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Abstract

We study how a frontier AI model affects scientific discovery by examining the
release of the AlphaFold2 algorithm and the impact it had on structural biology and
related fields of science. Structural biology is the field of science concerned with under-
standing the structure and function of proteins, and researchers in this field historically
devoted substantial time and resources to experimentally solving three-dimensional
protein structures. AlphaFold has the ability to predict these structures without run-
ning experiments. In July 2021, researchers gained access to hundreds of thousands
of AI-predicted protein structures virtually overnight. Yet, we find that the rate of
experimental structure determination remains almost unchanged. Instead, researchers
appear to use predicted structures to complement experimental structure determina-
tion. Looking at downstream science that builds on protein structures, we find evidence
of more basic research occurring on proteins that had no structure information prior
to AlphaFold. However, we find no evidence so far that more applied, early-stage drug
development is targeting these proteins.
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1 Introduction

Artificial intelligence (AI) is rapidly reshaping industries in real time. A growing body of

evidence suggests that AI is automating an increasingly broad set of economic tasks, ranging

from routine work in call centers (Brynjolfsson, Li, and Raymond, 2025) to creative tasks in

photography and digital design (Goldberg and Lam, 2025; Zhou and Lee, 2024), as well as

high-skill occupations such as software engineering and radiology (Cui et al., 2025; Agarwal

et al., 2023). In many cases, breakthroughs are improving productivity in the market for

goods and services. At the same time, AI is also beginning to influence the production of

ideas, which has tantalizing implications for the possibility of accelerated economic growth

(Aghion, Jones, and Jones, 2017). The non-rivalrous and cumulative nature of ideas suggests

that the automation of research tasks can have amplifying effects for the productivity of the

broader economy. On the other hand, the R&D pipeline is full of bottlenecks. The potential

complementarity between tasks in a long and uncertain research pipeline may act as a natural

governor on the pace of progress, even when AI fully automates many steps along the chain

(Jones, 2025). Despite many promising anecdotes about the changing pace of AI-enabled

R&D, there has been scant empirical evidence about how AI is changing the research process

in practice.

In this paper, we provide some of the first systematic evidence on how AI affects scientific

discovery, using the introduction of protein structure prediction models as an important case

study. Specifically, we study AlphaFold2, a Nobel-prize winning machine learning algorithm

that rapidly increased the availability of structure models relevant for a broad range of basic

and applied research fields related to proteins.1 This was a massive shock to structural

biology, the field of research that seeks to determine the three-dimensional structures of

proteins. These structural models help us understand how proteins function in cells and

how they might be targeted in pharmaceutical therapies. Since the early 1970s, we relied on

slow and expensive experimental methods to generate the roughly 150,000 unique publicly

available protein structures. At the same time, advances in DNA sequencing have made

it inexpensive and routine to identify the genetic makeup of proteins, leading to databases

containing hundreds of millions of protein sequences—of which less than 0.1 percent have

known structures. This gap motivates the longstanding protein folding problem: can we

predict a protein’s three-dimensional structure from its genetic code, without running any

experiments?

For decades, computational biologists and computer scientists made slow progress on

1 There is an earlier version of the algorithm, known as AlphaFold. However, because AlphaFold2 repre-
sented the main advance, throughout this paper we will use the phrase “AlphaFold” to refer to AlphaFold2,
unless explicitly stated otherwise.
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improving the capabilities of computational models. A breakthrough occurred when Google

DeepMind’s released the AlphaFold2 algorithm in 2021. For the first time, an AI model

achieved near-experimental levels of accuracy at a vastly reduced cost in terms of time and

resources, to the shock of many in the research community.

Many expert and casual observers characterized this advance as effectively solving the

protein folding problem and anticipated far-reaching implications for both basic scientific

research and medical innovation. Structure prediction tools may open up new paths for

scientific research about protein function, molecular mechanisms, and cellular processes.

They may also reshape early-stage drug discovery by enabling structure-based approaches to

new molecule discovery. Downstream outcomes such as new approved drugs may take years

to materialize, but the sudden expansion of high-quality structural information represents a

major technological shock to early stage drug design. AlphaFold therefore provides a natural

setting to study both the narrow and broader downstream impacts of artificial intelligence

on scientific progress.

While AlphaFold is not the only major AI advance in science, it presents a particularly

compelling case study for several reasons. First is its timing. AlphaFold2 was first developed

in late 2020, with predicted structures made widely available in mid-2021. Thus, it arrived

early compared to other major AI breakthroughs,2 giving us more time to understand its

impact. Second, the breakthrough was unexpected. While the first version of AlphaFold

launched in 2018 outperformed competitors, it was not considered good enough to replace

experimental structure determination. The breakthrough improvement in AlphaFold2 was

unexpected by the scientific community, and led experts to declare that the protein folding

problem had been solved. Conference attendees who saw the initial reports of AlphaFold2’s

prediction accuracy claimed to be “in shock” (Ball, 2024). Third, the nature of the al-

gorithm and what it automates is particularly clean. Compared to other AI tools—such

as large-language models, chatbots, etc.—it is unusually clear what tasks AlphaFold is po-

tentially automating. This makes it easier to interpret subsequent shifts in research pace

and direction. Finally, it is an important area. Structural biology and protein folding is

an critical area of science. Several Nobel Prizes have been awarded for the discovery of a

single experimental protein structure, and these structures enable important advances in the

understanding of biological processes, disease, and drug design. Moreover, the AlphaFold2

algorithm was awarded the 2024 Nobel Prize, an unusually early indicator of its perceived

scientific importance.

The goal of this paper is to understand how this shock impacted the production of sci-

ence, both in the narrow field of experimental structural biology, and in downstream fields

2 For example, the first iteration of ChatGPT did not launch until November 2022.
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of science and R&D that build on these structures. We first present evidence on how the

introduction of AlphaFold affected experimental structural biology. For researchers in this

field, the arrival of AlphaFold had the potential to dramatically reshape the production tech-

nology for structure determination. Yet we find limited evidence that it has substituted for

experimental structure determination thus far. Using the universe of experimental protein

structures released in the Protein Data Bank (PDB), we find that since the introduction of

AlphaFold and the first wave of predicted structures in 2021, there has been no noticeable

decline in the number of experimental structures being deposited. Moreover, the number

of papers reporting structural biology experiments has also stayed consistent, including in

papers that are published in the top general-interest science journals. Despite the impressive

ability of the AI tool to generate accurate structures, scientists are still producing experi-

mental research and publishing it in good venues. Further, we find no evidence that they are

shifting their research towards areas where the AI tool has low accuracy, which might be the

case if AlphaFold served as a substitute for some—but not all—structures. It is important to

caveat that this lack of substitution may not be efficient, but rather may reflect researcher

incentives. It may also be the case that AI is not yet a substitute for this experimental

work, but it may one day replace it as the models improve and researchers trust the output

more. Still, it is striking that with several years of data, we see no reduction in expensive

experimental work.

Despite these apparent non-results, we find strong evidence that structural biologists

are using AlphaFold, and that it is complementing their experimental work. Experimental

structure prediction involves computational steps that can be accomplished faster and more

accurately using existing structures as a template. In the past, scientists would rely on

similar experimental structures as templates, limiting their ability to use these more efficient

methods in exploratory work about novel proteins. However, predicted structures can also

be used as templates. After AlphaFold, we see a sharp uptick in the use of these methods,

concentrated among structures that lack an experimental homolog. This complementarity

between experimental and AI-based research seems to be facilitating an increase in the

productivity of structural biologists, and may open opportunities for greater exploration of

the protein space, unlocking insights into more complex proteins and biological functions.

Second, we turn our attention to the broader impacts of AlphaFold on related disciplines

and downstream pharmaceutical R&D. Here we exploit the insight that only a small share of

known proteins had an experimental structure model prior to AlphaFold. This creates a nat-

ural experiment at the protein level where previously solved proteins have only limited new

insights from AI, but previously unsolved proteins have an unexpected and comparatively

large shock of new structural information. We can then compare research activity in broader
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and downstream fields across these two groups of proteins in a difference-in-differences de-

sign.

To do this, we use data from the Universal Protein Resource (UniProt), a database of

all known proteins. Because of the scale (UniProt contains information on over 200 million

proteins) we focus on the more curated 600,000 protein subsample of this data source, known

as SwissProt. This includes proteins that are of higher scientific importance (and includes

all human proteins). By combining these data with the PDB, we are able to identify which

proteins had an experimental structure prior to AlphaFold, and which did not. Even among

the selected SwissProt sample, fewer than 7% of proteins had an experimental structure.

The SwissProt subsample of UniProt also curates a literature review for each protein,

linking basic scientific papers that have been written about the protein to its SwissProt

entry. This allows us to use scientific research activity as an outcome. We find an increase in

research activity in related basic research fields about previously unsolved proteins compared

to their peers that already had experimental structures. New papers about protein function,

gene expression, protein-relevant disease, and other protein science categories appear after

AlphaFold and are disproportionally focused on proteins where AI revealed its structure

for the first time. This suggests that protein structure was a bottleneck in complementary

research that has been eased by the introduction of AI tools.

We also investigate whether these new structures led to increased R&D activity in the

pharmaceutical space, as was initially hoped by observers. While it is too early to expect

to see new drugs on the market (or even in clinical trial), we might expect to see increased

early-stage drug discovery. Since most drugs work by binding to a protein target, one of

the first steps in drug discovery is testing whether small molecules (potential drugs) bind to

these targets through bioactivity experiments. We use data on these bioactivity experiments

from a source called ChEMBL, which curates them from the scientific literature. We are

able to link these experiments back to SwissProt using the protein targets.

In contrast with our basic science results, we see no similar uptick in early stage drug

research about previously unsolved proteins. Comparing the number of bioactivities in

ChEMBL, we see no change in attention toward AI-enabled protein structures in the three

years since the introduction of AlphaFold, though the results are noisy. This finding po-

tentially speaks to the role of bottlenecks and complementarities in the research process.

Although some new opportunities may have been unlocked, it is possible that downstream

research has not yet experienced the benefits of AI insights provided further up the research

pipeline.
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Related Research

This paper relates to three literatures. First, it connects to the economics of AI and automa-

tion (Boustan, Choi, and Clingingsmith, 2022; Feigenbaum and Gross, 2024; Humlum and

Vestergaard, 2025), which studies whether new technologies substitute for labor in existing

tasks, complement workers within those tasks, or create new tasks altogether. In the task-

based framework of Acemoglu and Restrepo (Acemoglu and Restrepo, 2019; Acemoglu and

Restrepo, 2022; Restrepo, 2024), automation generates a displacement effect when capital

(or AI) takes over tasks previously performed by labor, but technological change can also

reinstate labor demand by creating new tasks and reorganizing production. Recent empiri-

cal work on generative AI often finds sizable productivity gains, with especially large gains

for less experienced workers (Brynjolfsson, Li, and Raymond, 2025; Noy and Zhang, 2023),

which is could be interpreted as evidence for augmentation rather than one-for-one replace-

ment in the settings studied. Our paper brings this question to a frontier scientific setting in

which the potentially automated task—protein structure determination—is unusually well

defined.

Second, the paper relates to a growing literature on AI and science. Agrawal, McHale,

and Oettl (2024) model AI as a tool that improves scientific discovery by prioritizing search

over large hypothesis spaces when experimentation is costly. Ludwig and Mullainathan

(2024) similarly emphasize that machine learning can contribute to science not only through

prediction, but also by generating hypotheses. Jones (2025) places these ideas in a broader

R&D framework, arguing that AI’s impact depends on the share of research tasks it can

perform, the productivity gains on those tasks, and the extent of remaining bottlenecks.

Mullainathan and Rambachan (2025) go further and argue that algorithms may reorganize

scientific production itself, including idea generation and theory formation. Relative to

this literature, our contribution is empirical and field-specific. Rather than studying AI as

a general-purpose research tool, we examine a sharp technological shock in one scientific

domain and trace its effects

Third, and most closely, the paper relates to work on AlphaFold and its effects on sci-

ence. Within structural biology, Edich et al. (2022) argue that AlphaFold is often used

to assist experimental structure solution rather than simply replace it, while Kovalevskiy,

Mateos-Garcia, and Tunyasuvunakool (2024) review early evidence of widespread adoption

and emphasize that AlphaFold has sped up structure determination and enabled new work-

flows while leaving important roles for experiment. Varadi and Velankar (2023) provides

some case studies of how AlphaFold has impacted downstream science, including drug dis-

covery. The closest economics paper is Yu (2026), which uses the introduction of AlphaFold2

as a shock to study scientists’ productivity and inequality. Relative to this paper, we shift
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attention away from scientists as the unit of analysis and toward proteins, research tasks,

and downstream knowledge production. In that sense, Yu asks how AlphaFold changed

researchers’ careers and outputs, whereas we ask how AlphaFold changed the production

technology of structural biology itself and how far the resulting knowledge shock propagated

into neighboring domains.

The remainder of this paper proceeds as follows. Section 2 describes the institutional

background and provides a scientific primer. Section 3 describes the data sources and sam-

ple construction. Section 4 describes the empirical design and presents results. Section 5

concludes.

2 Institutional background and scientific primer

2.1 Structural biology and the protein folding problem

Structural biology is the study of the form and function of biological macromolecules, es-

pecially proteins.3 Researchers in this field perform advanced experiments to elucidate the

three-dimensional shapes of proteins, which are too small to observe under an optical micro-

scope. Traditional experimental approaches such as x-ray crystallography and cryo–electron

microscopy (cryo-EM) are time-consuming and expensive. Solving a single protein structure

can take months to years and may cost on the order of $100,000 or more, depending on the

method and difficulty of the target (Sullivan, Brennan-Tonetta, and Marxen, 2017).4 Since

the field’s development in the 1970s, researchers have solved and publicly deposited around

150,000 unique protein structures.

Protein structures are important because they reveal how proteins function inside the

cell. Structural maps allow researchers to see how the protein folds, where it binds to other

molecules, and how mutations might alter its behavior. Structural information also enables

advances in disease biology and drug design. For example, structural insights into the Cas9

endonuclease were critical to the development and refinement of CRISPR-based gene editing

technologies (Jinek et al., 2014). More recently, the rapid determination of the SARS-CoV-2

spike glycoprotein structure enabled the rational design of stabilized spike antigens used in

mRNA COVID-19 vaccines (Wrapp et al., 2020).

3 Other macromolecules of interest include deoxyribonucleic acid (DNA) and ribonucleic acid (RNA).
However, in practice, proteins command the vast majority of scientists’ attention and are the focus of this
paper.
4 Although cryo-EM has accelerated structure determination for many large proteins, it requires multi-
million dollar instrumentation and historically produced lower-resolution structures than crystallography,
particularly prior to the so-called “resolution revolution” in the 2010s (Nogales, 2016).
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Proteins are composed of chains of small molecules known as amino acids. In almost

all organisms, there are 20 standard amino acids used to build proteins. A protein’s three-

dimensional shape arises from the physical and chemical interactions among these amino

acids, which cause the chain to fold into a specific structure. The amino acid sequence

of a protein is coded directly from DNA. As a result, determining a protein’s amino se-

quence is comparatively straightforward: it can be inferred directly from genomic sequenc-

ing data.5 By the completion of the Human Genome Project in 2003, essentially the full

set of human protein-coding sequences had been identified (International Human Genome

Sequencing Consortium, 2004). The advent of next-generation sequencing technologies in

the mid-2000s dramatically reduced the cost of DNA sequencing and enabled large-scale se-

quencing of other organisms, viruses, and bacteria (Metzker, 2010). Today, public databases

contain sequences for hundreds of millions of proteins across all domains of life (The UniProt

Consortium, 2023). Despite this explosion in sequence information, only a tiny fraction (less

than 0.1%) of known proteins have experimentally determined three-dimensional structures.

Given that amino acid sequences are comparatively cheap and easy to deduce compared

to experimental structures, it is not surprising that scientists have long been interested in

trying to predict how proteins will fold based on their amino acid sequence. Indeed, the

so-called protein folding problem—determining a protein’s three-dimensional structure from

its amino acid sequence—has been a central open question in structural biology for more

than half a century (Anfinsen, 1973). In practice, however, the mapping from sequence

to structure is extraordinarily difficult due to the vast number of possible conformations a

protein can take.6

2.2 Structure prediction and AlphaFold

Despite the challenges associated with structure prediction, computational biologists launched

the Critical Assessment of protein Structure Prediction (CASP) in 1994 as a recurring,

blinded evaluation of prediction methods (Moult, Pedersen, et al., 1995; Moult, Fidelis, et

al., 2014). Every two years, groups could submit predictions of protein structures whose

experimental coordinates had been determined but not yet released publicly. Once the ex-

perimental structures were made available, predictions were scored by organizers against

the experimentally-determined ground truth. A key accuracy metric is the “Global Distance

5 Each amino acid is coded by three DNA base pairs. For example, the DNA sequence ATG codes for the
amino acid methionine.
6 In 1969, biophysicist Cyrus Levinthal put this into perspective with “Levinthal’s Paradox,” which states
that a small protein of 100 amino acids has about 1047 possible conformations. Even if proteins could sample
conformations at the speed of molecular vibration—1013 per second—it would take longer than the age of
the universe to sample them all (Levinthal, 1969).
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Test-Total Score” (GDT TS) which measures how closely a predicted and experimental struc-

ture match after optimal superposition. At a high level, it measures the fraction of amino

acids that are placed “close enough” to the experimental ground truth (Zemla, 2003). CASP

assessors had long treated a GDT TS score of 90 as equivalent to experimental accuracy

(Kryshtafovych, Schwede, et al., 2021).

While the technical details of these prediction models are beyond the scope of this paper,

one basic point is important. Modern protein structure prediction models make heavy use of

information from evolution. By comparing related protein sequences across many organisms,

they can detect statistical patterns that reveal which amino acids are likely to be close

together in the folded structure. These patterns help constrain the set of plausible three-

dimensional shapes. Importantly, AlphaFold2 does not depend primarily on having a closely

related experimental structure already in hand. Instead, it can infer structure directly from

the amino-acid sequence, together with evolutionary information from related sequences.

Consistent with this, Jumper et al. (2021) show that AlphaFold2 performs nearly as well

even when structural templates are excluded. As a result, AlphaFold can perform well even

for proteins without close experimental structural homologs (what economists might call

“out of sample”).

Progress at CASP was slow, with winning teams’ average GDT TS scores rarely exceeding

40 through 2016. A discrete shift occurred at the 13th edition of CASP in 2018, where Google

DeepMind’s AlphaFold system appeared for the first time and substantially outperformed

competing approaches, achieving an average GDT TS score of nearly 60 across all targets.

When DeepMind returned in 2020 with AlphaFold2 (Jumper et al., 2021), they astonished

CASP evaluators, participants, and observers when they acheived an average GDT TS score

of nearly 90 across all competition targets. This led John Moult, the founder of CASP, to

say “in some sense, the [protein folding] problem is solved” (Callaway, 2020).

Although DeepMind may have been expected to win, the progress they made—and the

declaration that the protein folding problem had been solved—was unexpected by the struc-

tural biology community. Coverage of CASP 14 in 2020 describes the breakthrough as

“remarkable” and “startling” (Callaway, 2020; Kryshtafovych, Schwede, et al., 2021), with

some observers describing an atmosphere of shock and denial (Ball, 2024). Researchers also

spoke about the magnitude of the breakthrough. One of the CASP assessors, evolutionary

biologist Andrei Lupas, memorably said of AlphaFold2, “this will change medicine. It will

change research. It will change bioengineering. It will change everything.”

The news of DeepMind’s success at CASP was released in November of 2020. By July of

2021, they had released the underlying code for AlphaFold2. Simultaneously, they ran the

code on hundreds of thousands of known amino acid sequences, and uploaded the predicted
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protein structures directly into a freely accessible database. This made access to the structure

predictions frictionless for researchers (Varadi and Velankar, 2023).

2.3 Applications of structural biology

As suggested by Lupas, much of the excitement around AlphaFold was focused on the down-

stream scientific advances it might enable. Knowing a protein’s structure opens up new

avenues for additional research about the protein that might otherwise not have been possi-

ble. Much of this is still very basic science. For example, many proteins’ functions inside the

cell are unknown. A predicted three-dimensional shape can provide clues (such as a pocket

where a small molecule might bind, or a shape that resembles a known protein family) that

can be pursued in follow-up lab experiments.

Another important avenue that protein structures can help open is early-stage drug

discovery. Most drugs are small molecules that function by binding to a protein target.

For example, aspirin, which is often used for pain and fever reduction, binds to COX-1 and

COX-2 enzymes, inhibiting their activity. These enzymes help convert arachidonic acid into

prostaglandins, which in turn activate pain and fever signaling. Therefore, shutting these

enzymes down can be beneficial. A clear map of the binding site—the place where the small

molecule drug will attach to the protein—can help researchers better understand what small

molecules to try, since the shape of the site and the molecule must match up.

Drug development is a notoriously slow process. Today, taking a drug from early-stage

discovery to regulatory approval and market typically takes about 10-15 years. Much of

this time is devoted to clinical trials, but even pre-clinical research is slow, with researchers

typically spending three to six years on target identification, hit discovery, lead optimization,

and animal studies before starting human research in clinical trials. Thus, it is too early

to expect to see new approved drugs as a result of AlphaFold. It is also likely too early to

expect to see new clinical trials. However, we might expect to see new early-stage, pre-clinical

research that has been enabled by predicted structures.

One important and early pre-clinical step is known as “hit discovery.” Once a protein

has been identified as a target—in other words, once scientists are confident that it is an

important pathway in a disease—scientists begin testing whether small molecules bind to

it. At a high level, hit discovery involves combining the target and a candidate drug, and

measuring the reaction to see if they bind. A single experiment (known as an “assay”)

may test hundreds or thousands of candidate drugs, with each reaction known as a single

“activity.” If researchers have a clear structural map of the target, they can select small

molecules in a more rational manner, based on the shape of the binding site. This is known
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as “structure-based drug discovery.” In the case of HIV-1 protease, insights from the first

crystal structure released in 1989 was essential for developing some of the earliest inhibitors

(Erickson et al., 1990). These early candidates may become future drugs years down the

line.

3 Data sources and construction

3.1 The Protein Data Bank (PDB)

Our primary data source for experimental structure discoveries is the Protein Data Bank

(PDB). Founded in 1972, the PDB is an online repository of biological macromolecular

structures that are deposited by structural biologists around the world. Currently, there

are around 250,000 deposits, 95% of which are proteins, and the database is growing by

10% every year. The primary information that the PDB is designed to host is the three-

dimensional molecular coordinates that describe the proposed protein structure. They also

collect and categorize a rich set of metadata for each project, including protein characteris-

tics, experimental details, and verified quality metrics. Importantly, every project is linked

to an academic paper that first introduced the experimental structure to the literature, and

we can observe the paper and its publication date.

We observe three key dates that help us re-construct the timeline of their research.

First is the collection date, which is the date that scientists collect their experimental data.

Second, we have the deposit date, which is a timestamp for when the project details were

first uploaded to the PDB servers. At this point, the data is held confidentially while the

authors typically go through the journal submission and revision process. Finally, the data is

made public on the release date, usually coordinated with journal publication, or otherwise

a maximum of one year after the deposit date. The median time between collection and

deposit is 11 months, and the median time between deposit and release is 5.1 months.

The final data that we gather from the PDB are the experimental details. This includes

the broad experimental method that the researchers use to determine the structure (for ex-

ample, x-ray crystallography versus cryo-EM). It also includes the computational techniques

they use to turn their data into 3D structures, the software and hardware they used, and

any existing protein structures they used as templates.

3.2 AlphaFold DB

When Google DeepMind first used AlphaFold to predict protein structures at scale, they

partnered with the European Molecular Biology Laboratory (EMBL) to host the predicted
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structure data for public use. In July 2021, DeepMind released the first 365,000 predicted

protein structure as well as the open-source code for the prediction model. In December 2021,

they released an additional 560,000 structures, and in July 2022, they released a prediction

for every known protein (200 million+ structures). This dataset, called AlphaFoldDB, is

our primary source of data for AI-predicted structure details. For each entry, AlphaFoldDB

provides confidence scores for every structure. The predicted Local Distance Difference Test

(pLDDT) score represents how confident the model is in the predicted position of each amino

acid in a protein structure, and we use the average pLDDT across all positions in the amino

acid sequence as the overall measure of confidence. Multiple studies have shown that pLDDT

is strongly correlated with actual prediction accuracy (Akdel et al., 2022; Tunyasuvunakool

et al., 2021).

3.3 UniProt and SwissProt

In order to study the impact of AlphaFold on broader areas of basic protein science, we rely

on the Universal Protein Resource (UniProt), a standardized database of protein details,

including literature citations. While all of UniProt contains over 200 million protein entries,

we focus on a subset of UniProt called SwissProt, a manually curated selection of just

over 570,000 proteins that are particularly biologically relevant.7 Papers related to these

proteins are manually reviewed for accuracy and relevance, then linked to the entries by

curators. We access all of the linked papers to collect information about the authors, journal,

and publication dates. Importantly, SwissProt also provides a paper categorization, that

describes the content of the paper in distinct categories, including function, process, disease,

sequence, family, etc. One of the categories is structure, which typically denotes a link

between the paper and a PDB deposit. Since we are interested in studying the effect of

AlphaFold on research beyond experimental structural biology, we drop all structure papers.

An example.

In a five-year retrospective of AlphaFold’s impact published in Nature, Callaway (2025) high-

lighted the work of biochemist Andrea Pauli. For years, Pauli had been trying to understand

how sperm and egg cells fuse, working with zebrafish. Her lab had found a protein on the

surface of zebrafish egg cells known as Bouncer and showed it was essential for fertilization.

But they still did not understand how Bouncer recognized sperm cells. AlphaFold revealed

the structure of a protein, known as Tmem81, whose role in reproduction had not been

known and whose structure had previously been unsolved. This allowed Pauli and team to

7 This includes virtually all human proteins.
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hypothesize that 3 sperm proteins—including Tmem81—formed a complex that recognized

Bouncer. They conducted additional experiments to validate this hypothesis, and published

their findings in Cell (Deneke et al., 2024).

Deneke et al. (2024) is one of the papers in the SwissProt curated literature. The paper

has been manually linked by expert curators to eight different SwissProt proteins, including

Tmem81 and Bouncer. While all of these linked proteins may not be equally important or

relevant in the paper, it is difficult for us to distinguish. Thus, we assign each linked protein

1/8 of the paper, which was published in 2024.

3.4 ChEMBL

ChEMBL is a public database that organizes evidence about how small molecules interact

with protein targets. Its core unit is an activity: a single compound’s binding affinity against

a particular target. The dataset contains information on over 24 million activities. A single

experiment (known as an “assay”) will include many activities, as scientists will test a single

protein target against many different compounds. These activities have been performed on

nearly 18,000 different targets, around 10,000 of which are single protein targets. These

single-protein targets can be linked back to SwissProt and the PDB via UniProt IDs.

ChEMBL curators extract and standardize these activities primarily from the medicinal

chemistry literature (including publications and patents). As part of this standardization,

protein targets are mapped back to UniProt IDs. It is important to note that much of this

activity occurs inside of pharmaceutical firms and is never published; thus it will be missing

from the ChEMBL data.

An example.

ChEMBL target CHEMBL228 is known as the sodium-dependent serotonin transporter.

This is an important human protein that is targeted by many antidepressants. Because

of its medical importance, this target has seen a lot of research: a total of 963 different

assays have been run on this target. Since each assay tests multiple small molecules, a total

of 16,113 different activities have been run on on this target as part of these 963 assays.

ChEMBL also includes its UniProt ID, P31645. This structure in part of the SwissProt

subset of UniProt. Moreover, this structure exists in the PDB: it was first released in 2016

(PDB ID 5I6Z).
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3.5 Data construction

PDB

Our goal is to build a structure-level dataset that will measure the rate of research in experi-

mental structure determination. We start with the universe of PDB structure deposits from

1972 to March 2025—a total of 234,092 structures. We then make a series of restrictions.

First, we drop duplicate structures that are part of group deposits. Occasionally, re-

searchers will deposit tens (or even hundreds) of the near-identical structure by the same

team on the same day. Because these group deposits don’t represent 10x or 100x the sci-

entific effort, we only want to keep one deposit in these groups. In some cases, these group

deposits are explicitly marked, making this easy. In other cases, we infer group deposits if

the protein structures are (1) solved by the identical authors; (2) deposited on the identical

day; and (3) have the identical amino acid sequence. Dropping these duplicates leaves us

with 171,605 structures.

Second, we drop structures from the SARS-CoV-2 (COVID 19) virus, in an effort to

normalize activity around the pandemic. This only impacts 2,713 structures, leaving us

with 168,892 structures. Third, we drop non-protein structures (primarily DNA and RNA

structures). This leaves us with 164,125 structures.

We focus on structures that were deposited between 2017 and the first quarter of 2024.

In this time frame, we have a total of 61,638 structures. We drop the last 12 months of our

data, which runs through March 2025. We do this because of the 12-month release lag for

experimental structures. Between April 2024 and March 2025, additional structures will be

deposited but unreleased (and thus invisible to us), leading us to under-count structures in

that time period. Table 1 presents the summary statistics for our analysis sample.

Spillover panel

Our goal is to build a panel dataset that tracks additional research, beyond experimental

structure determination, using data from the SwissProt curated literature and ChEMBL. We

start with the list of 570,829 SwissProt-indexed proteins. We then take the SwissProt curated

publications. We drop any publications that are categorized as “structure” publications, as

these typically correspond to a PDB deposit, and we are aiming to measure research that

occurs beyond structure determination. For every remaining paper, we observe the protein

it is linked to and its publication year. Some papers are linked to multiple proteins. We

handle this in different ways. One way is to count every paper-protein link as its own paper,

but drop papers that link to an excessive number of proteins (more than ten). Another is to

assign fractional shares of papers to proteins. If a paper is linked to multiple proteins, each
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protein gets an equal fraction of that paper. We count the number of papers (and fractional

papers) linked to each protein from 2017 to 2024, creating a panel.

Next, we link ChEMBL activities and assays by their protein target. Of the 10,724 unique

single-protein targets, 9,722 are in the SwissProt sample. Activities and assays are dated by

the publication date of the paper they are sourced from (or in a smaller share of cases, the

date of the patent application they are sourced from). We count the number of activities

and assays linked to each SwissProt protein from 2017 to 2024.

Table 2 presents the summary statistics for this panel. We end our panel in 2024 because

for both of these curated datasets, the curation takes time. Thus, despite downloading these

datasets in late 2025, the data is sparse (or non-existent) in 2025. See Appendix Figure 1

and Appendix Figure 2. Due to the size of the SwissProt sample, most of our measures are

fairly sparse. They are also very skewed. Only 14% of proteins were linked to any non-

structure paper from 2017 to 2024. The mean is 0.62 with a standard deviation of 9. This is

more extreme for the ChEMBL outcomes: only 1% of SwissProt proteins are linked to any

ChEMBL activity. Despite this, the mean number of activities from 2017 to 2024 is 5, with

a standard deviation of 241. The vast majority of hit discovery is being done on a very small

share of proteins.

4 Empirical strategy and results

4.1 Structural biology

Our first set of results focus on how AlphaFold has impacted the field of structural biology.

Has AlphaFold served as a substitute for experimental structure determination, or as a

complement to it?

Evidence of substitution

Figure 1 shows simple count statistics over time of experimental work. Panel (a) shows

the count of experimentally determined structures in the PDB. We index proteins by their

deposit date, which is the date they were uploaded to the PDB (but not publicly released).

We drop the last 12 months of data, since authors have up to a year to publicly release their

deposits. We see no evidence that the rate of experimental structure solving has slowed

post-AlphaFold. Researchers appear to be depositing structures at an indistinguishable (if

not slightly higher) rate after July 2021. The results are nearly identical if we add back in

COVID-19 structures.
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Moreover, it is not the case that scientists are merely finishing up work that they started

prior to AlphaFold’s release. When we investigate collection dates—the date that scientists

collected their experimental data—we find in Appendix Figure 3 that over 60% of deposits

near the end of our sample window had collection dates after AlphaFold’s release. This

implies that researchers are continuing to start new experimental projects.

There also appears to be continued interest in these experimentally-solved structures.

Panels (b) and (c) show that these structures continue to publish in journals and in “top

journals” (defined as Cell, Nature, and Science) at similar rates before and after AlphaFold.

We would not expect to see this if the rest of the scientific community was no longer interested

in experimentally-determined protein structures.

Perhaps scientists are still solving a similar number of experimental structures, but are

shifting the types of structures that they work on. In particular, we might expect researchers

to focus on structures where they have a comparative advantage relative to AlphaFold. The

prediction confidence scores that AlphaFold assigns are a convenient measure for testing

this theory. We can look at the confidence scores assigned to the predicted analogs of

the experimental structures that scientists are solving and depositing. If researchers pivot

toward structures that AlphaFold is less confident in, this would show up as lower average

confidence scores among experimental structures. However, Figure 2 suggests that this is

not the case: average predicted confidence of experimentally determined structures remains

fairly constant throughout our sample period. Comparing the pre- and post-AlphaFold mean

suggests confidence scores dropped by one point, but given that the standard deviation in

confidence scores in the PDB sample is over ten, this is a very small effect. Thus, we find

limited evidence of even this narrower form of substitution.

Evidence of complementarity

If AlphaFold is not serving as a substitute for experimentally-determined structures, is it

complementing this work? There have been several accounts of predicted structures enabling

researchers to solve experimental structures that had previously eluded them (Kryshtafovych,

Moult, et al., 2021). To probe this question, we need to introduce two new scientific concepts:

molecular replacement and protein structure homology.

Molecular replacement. The most common experimental technique in our sample is

called x-ray crystallography, with nearly 75% of the structures in our sample using this

technique. As outlined in Hill and Stein (2025), this technique broadly consists of three

steps: first researchers crystallize proteins. Second, they take the crystals to specialized

synchrotron facilities and beam them with x-rays, generating experimental data known as a
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“diffraction pattern.” Third, they use the experimental data to reverse-engineer the structure

that generated it.

This third step can be performed in a variety of ways, but the most common method

is known as molecular replacement (MR). Almost 90% of experimental x-ray structures in

our sample employ this technique. The core idea behind MR is that it uses a similar known

protein structure as the starting point for model building. As discussed by Kim (2025), this

makes structure solving by MR easier and faster than by other techniques, especially since

the development of specialized software in the early 2000s (McCoy et al., 2007). However,

MR can only be employed if a similar structure already exists.

Prior to 2021 and the introduction of AlphaFold, this meant that another similar protein

must have been solved experimentally in order for researchers to use MR. However, after the

development of AlphaFold and the mass deposition of predicted structures in July 2021, sci-

entists quickly realized that predicted structures could also be used as the starting structures

in MR (Akdel et al., 2022; Kryshtafovych, Moult, et al., 2021).

Defining proteins with homologs. What does it mean for an unsolved protein to have

a “similar enough” experimental structure? The general rule is that if a protein shares at

least 30% of its amino acid sequence with another protein, it is a good candidate for MR

(Phenix, n.d.; Kim, 2025). Thus, for every protein in our sample, we perform the following

computations:

1. We find the pool of all experimentally-solved proteins in the PDB that were released

prior to the focal protein’s deposit date. These proteins go all the way back to the

1970s and represent all possible (public) structures that a researcher could have used

as their starting structure.

2. We compare the focal protein’s amino acid sequence to that of every protein in the

pool, and calculate the sequence similarity. We are able to do this using specially

designed software for this task known as MMseqs2 (Steinegger and Söding, 2017).

3. We find the focal protein’s nearest neighbor—the protein in the pool with the highest

sequence similarity. This can range from anything between 0 and 100, as shown in

Table 1. We call the percent similarity between these two proteins the “homology”

score.

We use this continuous homology score and an indicator for “has homolog” (which equals

one if the homology score is greater than or equal to 30) in our subsequent analysis.
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Testing for complementarity. We begin by investigating the relationship between ho-

mology score and the use of MR, before and after AlphaFold. We restrict to structures

solved via x-ray crystallography, since MR is only possible for these structures. Prior to

AlphaFold’s introduction, we expect to see an increasing probability of using MR as the

homology score increases. However, if AlphaFold truly does expand the set of proteins that

are amenable to MR, we would expect to see this relationship flatten in the post period.

To test this, we split the PDB sample into five roughly evenly-sized groups based on

homology scores (see Appendix Figure 4 for a histogram of the homology scores, noting that

there is significant mass at 0 and 100). The first group contains all proteins with a homology

score of exactly zero. The second group contains all proteins with a score between 0 and

33, the third all proteins with a score between 33 and 66, and the fourth all proteins with a

score between 66 and 100. The final group contains all proteins with a score of exactly 100.

We then define a Post indicator, which equals one if the protein was deposited after July 22,

2021, the date that the first wave of AlphaFold predicted structures were publicly released.

We index structure deposits by i and homology groups by g ∈ G = {0, 33, 66, 99, 100} and

estimate:

MRi =
∑
g∈G

βg ·Dig +
∑
g∈G

γg ·Dig · Posti + εi (1)

where Dig is an indicator equaling one if protein i is in group g.

Figure 3 presents the results. The blue circles show the trend in the pre-period, plotting

βg for each group. For structures with a homology score of zero, we see just under 50% of

them using MR. This rises steeply as homology increases: in the (0, 33] group this rises to

over 70%, and increases to 90% in subsequent groups.

The red triangles plot the sum of (βg + γg) coefficients and the 95% confidence interval

of the difference between the two series. Across all homology bins, MR becomes more

common in the post-period. The increase is largest at low levels of sequence similarity—

precisely where pre-period usage was relatively low. In the zero-homology group, MR usage

rises by 21 percentage points. In the (0, 33] group, it increases by 12 percentage points. In

contrast, for high-similarity structures—where MR was already used in over 90% of cases pre-

AlphaFold—increases are mechanically constrained and range from five to seven percentage

points. Overall, the relationship between homology and MR usage is substantially flatter

in the post-period compared to the pre-period, suggesting that AlphaFold complements

experimental structure determination for low-homology proteins by making them amenable

to MR.

To further hone in on this theory, we perform two additional tests that take advantage

of the sharp timing of AlphaFold’s release. We begin by dividing the sample into two
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groups: “structures with homolog,” defined as experimental structures where the nearest

neighbor had at least 30% sequence similarity, and “structures without homolog,” defined

as the converse. Then, we study how the two groups evolve over time. Letting i again index

structure deposits and q index quarter of deposit, we estimate:

Yi = α+ λHomologi +
∑

q ̸=2021Q2

δq ·Diq +
∑

q ̸=2021Q2

θq ·Diq ·Homologi + εi (2)

where Homologi is an indicator for whether structure deposition i has a homolog, and Diq

is an indicator for whether i was deposited in quarter q.

In Figure 4, we let the outcome be the use of MR, and restrict to structures that were

solved using x-ray crystallography. Panel (a) plots the rates of MR usage by the two groups

(equivalent to α+δq for structures without a homolog, and α+λ+δq+θq for structures with

a homolog). Panel (b) plots the difference (λ+ θq) and the 95% confidence interval. We can

see that the gap in MR usage between structures with and without a homolog only begins

to close after the arrival of AlphaFold. At baseline, the difference is about 40 percentage

points. By the end of our sample, it has fallen below ten percentage points. The timing

suggests that AlphaFold is the causal mechanism behind the closing of the MR gap.

However, our data lets us probe this even more closely. When researchers use MR, they

are encouraged (though not required) to report their starting structure and its source in

the PDB. About 90% of MR structures in our sample complied. Prior to AlphaFold, over

98% of reported starting models came from the PDB. However, post-AlphaFold, about 9%

of structures reported using an AlphaFold starting structure.

Figure 5 estimates Equation 2 using an indicator for an AlphaFold starting structure

as the outcome. We restrict to structures solved via x-ray crystallography, using molecular

replacement, and citing any starting structure. Mechanically, in the pre-period, neither

group cites any AlphaFold structures.8 However, in the post period we rapidly see that

researchers are using AlphaFold predicted structures as their starting models. This use is far

more concentrated among structures without homologs. By the end of our sample period,

structures without experimental homologs are using AlphaFold predicted structures as their

starting models over 50% of the time, compared to 10% for structures with experimental

homologs.

This is consistent with AlphaFold serving as a complement to continued experimental

structure determination, especially for structures that are more difficult to solve due to

their novelty. The scientific literature (e.g., Akdel et al. (2022)) suggests that a similar

8 The tiny uptick in using an AlphaFold predicted structure in Q2 of 2021 comes from four experimental
structures, and likely represents either a typo or private access to AlphaFold predictions.
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phenomenon happens for structures that are determined using cryo-electron microscopy (the

other major experimental technique apart from x-ray crystallography, comprising 22% of our

sample), through a process called docking. However, this is harder to trace empirically.

Why are scientists using predicted structures as an input into continued experimental

structure determination, rather than accepting them simply as substitutes? There are several

possibilities. One is simply that structural biologists do not want to give up doing the work

that they are highly skilled in doing. This would suggest that the additional value of these

new experimental structures is low, above and beyond their predicted counterparts. The fact

that these experimental structures continue to publish (and in many cases, publish well),

however, provides some suggestive evidence against this explanation. Still, it is important

to keep these researchers’ incentives in mind—they may continue to produce experimental

structures past the point that they are useful.

Another possibility, argued persuasively by many structural biologists, is that while pre-

dictions are useful, they are not perfect substitutes for experimental structures. One reason

relates to the accuracy of the experimental structures. While highly accurate on average,

Terwilliger et al. (2024) found in a careful comparison of around 100 experimental versus pre-

dicted structures that some amino acids can be misplaced, even when the confidence scores

for that amino acid are very high—they estimate that about 10% of “very confidently” placed

amino acids are in fact meaningfully misplaced. Another issue raised by the authors is that

AlphaFold typically predicts proteins in their “default” state. Terwilliger et al. (2024) argues

that since proteins are flexible and dynamic, this may miss a lot of the interesting informa-

tion. In some cases, the most important question is not “what shape can this protein take?”

but “what shape does it take in this situation?” Experiments can be designed to answer that

situation-specific question. Researchers can solve a structure while the protein is bound to

a particular drug-like molecule, partner protein, DNA/RNA, metal ion, or membrane-like

environment, and under particular chemical conditions (like different salt levels or acidity).

Those choices can push the protein into the exact shape that matters for its job in the cell.

Ultimately, it may be the case that experimental and predicted structures simply offer slight

different information, and both pieces are useful.

In an effort to tease this apart, in the next section we focus on a different group of

researchers: the users of these protein structures.

4.2 Spillovers to related fields of basic research

We now consider the broader impact of AlphaFold on related areas of science and downstream

applied R&D. Here we exploit the fact that AlphaFold predictions represented a shock of
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structural information about some—but not all—proteins. By mid-2021 when AlphaFold

predictions were first posted and the model was released publicly, some proteins had already

been solved by experimental methods. Among the full set of nearly 580,000 SwissProt

indexed proteins, about 7% had an experimentally-solved structure in the PDB, and 40% had

the structure of a close homolog. AlphaFold therefore represented a sudden and unexpected

endowment of new structural knowledge for unsolved proteins relative to solved proteins.

This might be useful for scientists working on questions related to these unsolved proteins.

Using the protein-linked literature section of UniProt, we test whether there was a change

in research intensity among these previously unsolved proteins that have new AI-predicted

structures, relative to those proteins that already had an experimental structure.

We note that these two groups of proteins are observably different. Table 3 compares

characteristics of SwissProt proteins that were solved vs. unsolved and shows clear differ-

ences. Previously solved structures have ten times as many papers on average published

about them (excluding structure papers) in the period between 2017 and 2020, and are more

than twice as likely to have at least one paper. ChEMBL activity is even more skewed, with

solved structures having almost 50 times the activity. This imbalance on outcomes is not

surprising if research clusters on the most biologically relevant proteins. Our difference-in-

difference specification relies on a parallel trends assumption, not random assignment to the

solved vs. unsolved groups. On the other hand, AlphaFold prediction confidence is very

similar between both sets of proteins. This aligns with the fact that AlphaFold performs

extremely well out of sample. This is important for our research design, because it implies

that our results are not being driven by differentially useful predictions.

We compare how publication rates evolve before and after the introduction of AlphaFold

differentially for experimentally unsolved and solved proteins. Our regression sample is a

panel of all SwissProt-indexed proteins in years 2017 through 2024. The stark difference in

levels in activity in the pre-period motivates us to use a proportional econometric model to

compare percent changes in publishing activity. We therfore estimate a Poisson difference-

in-differences regression for protein i in year t:

E[Yit|Unsolvedi, t] = exp
(
α + λUnsolvedi +

∑
t̸=2021

τt ·Dt +
∑

t̸=2021

κt ·Dt · Unsolvedi
)

(3)

where Yit in this case is defined as a count of all non-structure papers. Among non-

structure papers linked to proteins in UniProt, 43% are linked to more than one protein,

and 9% are linked to five or more proteins. To avoid double-counting papers, we divide each

paper by the number of linked proteins before calculating the total papers for each protein.
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Alternatively, we count each protein-paper link but drop papers that link to more than 10

proteins. Unsolvedi is an indicator for whether the protein had an experimentally-solved

structure model in the PDB as of 2017. We focus on 2017 as the cut-off for Unsolvedi

because we want to observe how the literature develops through the pre-period until 2021.

If we instead defined Unsolvedi in 2021, then we might misattribute changes in research

attention to AlphaFold that might have been caused by experimental breakthroughs in the

treatment year.9 Dt is an indicator for whether the observation occurred in year t. Standard

errors are clustered at the protein level.

Figure 6 plots the year by treatment interaction coefficients (κt’s) with standard errors.

The left hand panel shows the estimates from equation 3. We find a statistically significant

increase in publications about unsolved proteins after AlphaFold, suggesting a shift in at-

tention when AI-predicted structures become available. Importantly, we also notice a slight

upward drift in the coefficients in the pre-period. From 2017-2021, scientists were increas-

ingly studying unsolved proteins in a way that is unrelated to AlphaFold, which hadn’t been

released yet. This upward drift threatens our identification assumption of parallel trends,

but we can adjust for this pre-trend in our regression. To do this, we first estimate the

Poisson regression in the pre-period only, then calculate the fitted trend component for the

whole range of years. We adjust for this fitted trend in the main regression using an offset

approach, which essentially tilts the coefficient series to flatten the pre-trend. This adjusted

regression is presented in the right panel and shows that AlphaFold led to a significant

departure from trend.

To get a more precise sense of magnitudes, we also report static Poisson difference-in-

difference estimates in Table 4. Column (2) uses fractional publication counts and implies

that, in the post-period, the expected publication measure for previously unsolved proteins

rose by about 23% relative to previously solved proteins.10 These results suggest that Al-

phaFold may have stimulated new basic research about proteins for which we previously

lacked an experimental structure model.

4.3 Spillovers to downstream pharmaceutical R&D

AlphaFold provides low-cost structure predictions that may also be useful in downstream

structure-based drug design. We test this by again comparing research activity about pro-

teins that had previously been solved experimentally to those that had not. Although there

9 In practice, our results are nearly identical whether we use a 2017 or 2021 cutoff for Unsolvedi because
of the slow rate of progress in experimental structure research. Very few structures transition from unsolved
to solved in this timeframe.
10 Computed by taking 100× (e0.204 − 1) ≈ 23%
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are many potential downstream outcomes to focus on in the drug design pipeline, we focus on

bioactivity assays, which are an early step in understanding the interaction between target

proteins and candidate drugs. We count “activity” entries in the ChEMBL database and

assign them based on their protein target to our SwissProt panel. We then estimate the same

Poisson difference in differences specification as described in Equation 3, but replace publi-

cation counts with ChEMBL activity counts. Figure 7 reports the coefficients for ChEMBL

activities and shows no significant increase in attention toward previously unsolved proteins,

though the confidence intervals are quite wide. Column 3 of Table 4 reports static Poisson

difference-in-difference estimates for ChEMBL activities and we similarly find a statistically

insignificant difference in pre-post activity rates for solved and unsolved proteins.

What might drive these low rates of progress in downstream research? One possibility is

that these unsolved structures are simply not relevant for disease. As a collective community,

structural biologists spent five decades slowly tackling the structures of the most disease-

relevant proteins. Although they had not fully completed the determination of the entire

proteome, they plucked much of the low-hanging fruit that was relevant for many diseases.

Yet, the fact that publications about these proteins increase suggests that they are not wholly

uninteresting or irrelevant.

Another possibility is that these experimentally unsolved proteins remain poorly under-

stood, even after the arrival of predicted structures. As Table 3 shows, these structures had

far fewer papers written about them prior to AlphaFold. Their role in disease may simply

not yet be understood, leaving their therapeutic potential untapped. Perhaps drug targeting

will come later, but is currently bottlenecked by the lack of basic scientific research. If this

is the case, the results in Figure 6 suggest that these bottlenecks may eventually ease.

5 Conclusion

AlphaFold offers a clean, early view of how modern AI is already impacting scientific discov-

ery. In the narrow domain where it most plausibly substitutes for humans—experimental

structure determination—we find little evidence so far of displacement. Experimental de-

posits in the PDB and publication outcomes remain stable in the three years after Al-

phaFold’s release, and researchers are continuing to start new experimental work. At the

same time, the technology appears to be changing how experimentalists work. The rapid

expansion of molecular replacement using AlphaFold templates, especially for proteins with-

out close experimental homologs, suggests that humans are using the AI output to make

previously challenging experimental work more efficient. Whether or not AI-driven com-

plementarity will persist as prediction tools improve and expand beyond static monomer
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structures to complexes and context-dependent states remains to be seen.

Downstream of experimental structure determination, we find a different pattern that

might be representative of other scientific settings affected by AI. AlphaFold delivered a

broad, low-cost knowledge shock to researchers who consume structural information, and

we observe an increase in non-structure publications about previously unsolved proteins

in the years after release. Yet this apparent broadening of basic research attention does

not translate—at least within our current window—into a comparable shift in downstream

applied R&D as measured by bioactivity assay activity in ChEMBL. While speculative, this

suggests that even when AI dramatically lowers the cost of a key input (here, structural

information), downstream progress may remain constrained by slower-moving complements:

the selection of targets, organizational and capital constraints, assay infrastructure, and the

long feedback loops inherent to translational pipelines.

In our view, these findings also underscore why the medium-to-long-run consequences

of AI for science remain uncertain. One possibility is that the applied impacts are simply

lagged: drug discovery timelines are long, and early-stage screening activity is highly skewed

toward a small subset of proteins, so it may take time for this deluge of structural infor-

mation to redirect effort toward “new” targets. Another possibility is that with virtually

unlimited structural information, other constraints now bind. Thinking further down the

drug development pathway, clinical trials remain a formidable bottleneck. It may be the case

that even vast AI-enabled improvements in efficiency along the pathway yield only modest

gains drug approvals and human health in the medium-to-long-run.
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Tables and Figures

Table 1: Summary statistics: PDB structures

Notes: This table presents summary statistics for the experimental PDB structures in our analysis sample
over the 2017 to Q1 2024 time frame. Panel A presents statistics relevant for all 61,638 structures. Panel
B presents statistics only relevant for structures solved using x-ray crystallography. The number of observa-
tions for AlphaFold prediction confidence is lower because some PDB structures do not have an AlphaFold
counterpart.

Table 2: Summary statistics: SwissProt proteins

Notes: This table presents summary statistics for the proteins indexed by SwissProt. All variables are counts
accrued over the sample period of 2017 to 2024. In the first three rows, structure papers are excluded. For
fractional papers, if a paper is linked to N proteins, each protein is assigned 1/N of the paper. For proteins
with < 11 protein links, each protein-paper is counted as a whole paper. N = 570, 829 SwissProt-indexed
proteins. The number of observations for AlphaFold prediction confidence is lower because some SwissProt
structures do not have an AlphaFold counterpart.
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Table 3: Summary statistics: SwissProt proteins, solved vs. unsolved structures

Notes: This table presents means for the proteins indexed by SwissProt, split by whether they have a solved
experimental protein structure or not prior to 2017. All variables are counts accrued over the pre-period
of 2017 to 2020. In the first three rows, structure papers are excluded. For fractional papers, if a paper is
linked to N proteins, each protein is assigned 1/N of the paper. For proteins with < 11 protein links, each
protein-paper is counted as a whole paper. N = 570, 829 SwissProt-indexed proteins.

Table 4: Difference in differences: Papers in related fields and pharmaceutical R&D

(1) (2) (3)
Non-structure Papers Non-structure Papers ChEMBL Activities

Dependent Variable: (<11 Protein Links) (Fractions of Papers)

Post -0.517*** -0.509*** -0.618***
(0.0126) (0.0135) (0.0691)

Unsolved -2.459*** -2.623*** -3.901***
(0.0400) (0.0419) (0.1293)

Post x Unsolved 0.191*** 0.204*** 0.189
(0.0143) (0.0154) (0.1222)

Observations 4,566,632 4,566,632 4,566,632

Notes: This table presents Poisson difference in differences regression estimates comparing previously solved
and unsolved proteins before and after AlphaFold. Column 1 outcome is counts of non-structure papers that
are linked to fewer than 11 proteins. Column 2 outcome is fractional papers, defined as one divided by the
number of distinct proteins linked to the paper. Column 3 outcome is counts of assay activities indexed
by ChEMBL. Standard errors are clustered at the protein level. N = 4, 566, 632 SwissProt protein-years.
*p < 0.1, **p < 0.05, ***p < 0.01
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Figure 1: Structural biology experimental output

(a) Total PDB deposits
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(b) Total paper counts
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(c) Top paper counts
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Notes: This figure shows the total counts of PDB structures and papers in our analysis sample over time.
Panel (a) plots PDB deposits based on their deposit dates. Panel (b) collapses structure(s) to the paper level.
If there are multiple structures per paper, the paper is assigned the average deposit date of the structures.
Panel (c) restricts to “top papers” defined as Cell, Nature, and Science. N = 61, 638 proteins, linked to
26, 930 papers.
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Figure 2: Average AlphaFold confidence scores of experimentally solved structures
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Notes: This figure takes every experimentally solved structure and finds its AlphaFold predicted analog
where possible. We then plot the average confidence scores (pLDDT) over time. The shaded area represents
the 95% confidence interval of the difference from the omitted quarter. N = 52, 277 proteins that have a
corresponding AlphaFold confidence score.
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Figure 3: Molecular replacement usage, before and after AlphaFold
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Notes: This figure shows how likely a structure was to be solved by molecular replacement, before and after
AlphaFold, following Equation 1 in the text. The x-axis shows the homology score (sequence similarity of a
protein’s nearest experimentally-solved neighbor). The blue series shows the probability of using molecular
replacement before AlphaFold, binned by the midpoint of each similarity group (βg). The red series shows
the probability after AlphaFold (βg + γg). The bars show the 95% confidence interval of the difference (γg).
N = 46, 570 proteins solved via x-ray crystallography.
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Figure 4: Molecular replacement usage over time

(a) Molecular replacement, with versus without homolog
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Notes: This figure shows how use of molecular replacement evolved over time, comparing proteins that did
and did not have a homolog, following Equation 2 in the text. A protein with a homolog is any protein
that had a released protein that was at least 30% similar in terms of amino acid sequence at the time it was
deposited. Panel (a) shows the difference in average molecular replacement rates by group, plotting (α+ δq)
vs (α + λ + δq + θq). Panel (b) shows the difference (λ + θq), with the shaded area representing the 95%
confidence interval. N = 46, 570 proteins solved via x-ray crystallography.
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Figure 5: AlphaFold usage over time

(a) AlphaFold usage, with versus without homolog
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Notes: This figure shows how use of AlphaFold predicted structures as starting structures for molecular
replacement evolved over time, comparing proteins that did and did not have a homolog, following Equation
2 in the text. A protein with a homolog is any protein that had a released protein that was at least 30%
similar in terms of amino acid sequence at the time it was deposited. Panel (a) shows the difference in
average AlphaFold usage by group, plotting (α + δq) vs (α + λ + δq + θq). Panel (b) shows the difference
(λ + θq), with the shaded area representing the 95% confidence interval. N = 36, 242 proteins solved via
x-ray crystallography, using molecular replacement, and listing a starting model.

34



Figure 6: Non-structure publications: solved vs. unsolved proteins
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(b) Adjusted

-.1

0

.1

.2

.3

P
oi

ss
on

 c
oe
fic

ie
nt

s

2017 2018 2019 2020 2021 2022 2023 2024

Year

Notes: This figure reports the Poisson difference-in-differences coefficients comparing non-structure paper
counts for solved vs. unsolved proteins before and after AlphaFold. Solved structures are defined based
on whether the protein had an experimental structure deposited in the PDB prior to 2017. The right
panel reports adjusted regression coefficients to control for the pre-period trend as described in the text.
Confidence intervals are shaded in blue and are calculated with standard errors clustered at the protein level.
N = 4, 566, 632 SwissProt protein-years.

Figure 7: Early-stage drug design: ChEMBL activities
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Notes: This figure reports the Poisson difference-in-differences coefficients comparing ChEMBL bioactivity
activity counts for solved vs. unsolved proteins before and after AlphaFold. Solved structures are defined
based on whether the protein had an experimental structure deposited in the PDB prior to 2017. Confidence
intervals are shaded in blue and are calculated with standard errors clustered at the protein level. N =
4, 566, 632 SwissProt protein-years.
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Appendix

A Supplemental tables and figures

Appendix Figure 1: SwissProt-indexed publications by publication year
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Notes: This figure shows the histogram of publication years for SwissProt-linked papers. N = 383, 625
papers published between 2017 and 2025.
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Appendix Figure 2: ChEMBL-indexed activities and assays by publication year

(a) Activities
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(b) Assays
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Notes: This figure shows the histogram of publication years for ChEMBL-linked activities and assays.
N = 2, 930, 804 activities and 192, 230 assays published between 2017 and 2025.

Appendix Figure 3: Share of structures collecting data after AlphaFold release
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Notes: This figure shows the share of PDB structures that collected their experimental data after AlphaFold’s
release, by quarter of deposit. N = 46, 711 structures that report a collection date.
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Appendix Figure 4: Homology scores of PDB-deposited structures
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Notes: This figure shows the distribution of homology scores (sequence similarity of a protein’s nearest
experimentally-solved neighbor). N = 46, 570 proteins in the analysis sample solved via x-ray crystallogra-
phy.
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