end of the panel, more specialized oncologists are about 20% more experienced with the drugs
they prescribe. Anti-cancer drugs are defined as unique World Health Organization Anatomical Therapeutic
Class (ATC) codes that fall into the list of anti-cancer drugs from Pantziarka et al. (2021). Oncologists
are grouped into quantile bins based on the percentile of their HHI, where a higher HHI indicates a more
specialized oncologist. Within each quantile bin, the sample is restricted to oncologists who prescribed anti-
cancer drugs to at least 11 patients across a 20% sample of Part B and Part D data. HHI is calculated using
shares of evaluation and management work Relative Value Units over types of cancer, and the percentile is
calculated among the population of oncologists with at least 25 unique cancer patients in a 20% sample of
Medicare Part B claims.
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Figure 9: Over time, specialists begin to prescribe newer drugs than generalists

Notes: This figure shows the average age of anti-cancer drugs that oncologists prescribe over time by level of
specialization. In the early years of the panel, specialized and generalist oncologists prescribe drug bundles
of a similar age. However, by the end of the panel, the more specialized an oncologist is, the newer the drugs
they prescribe. Anti-cancer drugs are defined as unique World Health Organization Anatomical Therapeutic
Class (ATC) codes that fall into the list of anti-cancer drugs from Pantziarka et al. (2021). Drug age is
measured as the time since FDA approval of the ATC code. Drugs are weighted by the number of patients
the oncologist prescribed the drug to. Oncologists are grouped into quantile bins based on the percentile of
their HHI, where a higher HHI indicates a more specialized oncologist. Within each quantile bin, the sample
is restricted to oncologists who prescribed anti-cancer drugs to at least 11 patients across a 20% sample of
Part B and Part D data. HHI is calculated using shares of evaluation and management work Relative Value
Units over types of cancer, and the percentile is calculated among the population of oncologists with at least
25 unique cancer patients in a 20% sample of Medicare Part B claims.

45



Table 1: Summary Statistics for Balanced Panel of Oncologists (2008-2014)

Mean SD Min Max N

N 4,861
Unique Patients (2008) 69 33 25 297 4,861
Count of Cancer Types (2008) 15 4 1 27 4,861
HHI (2009) 2,739 1,453 954 10,000 4,861
Guideline Length (2009) 1,789
Relevant Guideline Length (2009) 1,159 242 42 1,702 4,861
Change in Length of Guidelines (2009-2014) 1,745
Change in Length of Relevant Guidelines (2009-2014) 1,087 226 24 1,612 4,861
Share in Largest 20% of Regions 1 0 0 1 4,861
Count Oncologists at Main Tax ID (2008) 19 40 1 219 4,861
Physician age (2008) 49 9 30 77 4,861

Notes: This table shows summary statistics for a balanced panel of oncologists from 2008 to 2014. All physicians in the sample are hematologist-
oncologists, oncologists, or hematologists who evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare Part B claims
in 2008, 2009 and 2014. More information about each variable is calculated is detailed in section 2.
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Table 2: Specialized Oncologists Work in Larger Regions and Organizations than General Oncologists (2008-2014)

Top 25% Most Specialized Docs Other 75%
Mean Std Mean Std

N 1,213 3,637
Unique Patients 59 (29) 73 (34)
Count of Cancer Types 13 (5) 16 (3)
HHI (2009) 4,637 (1,729) 2,104 (460)
Academic 0.32 (0.47) 0.08 (0.27)
Share in Largest 20% of Regions 0.63 (0.48) 0.50 (0.50)
Count Oncologists at Main Tax ID 25 (41) 17 (40)
Physician age 50 (9) 49 (9)
Relevant Guideline Length (2008) 860 (279) 1,065 (165)
Change in Length of Relevant Guidelines (2009-2014) 932 (283) 1,139 (174)

Notes: This table compares key summary statistics for “specialist” and “general” oncologists. Specialist oncologists are defined as those in the top 25%
of the specialization distribution as measured by a Herfindahl—-Hirschman index (HHI) over types of cancer managed in 2009. Specialist oncologists
are defined as those in the bottom 75% of the specialization distribution as measured by a Herfindahl—-Hirschman index (HHI) over types of cancer
managed in 2009. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who evaluated and managed at least 25
unique cancer patients in a 20% sample of Medicare Part B claims in 2008, 2009 and 2014. More information about how each variable is detailed in
section 2.
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Table 3: Guidelines grow faster for cancer types with more patients and surrogate endpoints

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

Patient Count in Medicare (Log) 1.95e-05 2.07e-05 1.58e-05
(6.18e-06) (5.39e-06) (2.96e-06)

Surrogate Endpoints 0.986 -4.306
(0.388) (1.285)

Surrogate x Pat Count (Log) 0.569
(0.120)

Observations 40 40 40
R-squared 0.143 0.433 0.747
Estimation Method PPML PPML PPML

Notes: This table shows the results of a regression of the increase in guideline pages from 2009 to 2014 on the log of the prevalence of the cancer
type in Medicare in 2008, an indicator if the cancer type has surrogate endpoints, and the interaction of the two. The unit of observation is a cancer
type e.g. breast cancer. The regression is estimated with Poisson maximum likelihood. Change in guideline page count is calculated using the change
in page length for the first version of National Comprehensive Cancer Network (NCCN) Guidelines in 2009 and 2014. The presence of surrogate
endpoints is determined using Budish, Roin, and Williams (2015). 2008 prevalence in Medicare is calculated as the number of patients with the cancer
type a 20% sample of Medicare Fee-For-Service Part B claims using ICD-9 codes. Cancer types are defined using a custom grouping of ICD-9 codes
that mirrors the organization of NCCN Guidelines, as detailed in Appendix A.1.
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Table 4: Physician characteristics become substantially less predictive of exposure to knowledge growth after recentering

(1) (2) (3) (4)
Unadjusted exposure Remove physician Also remove cancer Also remove cancer

to knowledge growth (∆ki) scope variation (∆k̃i) prevalence variation (∆k̃i) endpoint type variation (∆k̃i)

Market population (millions) -12.78 1.454 -0.574 0.00813
(1.670) (0.726) (0.662) (0.518)

Count oncologists at main org -0.451 0.0446 0.0875 0.0169
(0.0757) (0.0370) (0.0320) (0.0240)

Patient Count 4.022 -1.635 -0.282 0.0247
(0.0878) (0.0445) (0.0348) (0.0283)

Observations 4,861 4,861 4,861 4,861
R-squared 0.385 0.263 0.017 0.005
Recentered Yes Yes Yes

Notes: This table shows the results of a regression of exposure to knowledge growth on observable physician characteristics. The physician character-
istics include the population of the physicians’ Hospital Referral Region in millions, the number of other oncologists at the Tax IDs that they work
at, and physicians’ patient volume. All physician characteristics are from 2008, the baseline year for the panel. In Column 1, the outcome variable is
raw exposure to knowledge growth. Raw exposure to knowledge growth is measured as the total increase in guideline page counts for cancer types
from 2009 to 2014 for cancer types the physician managed in the baseline year (2008). In Column 2, the outcome variable is a recentered measure
of exposure to knowledge growth, where the recentered measure controls for variation in physician scope. In this measure, predicted exposure to
knowledge growth is subtracted from raw exposure to knowledge growth. Predicted exposure is estimated as the number of cancer types treated times
the mean knowledge growth per cancer type. This procedure removes variation in exposure to knowledge growth that arises become some physicians
have a broader scope i.e. treat more types of cancer. In Column 3 and 4, the outcome variable is a recentered version of the measure of exposure to
knowledge growth that controls for variation in physician scope and cancer field expected knowledge growth. As in Column 2, predicted exposure to
knowledge growth is subtracted from raw exposure to knowledge growth. However, in column 3 the predicted knowledge growth for each type of cancer
is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008 and an indicator for if the cancer type
has well-established surrogate endpoints. Column 4 is similar, but predicted knowledge growth also accounts for the interaction between the number
of Medicare patients and surrogate endpoints. This procedure removes variation in exposure to knowledge growth that arises become some physicians
have a broader scope and because some cancer types predictably have more innovation. All physicians in the sample are hematologist-oncologists,
oncologists, or hematologists who evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare Part B claims in 2008, 2009
and 2014. All regression standard errors are robust.

49



Table 5: Knowledge growth increases specialization for oncologists in the top 25% of the initial specialization distribution

(1) (2) (3) (4) (5)
Knowledge Growth

Recentered (∆k̃i) Restrict Sample Add Age FE Add Market FE Add Org Size FE

Increase in Guideline Length (100 Pages) 223.8 202.0 200.8 194.1 165.1
(74.55) (73.30) (73.59) (81.17) (82.47)

Observations 1,216 1,164 1,164 1,164 1,164
R-squared 0.008 0.007 0.008 0.139 0.152
Age FE Yes Yes Yes
Market FE Yes Yes
Org Size FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the top 25% of the initial specialization distribution. Specialization is measured using a Herfindahl—-Hirschman index (HHI) over types
of cancer managed in 2009. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression standard errors are robust. Column 2 restricts
the sample to physicians where we observe age, hospital referral region (HRR) and the number of other oncologists at their Tax IDs. Columns 3, 4,
and 5 add fixed effects for the physicians age group, hospital referral region (HRR) and the number of other oncologists at their Tax IDs, respectively.
In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth is subtracted from raw exposure to knowledge
growth. Raw exposure to knowledge growth is calculated as the total increase in the page count of guidelines over 2009 to 2014 for the types of cancers
a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician treats in 2008 and the predicted, rather than realized,
growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer is estimated based on a Poisson regression of
the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer type has well-established surrogate endpoints, and the
interaction of the two. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who evaluated and managed at least
25 unique cancer patients in a 20% sample of Medicare Part B claims in 2008, 2009 and 2014.
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Table 6: Knowledge growth does not increase specialization for oncologists in the bottom 75% of the initial specialization
distribution

(1) (2) (3) (4) (5)
Knowledge Growth

Recentered (∆k̃i) Restrict Sample Add Age FE Add Market FE Add Org Size FE

Increase in Guideline Length (100 Pages) -18.68 -18.88 -18.49 -10.75 -12.18
(23.27) (23.33) (23.40) (24.98) (24.84)

Observations 3,647 3,629 3,629 3,629 3,629
R-squared 0.000 0.000 0.000 0.077 0.079
Age FE Yes Yes Yes
Market FE Yes Yes
Org Size FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the bottom 75% of the initial specialization distribution. Specialization is measured using a Herfindahl—-Hirschman index (HHI) over
types of cancer managed in 2009. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field
expected knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression standard errors are robust. Column
2 restricts the sample to physicians where we observe age, hospital referral region (HRR) and the number of other oncologists at their Tax IDs.
Columns 3, 4, and 5 add fixed effects for the physicians age group, hospital referral region (HRR) and the number of other oncologists at their
Tax IDs, respectively. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth is subtracted from raw
exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page count of guidelines over 2009 to
2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician treats in 2008 and the
predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer is estimated
based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer type has well-established
surrogate endpoints, and the interaction of the two. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who
evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare Part B claims in 2008, 2009 and 2014.
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Table 7: Median specialization does not increase with market size, but top specialization does, and increases more steeply over
time

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

Current Population (Log) 6.426 492.2
(37.48) (79.38)

Current Population (Log) x 2014 90.32 399.3
(48.62) (114.1)

Observations 601 601
R-squared 0.090 0.252

Notes: Table 7 shows a regression of market-level oncologist specialization on market size, year, and an interaction of market size and year. In
Column 1, the outcome is the 50th percentile of oncologist specialization in a market. In Column 2, the outcome is the 90th percentile of oncologist
specialization in a market. Markets are defined using Hospital Referral Regions (HRR). Market size is measured as population in the relevant year.
Oncologist specialization is measured using a Herfindahl––Hirschman index (HHI) over the types of cancer that the oncologist evaluated and managed
in that year. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists who evaluated and managed at least 25 unique
cancer patients in the year in a 20% sample of Medicare Part B claims data.
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A Data Appendix

A.1 Cancer Groupings

We create a set of custom diagnosis code groupings that align with how cancers are grouped

in guidelines. This section discusses why and how we create these custom groupings.

We created this grouping because ICD-9 diagnosis codes are too granular to be used

directly as types of cancer treated. For example, they contain separate codes for breast

cancer in the right breast versus the left breast. We wish to group these into the category

of “breast cancer” to align with the NCCN guidelines for breast cancer treatment.

To create the grouping, we 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 we rectify with our custom grouping. First, we

drop the CCS diagnosis codes for cancer treatment and consider only those for specific types

of cancer. Second, we make our groupings more specific. For example, the CCS groupings

classify colon cancer of “unknown behavior” as an “unknown” cancer type. We re-classify

this as colon cancer. Third, we make our custom grouping more granular to align with the

guidelines. For example, we divide the CCS category of “Leukemia” into “Myeloid Leukemia”

and “Lymphocytic Leukemia” (guidelines are even further split by acute and chronic within

each subtype of leukemia). Lastly, we rearrange groupings that are misaligned with clinical

groupings. For example, the CCS groupings group rectal cancer with anal cancer. However,

guidelines group rectal cancer with colon cancer, as these are more biologically similar. Our

custom grouping follows the guidelines’ approach, with a single category for colon and rectal
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cancer.

These mappings are based on ICD-9 codes. In mid-2015, the claims data switches from

ICD-9 to ICD-10 codes. From 2015 onwards, we map from ICD-10 to ICD-9 codes, then to

our custom cancer grouping.

Notably, our ICD-based groupings are based on the anatomical origin of the tumor,

which mirrors the first-order dimension of cancer subtyping. For example, breast cancers

are cancers where the origin tumor site is the breast, regardless of where the cancer has

spread. Within each anatomical origin, there are further subclassifications along numerous

other dimensions, e.g., stage and biomarkers. We cannot observe these other dimensions in

the diagnosis codes. However, we do not need to observe them as NCCN guidelines are also

organized based on the anatomical origin of tumors.

In addition, we are reassured that anatomic origin is the appropriate high-level grouping

because NCCN guidelines are also organized anatomically. This observation suggests that

our grouping of cancer types aligns with how the field of oncology initially categorizes cancer

(there are many dimensions of additional subtyping by size, spread, biomarkers, and other

features). This anatomical approach also aligns with how sub-specialized oncologists at the

University of Chicago describe their focus area, i.e., using anatomic designations such as

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

A.2 Labeling Academic Physicians

This section discusses how we labeled physicians as academic or non-academic. Our mea-

surement of academic status is a broadly inclusive proxy of academic status rather than a

definitive measure. These limitations arise from the inherent challenges of binarizing the

diversity of organizational arrangements in oncology and the limitations of our data.

We use the Medicare Data on Provider Practice and Specialty (MD-PPAS) from 2008

to proxy academic status. The data contains the name associated with the tax ID number

from which the physician billed the most services in 2008. We assign academic status based
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on the name of this tax ID number.

A tax ID name must meet at least one of several possible criteria to be categorized

as academic. The tax ID is considered academic if it contains the name of a recognizable

academic institution or other words that signal academic status (e.g. “university”, “college”).

We also consider a tax ID to be academic if its name matches the state and name of record

for an academic institution’s physician group. We also consider a tax ID to be academic

if the institution named was affiliated with an academic center or university on its website

as of May 2024, the time when this determination of academic status was made. We use

affiliation in May 2024 rather than 2008 as we have more limited tools to determine past

affiliation status. Finally, we also consider a tax ID number to be academic if the institution

named has a Hematology-Oncology fellowship training program, even if it is not affiliated

with a university.

The resulting measure of academic status is broadly inclusive. For example, satellite

locations of the Mayo Clinic in Florida and Arizona are counted as academic, as are regional

affiliates of Memorial Sloan Kettering Cancer Center. Similarly, the Northshore University

Health System is labeled as academic since its name contains the phrase “University” and

is currently affiliated with the University of Chicago. Our measure of academic status pri-

oritizes sensitivity (including all plausibly academic physicians) over specificity (definitively

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

This section discusses measurement error in our main outcome variable, physician special-

ization. Estimated physician specialization has measurement error with a positive expected

value. Fortunately, the recentering procedure used in the main estimates removes the correla-

tion of this measurement error with the treatment variable (exposure to knowledge growth).

In addition, this measurement error does not change the paper’s key findings.

B.1 Characterizing Measurement Error

Measurement error occurs because we observe only a subset of the patients a physician

treats in a year. Recall that physician specialization is measured by a Herfindahl–Hirschman

Index (HHI) over the shares of time that an oncologist spends managing each type of cancer:

HHIi = 10, 000
∑

C

(
Tic

Ti

)2

. The estimated value of HHIi will be biased upwards on average

in a finite subsample of patients. To illustrate, suppose physician i has HHIi = 2500 when

calculated over all patients. Suppose we observe only one patient; mechanically, we will

estimate that ˆHHIi = 10000. Suppose, we observe only two patients; mechanically, the

minimum HHI we could estimate is ˆHHIi = 5000. As the number of patients increases, the

expected value of ˆHHIi approaches HHIi from above. Recall that we observe only a 20%

sample of Medicare patients treated by a physician rather than all patients. As such, we

estimate HHIi with finite sample measurement error. This measurement error will be larger

for low-volume physicians and decline as patient volume increases.

Figure C.4 demonstrates that ˆHHIi declines with volume and that some of the decline

is attributable to decreases in measurement error. We plot mean ˆHHIi by patient volume

in 1999, 2009, and 2019. ˆHHIi declines with volume in all three years. How much of this

decline comes from reductions in measurement error, and how much reflects real specializa-

tion among low-volume physicians? For example, the observed relationship could reflect real

specialization differences if low-volume physicians tend to be academic sub-specialists who
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spend half their time treating one type of cancer and half their time researching that cancer.

To distinguish between measurement error and real differences in specialization, I also

plot ˆHHIi estimated with 25 random patients per doctor. Using 25 random patients inflates

the finite sample measurement error for physicians who see more than 25 patients a year

so that ˆHHIi is measured with an equal degree of error regardless of observed physician

volume.

There are several key findings. First, small sample noise is not mean zero. The HHI

calculated with 25 patients is consistently higher than the HHI calculated with all patients.

Second, the relationship between volume and HHI changes over time. In 1999, low-volume

and high-volume doctors have similar HHIs once we measure HHI with 25 patients for ev-

eryone. This pattern suggests that the decline in HHI with volume is largely a product of

volume-dependent measurement error. However, in 2009 and 2019, HHI does decline with

volume, even after equalizing volume-dependent measurement error. This pattern implies

that specialists are genuinely lower-volume physicians in more recent years.

B.2 Effect of equalizing volume-dependent measurement error in

main results

Next, I investigate the impact of volume-dependent measurement error on the main findings.

First, I consider the impact on the observed trends over time in specialization. Figure

C.1 plots the distribution of HHI over time, similar to figure 2, but calculates HHI using

only 25 random patients per physician rather than all patients. The overall patterns are

essentially unchanged. The 10th through 75th percentiles of specializations are largely flat

or declining. However, the 90th percentile of specialization increases substantially over time,

consistent with rising top specialization.

Next, I consider the impact of volume-dependent measurement error on my main iden-

tification strategy. Physician volume is a potential source of omitted variables bias. Table

4 shows that the raw measure of exposure to knowledge growth is correlated with patient
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volume and, therefore, likely correlated with measurement error. Fortunately, the recenter-

ing procedure removes the correlation between exposure to knowledge growth and physician

volume and, therefore, measurement error. If so, non-zero measurement error should not

contribute to omitted variables bias in the main specifications.

Finally, we replicate the main regressions using only 25 patients per physician. Table C.8

shows the regression of exposure to knowledge growth on specialization for ex-ante specialized

physicians. Column 1 shows the regression with exposure to knowledge growth calculated

using only 25 random patients. Column 2 shows the regression with ˆHHIi calculated using

only 25 random patients. Column 3 shows the regression with both exposure to knowledge

growth and ˆHHIi calculated using only 25 random patients. The estimated effects are similar

to the main results, with the same direction and positive magnitude. Table C.9 shows the

same results for ex-ante generalist physicians. The estimates are all indistinguishable from

zero, as in the main results. The similar estimates suggest that measurement error does not

substantively impact or change the central findings.
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Figure C.1: Specialized Oncologists are Growing More Specialized Over Time (25 patients used to calculate HHI)

Notes: This figure shows the distribution of physician-level Herfindahl––Hirschman index (HHI), a measure of specialization, from 1999-2019, using
only 25 random patients per physician per year to calculate HHI. All physicians in the sample are hematologist-oncologists, oncologists,
or hematologists who saw at least 25 unique cancer patients in the year in a 20% sample of Medicare Part B claims. Physician HHI is calculated
within physician using shares of time spent evaluating and managing different types of cancer. Time is proxied using the work Relative Value Units
for each evaluation and management HCPCS code. The 10th, 25th, 50th, 75th, and 90th percentile are displayed and labeled. The dashed grey line
represents the HHI of the field overall. The trend break in 2015 is attributed to the switch in diagnosis coding schemes, from ICD-9 to ICD-10, and
2015 is dropped from the graph for visual clarity. Overall, the 10th, 25th, and 50th percentile of oncologists see a roughly representative distribution
of patients, suggesting they are “general” oncologists. As such, most oncologists remain generalists over this period. However, the most specialized
oncologists, those near the 90th percentile of the distribution, become substantially more specialized over time.
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Figure C.2: Quasi first stage suggests recentered instrument (∆k̃i) is a strong “instrument” for unadjusted instrument (∆ki)

(a) Specialized Oncologists (b) General Oncologists

Notes: Panels (a) and (b) show the results for a quasi first stage regression of the recentered measure of exposure to knowledge growth on the
unadjusted measure. Panel (a) displays the results for specialized oncologists, defined as those in the top 25% of the specialization distribution in
2009, as measured by a Herfindahl––Hirschman index over types of cancers managed. Panel (b) displays the results for general oncologists, defined
as those in the bottom 75% of the specialization distribution. Both figures display a binned scatter plot and key regression outputs for the bivariate
relationship between the raw measure and the recentered measure of physician-level exposure to knowledge growth. The raw measure of physician level
exposure to knowledge growth is calculated using the cancer types a physician treated in 2008 and the subsequent growth in guideline length in those
fields over the next five years (2009-2014). In the recentered measure, the predicted exposure to knowledge growth is subtracted from raw exposure
to knowledge growth. Predicted exposure is estimated based on the cancer types a physician treated in 2008 and the predicted growth in knowledge
for each cancer type over the next five years. The predicted knowledge growth for each type of cancer is estimated based on a Poisson regression of
the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer type has well-established surrogate endpoints, and the
interaction of the two. Regression standard errors are robust. All physicians in the sample are hematologist-oncologists, oncologists, or hematologists
who evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare Part B claims in 2008, 2009 and 2014.
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Figure C.3: Over time, specialists begin to prescribe fewer unique anti-cancer drugs than
generalists in a year after removing variation in patient volume

Notes: This figure shows the average number of unique anti-cancer drugs that oncologists prescribe over time
by level of specialization. This figure differs from Figure 7 in that the average number of unique anti-cancer
drugs is calculated over 11 random patients, rather than all patients, per oncologist per year. This change in
sample removes systematic differences in patient volume that may exist by level of oncologist specialization.
The patterns found in 7 continue to hold after accounting for possible underlying differences in patient volume
by degree of specialization. In the early years of the panel, specialized and generalist oncologists prescribe a
similar number of unique drugs. However, by the end of the panel, the more specialized an oncologist is, the
fewer unique drugs they prescribe in a year. Unique anti-cancer drugs are defined as unique World Health
Organization Anatomical Therapeutic Class codes that fall into the list of anti-cancer drugs from Pantziarka
et al. (2021). Oncologists are grouped into specialization bins based on the percentile of their HHI, where a
higher HHI indicates a more specialized oncologist. Within each specialization bin, the sample is restricted
to oncologists who prescribed anti-cancer drugs to at least 11 patients across a 20% sample of Part B and
Part D data. HHI is calculated using shares of evaluation and management work Relative Value Units over
types of cancer, and the percentile is calculated among the population of oncologists with at least 25 unique
cancer patients in a 20% sample of Medicare Part B claims.
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Figure C.4: Physician level HHI declines with patient volume

(a) 1999

(b) 2009

(c) 2019

Notes: Figure displays binned scatter plots of physician-level Herfindahl––Hirschman index (HHI), calculated
using both all patients and 25 random patients per physician, by patient volume. Figures , , show the
relationship for 1999, 2009 and 2019 respectively. All physicians in the sample are hematologist-oncologists,
oncologists, or hematologists who saw at least 25 unique cancer patients in the year in a 20% sample of
Medicare Part B claims. Physician HHI is calculated within physician using shares of time spent evaluating
and managing different types of cancer. Time is proxied using the work Relative Value Units for each
evaluation and management HCPCS code.
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Figure C.5: Over time, specialists begin to prescribe newer drugs than generalists (excluding
steroids)

Notes: This figure shows the average age of non-steroid anti-cancer drugs that oncologists prescribe over time
by level of specialization. In the early years of the panel, specialized and generalist oncologists prescribe drug
bundles of a similar age. However, by the end of the panel, the more specialized an oncologist is, the newer
the drugs they prescribe. Anti-cancer drugs are defined as unique World Health Organization Anatomical
Therapeutic Class (ATC) codes that fall into the list of anti-cancer drugs from Pantziarka et al. (2021).
Drug age is measured as the time since FDA approval of the ATC code. Drugs are weighted by the number
of patients the oncologist prescribed the drug to. Oncologists are grouped into quantile bins based on the
percentile of their HHI, where a higher HHI indicates a more specialized oncologist. Within each quantile
bin, the sample is restricted to oncologists who prescribed anti-cancer drugs to at least 11 patients across
a 20% sample of Part B and Part D data. HHI is calculated using shares of evaluation and management
work Relative Value Units over types of cancer, and the percentile is calculated among the population of
oncologists with at least 25 unique cancer patients in a 20% sample of Medicare Part B claims.
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Table C.1: The length of cancer treatment guidelines has increased substantially over time
for many types of cancer

Year 2002 2020
Site

ALL 0 117
AML 23 138
Anal 9 55
Bladder 40 113
Bone 25 96
Breast 52 223
Breast Risk 22 64
Breast Screening 33 77
CML 48 80
CNS 51 165
Cervical 24 86
Colon 20 188
Esophageal 19 154
GTN 0 40
Gastric 18 125
Hairy Cell 0 24
Head And Neck 86 233
Hepatobiliary 32 151
Hodgkins 30 85
Kaposi 0 39
Kidney 14 64
Lung 68 294

Year 2002 2020
Site

MDS 22 91
MPN 0 101
Mastocytosis 0 67
Mesothelioma 0 46
Myeloma 27 95
NHL 49 658
Neuroendocrine 46 141
Ovarian 26 371
Pancreatic 23 160
Penile 0 49
Prostate 18 167
Prostate Detection 22 63
Rectal 18 167
Sarcoma 31 146
Skin 58 358
Small Bowel 0 48
Testicular 34 78
Thymic 0 41
Thyroid 69 136
Uterine 42 108
Vulvar 0 58
All 1,099 5,760

Notes: Figure C.1 displays the page count of the first set of treatment guidelines in 2002 and 2020 from the
National Comprehensive Cancer Network (NCCN) Clinical Practice Guidelines in Oncology. The NCCN
considered the 2002 guidelines to be a “complete library” of oncology guidelines (NCCN, 2023b). However,
in the years since, they have added guidelines for additional types of cancer.
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Table C.2: For specialized oncologists, physician characteristics become substantially less predictive of exposure to knowledge
growth after recentering

(1) (2) (3) (4)
Unadjusted exposure Remove physician Also remove cancer Also remove cancer

to knowledge growth (∆ki) scope variation (∆k̃i) prevalence variation (∆k̃i) endpoint type variation (∆k̃i)

Market population (millions) -29.01 2.047 -1.371 -0.103
(4.353) (1.676) (1.442) (0.988)

Count oncologists at main org -1.028 0.137 0.172 0.0107
(0.217) (0.0811) (0.0713) (0.0440)

Patient Count 4.709 -1.565 -0.420 -0.0796
(0.233) (0.110) (0.0848) (0.0634)

Observations 1,215 1,215 1,215 1,215
R-squared 0.346 0.170 0.023 0.011
Recentered Yes Yes Yes

Notes: This table shows the results of a regression of exposure to knowledge growth on observable physician characteristics for specialized oncologists.
Specialized oncologists are defined as oncologists in the top 25% of the specialization distribution in 2009, measured using a Herfindahl—-Hirschman
index (HHI) over types of cancer managed. The physician characteristics include the population of the physicians’ Hospital Referral Region in millions,
the number of other oncologists at the Tax IDs that they work at, and physicians’ patient volume. All physician characteristics are from 2008, the
baseline year for the panel. In Column 1, the outcome variable is raw exposure to knowledge growth. Raw exposure to knowledge growth is measured
as the total increase in guideline page counts for cancer types from 2009 to 2014 for cancer types the physician managed in the baseline year (2008).
In Column 2, the outcome variable is a recentered measure of exposure to knowledge growth, where the recentered measure controls for variation in
physician scope. In this measure, predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. Predicted exposure
is estimated as the number of cancer types treated times the mean knowledge growth per cancer type. This procedure removes variation in exposure to
knowledge growth that arises become some physicians have a broader scope i.e. treat more types of cancer. In Column 3 and 4, the outcome variable is
a recentered version of the measure of exposure to knowledge growth that controls for variation in physician scope and cancer field expected knowledge
growth. As in Column 2, predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. However, in column 3 the
predicted knowledge growth for each type of cancer is estimated based on a Poisson regression of the number of Medicare patients with the cancer
types in 2008 and an indicator for if the cancer type has well-established surrogate endpoints. Column 4 is similar, but predicted knowledge growth
also accounts for the interaction between the number of Medicare patients and surrogate endpoints. This procedure removes variation in exposure to
knowledge growth that arises become some physicians have a broader scope and because some cancer types predictably have more innovation. All
physicians in the sample are hematologist-oncologists, oncologists, or hematologists who evaluated and managed at least 25 unique cancer patients in
a 20% sample of Medicare Part B claims in 2008, 2009 and 2014. All regression standard errors are robust.
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Table C.3: For general oncologists, physician characteristics become substantially less predictive of exposure to knowledge
growth after recentering

(1) (2) (3) (4)
Unadjusted exposure Remove physician Also remove cancer Also remove cancer

to knowledge growth (∆ki) scope variation (∆k̃i) prevalence variation (∆k̃i) endpoint type variation (∆k̃i)

Market population (millions) -1.416 0.283 -0.680 -0.0825
(1.155) (0.740) (0.728) (0.614)

Count oncologists at main org -0.0263 -0.0208 0.0472 0.0121
(0.0534) (0.0394) (0.0346) (0.0289)

Patient Count 3.435 -1.564 -0.218 0.0626
(0.0791) (0.0483) (0.0376) (0.0321)

Observations 3,646 3,646 3,646 3,646
R-squared 0.434 0.275 0.012 0.005
Recentered Yes Yes Yes

Notes: This table shows the results of a regression of exposure to knowledge growth on observable physician characteristics for general oncologists.
General oncologists are defined as oncologists in the bottom 75% of the specialization distribution in 2009, measured using a Herfindahl—-Hirschman
index (HHI) over types of cancer managed. The physician characteristics include the population of the physicians’ Hospital Referral Region in millions,
the number of other oncologists at the Tax IDs that they work at, and physicians’ patient volume. All physician characteristics are from 2008, the
baseline year for the panel. In Column 1, the outcome variable is raw exposure to knowledge growth. Raw exposure to knowledge growth is measured
as the total increase in guideline page counts for cancer types from 2009 to 2014 for cancer types the physician managed in the baseline year (2008).
In Column 2, the outcome variable is a recentered measure of exposure to knowledge growth, where the recentered measure controls for variation in
physician scope. In this measure, predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. Predicted exposure
is estimated as the number of cancer types treated times the mean knowledge growth per cancer type. This procedure removes variation in exposure to
knowledge growth that arises become some physicians have a broader scope i.e. treat more types of cancer. In Column 3 and 4, the outcome variable is
a recentered version of the measure of exposure to knowledge growth that controls for variation in physician scope and cancer field expected knowledge
growth. As in Column 2, predicted exposure to knowledge growth is subtracted from raw exposure to knowledge growth. However, in column 3 the
predicted knowledge growth for each type of cancer is estimated based on a Poisson regression of the number of Medicare patients with the cancer
types in 2008 and an indicator for if the cancer type has well-established surrogate endpoints. Column 4 is similar, but predicted knowledge growth
also accounts for the interaction between the number of Medicare patients and surrogate endpoints. This procedure removes variation in exposure to
knowledge growth that arises become some physicians have a broader scope and because some cancer types predictably have more innovation. All
physicians in the sample are hematologist-oncologists, oncologists, or hematologists who evaluated and managed at least 25 unique cancer patients in
a 20% sample of Medicare Part B claims in 2008, 2009 and 2014. All regression standard errors are robust.
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Table C.4: For specialized oncologists, knowledge growth does not reduce the number of types of cancers managed

(1) (2) (3) (4) (5)
Knowledge Growth

Recentered (∆k̃i) Restrict Sample Add Age FE Add Market FE Add Org Size FE

Increase in Guideline Length (100 Pages) -0.0656 -0.0801 -0.118 -0.0389 -0.0542
(0.139) (0.142) (0.143) (0.157) (0.157)

Observations 1,216 1,164 1,164 1,164 1,164
R-squared 0.000 0.000 0.007 0.158 0.160
Age FE Yes Yes Yes
Market FE Yes Yes
Org Size FE Yes

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

(1) (2) (3) (4) (5)
Knowledge Growth

Recentered (∆k̃i) Restrict Sample Add Age FE Add Market FE Add Org Size FE

Increase in Guideline Length (100 Pages) -0.107 -0.106 -0.139 -0.135 -0.129
(0.0774) (0.0775) (0.0772) (0.0812) (0.0813)

Observations 3,647 3,629 3,629 3,629 3,629
R-squared 0.000 0.000 0.019 0.127 0.129
Age FE Yes Yes Yes
Market FE Yes Yes
Org Size FE Yes

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and the number of cancers managed for
general oncologists. General oncologists are defined as oncologists in the bottom 75% of the specialization distribution in 2009, measured using
a Herfindahl—-Hirschman index (HHI) over types of cancer managed. The measure of exposure to knowledge growth is recentered to control for
variation in physician scope and field expected knowledge growth. Column 1 shows the coefficient estimate for the univariate regression. The regression
standard errors are robust. Column 2 restricts the sample to physicians where we observe age, hospital referral region (HRR) and the number of other
oncologists at their Tax IDs. Columns 3, 4, and 5 add fixed effects for the physicians age group, hospital referral region (HRR) and the number of
other oncologists at their Tax IDs, respectively. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth
is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page count of
guidelines over 2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician
treats in 2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each type
of cancer is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer
type has well-established surrogate endpoints, and the interaction of the two. All physicians in the sample are hematologist-oncologists, oncologists,
or hematologists who evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare Part B claims in 2008, 2009 and 2014.
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Table C.6: Knowledge growth largely increases specialization for oncologists in the top 25% of the initial specialization
distribution, after raising patient count threshold for exposure to knowledge growth and varying evaluation and management
code sample

(1) (2) (3) (4) (5)

Increase in Guideline Length (100 Pages) 223.8 284.6 292.6 25.52 293.3
(74.55) (81.82) (97.28) (155.8) (80.96)

Observations 1,216 1,216 1,216 326 988
R-squared 0.008 0.010 0.007 0.000 0.015
Min Pat Count per Field 1 2 3 1 1
HHI Sample All pat All pat All pat All pat All pat
Claims All EM All EM All EM New EM Outpatient EM

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the top 25% of the initial specialization distribution. Specialization is measured using a Herfindahl—-Hirschman index (HHI) over types
of cancer managed in 2009. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the baseline univariate regression. Column 2 and 3 raise the minimum patient count to be considered to be
exposed to a cancer type in the baseline year. Column 4 restricts the sample to new evaluation and management claims (versus all evaluation and
management claims) and lowers the threshold for a physician to be included in the sample to 11 patients per year. Column 5 restricts the sample
to outpatient evaluation and management claims. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge
growth is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page
count of guidelines over 2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a
physician treats in 2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for
each type of cancer is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if
the cancer type has well-established surrogate endpoints, and the interaction of the two. Unless otherwise specified, all physicians in the sample are
hematologist-oncologists, oncologists, or hematologists who evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare
Part B claims in 2008, 2009 and 2014.
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Table C.7: Knowledge growth does not increase specialization for oncologists in the lower 75% of the initial specialization
distribution, after raising patient count threshold for exposure to knowledge growth and varying evaluation and management
code sample

(1) (2) (3) (4) (5)

Increase in Guideline Length (100 Pages) -18.68 -10.45 63.27 44.24 22.26
(23.27) (24.99) (27.90) (53.17) (26.91)

Observations 3,647 3,647 3,647 978 2,962
R-squared 0.000 0.000 0.001 0.001 0.000
Min Pat Count per Field 1 2 3 1 1
HHI Sample All pat All pat All pat All pat All pat
Claims All EM All EM All EM New EM Outpatient EM

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the lower 75% of the initial specialization distribution. Specialization is measured using a Herfindahl—-Hirschman index (HHI) over
types of cancer managed in 2009. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field
expected knowledge growth. Column 1 shows the baseline univariate regression. Column 2 and 3 raise the minimum patient count to be considered
to be exposed to a cancer type in the baseline year. Column 4 restricts the sample to new evaluation and management claims (versus all evaluation
and management claims) and lowers the threshold for a physician to be included in the sample to 11 patients per year. Column 5 restricts the sample
to outpatient evaluation and management claims. In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge
growth is subtracted from raw exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page
count of guidelines over 2009 to 2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a
physician treats in 2008 and the predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for
each type of cancer is estimated based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if
the cancer type has well-established surrogate endpoints, and the interaction of the two. Unless otherwise specified, all physicians in the sample are
hematologist-oncologists, oncologists, or hematologists who evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare
Part B claims in 2008, 2009 and 2014.
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Table C.8: Knowledge growth typically increases specialization for oncologists in the top 25% of the initial specialization
distribution, estimated with 25 patients per oncologist

(1) (2) (3)

Increase in Guideline Length (100 Pages) 223.8 135.8 135.8
(74.55) (83.22) (83.22)

Observations 1,216 1,216 1,216
R-squared 0.008 0.002 0.002
Knowledge Exposure Sample 25 pat All pat 25 pat
HHI Sample All pat 25 pat 25 pat

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the top 25% of the initial specialization distribution. Specialization is measured using a Herfindahl—-Hirschman index (HHI) over types
of cancer managed in 2009. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field expected
knowledge growth. Column 1 shows the regression with exposure to knowledge growth calculated using only 25 random patients. Column 2 shows the
regression with ˆHHIi calculated using only 25 random patients. Column 3 shows the regression with both values calculated using only 25 random
patients In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth is subtracted from raw exposure to
knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page count of guidelines over 2009 to 2014 for the
types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician treats in 2008 and the predicted,
rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer is estimated based
on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer type has well-established
surrogate endpoints, and the interaction of the two. Unless otherwise specified, all physicians in the sample are hematologist-oncologists, oncologists,
or hematologists who evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare Part B claims in 2008, 2009 and 2014.
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Table C.9: Knowledge growth typically increases specialization for oncologists in the lower 75% of the initial specialization
distribution, estimated with 25 patients per oncologist

(1) (2) (3)

Increase in Guideline Length (100 Pages) -18.68 24.66 24.66
(23.27) (29.72) (29.72)

Observations 3,647 3,643 3,643
R-squared 0.000 0.000 0.000
Knowledge Exposure Sample 25 pat All pat 25 pat
HHI Sample All pat 25 pat 25 pat

Notes: This table shows regression estimates for the relationship between exposure to knowledge growth and change in specialization for oncologists
who start in the lower 75% of the initial specialization distribution. Specialization is measured using a Herfindahl—-Hirschman index (HHI) over
types of cancer managed in 2009. The measure of exposure to knowledge growth is recentered to control for variation in physician scope and field
expected knowledge growth. Column 1 shows the regression with exposure to knowledge growth calculated using only 25 random patients. Column
2 shows the regression with ˆHHIi calculated using only 25 random patients. Column 3 shows the regression with both values calculated using only
25 random patients In the recentered measure of exposure to knowledge growth, predicted exposure to knowledge growth is subtracted from raw
exposure to knowledge growth. Raw exposure to knowledge growth is calculated as the total increase in the page count of guidelines over 2009 to
2014 for the types of cancers a physician treats in 2008. Predicted exposure is estimated based on the cancer types a physician treats in 2008 and the
predicted, rather than realized, growth in knowledge over the next five years. The predicted knowledge growth for each type of cancer is estimated
based on a Poisson regression of the number of Medicare patients with the cancer types in 2008, an indicator for if the cancer type has well-established
surrogate endpoints, and the interaction of the two. Unless otherwise specified, all physicians in the sample are hematologist-oncologists, oncologists,
or hematologists who evaluated and managed at least 25 unique cancer patients in a 20% sample of Medicare Part B claims in 2008, 2009 and 2014.
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