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Economics in the Age of Algorithms†

By Sendhil Mullainathan*

The rise of algorithms, particularly machine learning, does more than impact 
the economy. These tools offer new empirical methods. They enable new kinds 
of interventions. And foundational theories must be changed to account for 
them. Economics is, at its heart, about decisions. Because they change how 
we study, model, and improve decisions, algorithms should transform not just 
the economy but economics itself.

The title of this paper should trigger some skepticism. Understandably so. After all, if we thumb 
back to the very first issue of the very first economics journal (1886, Quarterly Journal of Economics), 
there was no paper titled “Economics in the Age of Electricity.” Nor does that omission appear to be a 
missed opportunity. The logic of economics is built to weather technological innovations; we describe 
production at a level of abstraction that continues to apply whether factories are powered by steam or 
electricity. So while algorithms may affect the operation of the economy, they should not change the 
logic of economics—so goes the skeptical perspective.

But that skeptical perspective is wrong. Algorithms are qualitatively different from other techno-
logical innovations. They represent a change to the fundamental building block of all of economics: 
how decisions are made. Nearly every economic model is ultimately a model of decisions and their 
consequences. A radical change to how decisions are made necessitates a radical change in how econ-
omists do economics.

This argument is easiest to see in the context of a concrete example. While the example is specific, 
its essential features appear in many other economic decisions.

Millions of times a year in the United States, judges must make a consequential decision: Where 
should a just-arrested defendant await trial, at home or in jail? The stakes are high, since a long jail 
spell is traumatic to the defendant, while a heinous crime by a released defendant is traumatic to soci-
ety. What is most relevant for our purposes is how the judge must decide. By law, the judge’s job at 
this stage is not to adjudicate guilt or innocence but instead to base the release versus detain decision 
on an assessment of the defendant’s risk of skipping court or rearrest. More precisely, judges predict 
risk.

In other words, judges are repeatedly performing a task that involves taking in a set of inputs (case 
and defendant facts) and using those to predict an output (risk). Behavioral economics suggests a 
number of reasons why that task is poorly suited for the human mind, given the need for probabilistic 
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reasoning (e.g., Kahneman 2011; Tetlock and Gardner 2016; Thaler 2016). But notice that the struc-
ture of this problem also seems tailor-made for a supervised learning algorithm. That in turn raises a 
natural question: How would an algorithmic risk predictor fare relative to the judge? The answer is, 
it turns out to be quite a bit better (Kleinberg et al. 2018). By better prioritizing risky defendants for 
detention, the algorithm allows for up to a 40 percent reduction in jailing rates for the same risk level, 
or 25 percent reductions in risk for the same jailing rate. To be clear, these results are not an argument 
for automation. Instead, they illustrate how algorithms can discover information that could improve 
decisions. How to take advantage of that information in practice is an important question to which I 
return below.

These large gains naturally spur a question: What are judges doing wrong here? To answer that, in 
Ludwig and Mullainathan (2024), we built a new algorithm. Now, rather than predict defendant risk, 
we predicted judge decisions. Just as the original algorithm was a model of what the judge cared about 
(understanding defendant risk), the new algorithm is a model of what we as researchers care about 
(understanding judge decisions). And just as the original algorithm might aid the judge, this algorithm 
aids us as researchers by revealing some surprising facts about how judges choose. It turns out that 
a significant fraction of the predictable variation in judge decisions comes from a single variable: 
the mug shot. In fact, two features of that mug shot (learned through this process) strongly correlate 
with release. The magnitudes of the effect on detention are again large, larger even than that of being 
arrested for a violent rather than nonviolent crime. The two features this procedure identifies—well-
groomed and “heavy faced”—are also novel, even to practitioners who work in the criminal justice 
system (e.g., a public defender’s office and a legal aid society). Algorithms can thus be useful not just 
to the judge, but to researchers studying the judge.

This specific example illustrates several broad points.
First, while this specific example is quite specific indeed, other problems with the same general 

structure—what I call “prediction policy problems” (Kleinberg et al. 2015)—are ubiquitous. I will 
argue below that such problems show up over and over in every area of economics: Most of our mod-
els involve agents that (sometimes implicitly) make some prediction.

Second, algorithms expand the kinds of interventions and policy levers that economists can help 
design and deploy. For example, after seeing the results of our proof-of-concept algorithm, the 
Mayor’s Office of Criminal Justice in New York City asked us to partner with some other organiza-
tions to build and implement a real-world operational version.1 That tool is now being used every day 
in every pretrial courtroom in New York. Such decision aids greatly expand the scope (and potential 
impacts) of a category of behavioral intervention that began with nudges and choice architecture 
(Thaler and Sunstein 2009; Dawes, Faust and Meehl 1989).

Third, it highlights how much of the hard work that’s needed going forward will be econometric, 
not computational. Building a supervised learner to predict risk was, relatively speaking, the easiest 
part of the project. The hardest part was comparing that predictor’s performance to the judge’s. For 
example, if the algorithm suggests releasing a defendant that the judge detained, we don’t observe 
what the defendant’s outcome (flight, rearrest) would have been (the “selective labels problem”) 
(Kleinberg et al. 2018). As another example, if the judge’s objective function involves components 
other than risk, we could mistakenly conclude that the algorithm beats the judge, but only because 
we’re looking at too narrow a set of outcomes—so-called “omitted payoff bias.” Ignoring these chal-
lenges bakes in a pro-algorithm bias. Solving these challenges requires understanding what people 
are optimizing, and with what information. In other words, it requires econometrics (e.g., Rambachan 
2024).

Fourth, the pretrial example highlights the need for an economic framework that integrates human 
decision-making and algorithmic predictive capacities. We can’t study how people use algorithms, 
nor help researchers use algorithms better, if we don’t have models that formalize the comparative 
advantage (so to speak) of humans and algorithms.

1 New York City Criminal Justice Agency Release Assessment (https://www.nycja.org/release-assessment)

https://www.nycja.org/release-assessment
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One promising approach, in my view, emphasizes the informational advantages of each. Given 
a data frame and an objective function, algorithms can predict more accurately than people. On the 
other hand, people can see things in the world that are missing from the data frame. That suggests 
a useful framework for how algorithms could augment humans, not merely automate them away: 
human advantage in recognizing what is missing from the data, and algorithmic advantage in extract-
ing information from the data.

Finally, the pretrial example highlights how algorithms are starting to expand the very methods 
we bring to science. In this case, hypothesis generation is migrating from being a “prescientific” 
activity to a more empirically grounded one. Since algorithms provide new tools for analyzing data 
and holding knowledge, they will surely lead to other substantial changes in the scientific method 
within economics as well, much as we have already seen in other fields (Butler et al. 2018; Jumper 
et al. 2021).

For economists, the rise of algorithms is currently an opportunity but will soon become a necessity. 
As algorithms increasingly change how agents in the economy make decisions, that will inevitably 
require changes in how we model decisions. It is, for example, no longer possible to model judge 
decisions in New York City without also modeling our algorithm. In this way, algorithms are fol-
lowing a trend. The major revolutions in economics are often revolutions in how we understand and 
study decisions. So the right analogy is not between the rise of algorithms and the rise of electricity, 
but instead between algorithms and game theory, information economics, behavioral economics, and 
the credibility revolution.

I.  A Primer on Machine Learning

For economists trying to make sense of machine learning—what’s new, and how it relates to the 
econometric tools we already know—it’s easy to get lost in endless technical details. A surprisingly 
simple framework can help clarify what is new about these tools, where they are useful, where they 
are not, and as a result the kinds of economic questions to which we should apply them.

A. Supervised Learning: Estimation versus Prediction

Consider a simple regression:

	​ Y  = ​ β​x​​ X + ​β​w​​ W + ε​.

Sometimes we get lucky and there’s enough information in the data for us to pin down the values of ​​β​x​​​ 
and ​​β​w​​​ in some economically meaningful way. But often we wind up instead with confidence intervals 
that include values ranging from positive to null to negative, as in Figure 1.

It is intuitively tempting to conclude that our inability to precisely estimate the parameter values ​​β​x​​​ 
and ​​β​w​​​ implies that we cannot predict ​Y​, either. From the confidence intervals for ​​β​x​​​ and ​​β​w​​​, we imag-
ine a potential parameter space as in Figure 2, which implies an unhelpfully wide range of potential 
values for our predictions, ​​Y ˆ ​​.

But as it turns out, this intuition is wrong. What this understandable intuition misses is that our 
explanatory variables usually covary. Covariance among the explanatory variables means that the 
confidence intervals for ​​β​x​​​ and ​​β​w​​​ can be consistent with a narrower set of possible ​​(​β​x​​, ​β​w​​)​​ pairs. 
The case of positive correlation is depicted in Figure 3, which illustrates how even if we cannot con-
fidently reject the null of zero for either, we can confidently reject the joint null. This ellipse stems 
from the fact that if ​X​ and ​W​ positively covary, then if the true ​​β​x​​​ is toward the top end of its estimated 
confidence interval, for OLS to be minimizing a mean-squared-error loss function across ​​(Y, ​Y ˆ ​)​​ pairs 
within the data frame, it cannot simultaneously be that the true ​​β​w​​​ value is also toward the top end 
of the range of its confidence interval as well, otherwise we would wind up with a prediction that 
overshoots the target ​​(​Y ˆ ​  >  Y)​​. So for a given ​​(X, W)​​ pair for all the coefficients in this ellipse, the 
predicted ​​Y ˆ ​​ would not vary substantively.
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The lesson is that estimation and prediction are different; just because we can’t estimate parameters 
precisely in a given application doesn’t mean that we can’t predict accurately. Estimation is about try-
ing to apportion how the variation in ​Y​ is driven by specific explanatory variables. Prediction is about 
generating ​​Y ˆ ​​ variables that tend to track closely the ​Y​ outcome variable of interest, without having to 
worry about which specific explanatory variable is doing most of the work. As Mullainathan and Spiess 
(2017) put it, estimation is about solving ​​β ˆ ​​ problems, while prediction is about solving ​​Y ˆ ​​ problems.

I see three particularly useful insights that flow from this simple framework.
First, it helps economists understand at what level of abstraction they need to engage with the com-

puter science research literature on machine learning. It’s easy to get overwhelmed by the firehose 
of specific details about each potential algorithmic function class: LASSO, ridge regression, support 
vector machines, neural networks, decision trees, gradient-boosted trees, random forest, etc. From the 
economist’s perspective, one could abstract from those implementations and instead view them all as 
just tools for generating ​​Y ˆ ​​ predictions.

For most economic applications that’s enough. Imagine we try to see if judges mispredict risk by 
comparing the predictions implicit in their release versus detain decisions with those of an algorithm. 
The specific algorithmic function class used for that prediction is typically a second-order issue for 
both a practical reason and a conceptual reason. Practically, it turns out that the amount of data 
brought to bear (both observations and variables) is typically more important than the specific func-
tion class used. And conceptually, if even just a subset of function classes outperformed the judge, we 
have still learned something important about judge decision-making.

Second, the simple regression example illustrates why machine learning can handle 
high-dimensional datasets (including more variables than observations) and highly flexible functional 
forms. Imagine, for example, a dataset of news stories about different companies connected to stock 
price information. There would be far more total words (variables) than total news stories (observa-
tions). That means that multiple models could be built with the dataset that would fit the stock price 
outcome equally well. How do we tell which specific model is right? Answering that difficult question 
is the key goal of estimation problems. For prediction problems, machine learning solves that prob-
lem by simply not caring about it. Machine learning asks instead: Which of these candidate models 
predicts most accurately?

Third, and relatedly, this simple framework highlights how machine learning and standard econo-
metrics relate to one another. When giving talks about machine learning I am often asked, “So is 
machine learning simply better than traditional econometric tools?” But that’s the wrong question to 
ask. The right way to think about machine learning relative to econometrics is that they’re designed to 
do different things. If we care about inferences on parameters (​​β ˆ ​​ problems), we need traditional econo-
metric estimators. If we care about inferences about prediction quality (​​Y ˆ ​​ problems), machine learning 
tools are far more suitable. They’re different tools for different tasks.
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with Wide Confidence Intervals

Figure 2. 
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Confidence Region  
if X and W Covary



VOL. 115 5AEA DISTINGUISHED LECTURE

B. New Tools, Old Problems versus New Tools, New Problems

Once we realize that machine learning is well-suited for solving ​​Y ˆ ​​ problems, the natural next ques-
tion to ask is: So, where are the ​​Y ˆ ​​ problems in economics?

New innovations often get applied first to old problems. In economics, that’s taken the form of repur-
posing machine learning ​​Y ˆ ​​ tools to solve traditional ​​β ˆ ​​ problems. For example, can machine learning help 
choose control variables in a regression to minimize residual variation in the outcome (Chernozhukov 
et al. 2018)? Can we use machine learning to estimate conditional average treatment effects (Athey 
and Imbens 2016; Wager and Athey 2018; Künzel et al. 2019)? Can we use machine learning to incor-
porate new high-dimensional data sources like text, images, cell phone GPS coordinates, etc. into more 
traditional estimators like regression (see, e.g., Blumenstock, Cadamuro, and On 2015; Jean et al. 2016; 
Gentzkow, Kelly, and Taddy 2019; Dell et al. 2023)?

With time, though, new innovations often reveal new problems. I will focus here on two broad 
categories of important ​​Y ˆ ​​ problems that show up broadly across economics.

The first involves decisions made by economic agents out in the world that hinge not on a causal 
inference but on a predictive inference instead. Judges deciding which defendants to release is a 
canonical example but far from the only example. Machine learning enables the positive research 
activity of studying how those decisions are made and the normative research activity of trying to 
improve them. We call these “prediction policy problems” (Kleinberg et al. 2015).

The second type of decision seems very different on its face but winds up having exactly the same 
essential structure: not decisions made by economic agents in the world whom economists wish to 
study but rather decisions by economists themselves in the act of economics research. Examples 
include coming up with anomalies that tell us that existing theories are inadequate, and generating 
entirely new hypotheses to test.

Both types of problems look quite different from those that economists normally work on—
decisions that hinge on a causal inference rather than a predictive one. But, as I will argue next, I 
think these prediction decisions, both out in the economy and by economists trying to understand that 
economy, are at least as consequential.

II.  Prediction Policy Problems2

Countless times every day all around the world, people are making decisions that hinge on a causal 
inference: policymakers choosing what sort of job training to offer unemployed workers, doctors 
deciding what sort of chemotherapy to give to a patient, judges deciding whether electronic monitor-
ing is capable of reducing pretrial recidivism without having to resort to jailing people, teachers trying 
to figure out how best to remediate a student’s academic deficiencies, etc. No wonder economists 
spend so much of their time studying these decisions.

But there are many, many other decisions made countless times all over the world that have a dif-
ferent structure; they hinge not on a causal inference, but rather on a predictive one. In what follows, 
I will talk about what distinguishes these two types of decisions, and why I think solving what I call 
“prediction policy problems” is at least as scientifically interesting and socially important as solving 
causal inference problems.

A. Causation versus Prediction Problems

Let me start by returning to the pretrial example introduced above. The judge has to decide whether 
to detain the defendant or not (D). The law says the judge is supposed to focus on the risk the defen-
dant skips court or reoffends (Y ). So the judge makes that decision by forming a prediction of the 
defendant’s risk, using some defendant characteristics that are captured in data (like current charge 

2 This discussion draws from Kleinberg et al. (2015).
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and prior record captured by the rap sheet), ​X​, as well as some that are not, ​Z​ (such as what is said in 
court), or ​h​(X, Z)​​. Let the true underlying relationship given by nature be ​f​(X, Z)​​.

One key feature of this decision is that the defendant’s risk is the defendant’s risk. That is, the 
judge’s decision about whether to detain the defendant or not doesn’t change that underlying risk. 
Instead, the judge’s decision simply determines whether society releases the defendant and takes a 
draw from that risk distribution. That is, the decision determines how the defendant’s underlying risk 
translates into social welfare, or

	​ Π​(f​(X, Z)​, X, Z, D)​​.

Contrast this with a decision that hinges on a causal inference instead, like whether the judge 
should allocate some intervention to a defendant like electronic monitoring (or drug treatment or 
mentoring or GED classes or a job, etc.). The key criterion on which the decision hinges is the answer 
to the question “What would this do to someone’s recidivism risk?” That is, the decision aspires to 
directly causally influence the realized value of the outcome ​Y​.

There are two ways to see the distinction between causation and prediction. First, Figure 4 shows 
a causal graph. When the decision has a (potential) effect on ​Y​, then we need a causal estimate. When 
the decision instead only affects payoffs ​Π​, then we need to predict ​Y​.

One can also see this through an equation by forming a total derivative of payoffs:

	​​  dΠ _ 
dD

 ​  = ​ [​ ∂ Π _ ∂ D
 ​]​​(Y)​ + ​[​ ∂ Π _ ∂ Y

 ​]​​[​ ∂ Y _ ∂ D
 ​]​.​

X

Y

Need causal
effect of D on Y

Need 
prediction of Y

D

∏

Figure 4. 
Prediction and Causation Problems
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The first term on the right-hand side says that the decision’s impact on utility depends on the value 
of ​Y​. That’s prediction, where the key object of empirical interest is ​E​[Y | X, Z]​​. The second term on 
the right-hand side reveals that a second way in which a decision could affect utility is if it changes the 
value of ​Y​ itself, which then changes utility or welfare. That’s causal inference, where the statistical 
object that must be estimated is equal to ​E​[Y | D  =  1]​ − E​[Y | D  =  0]​​.

Economists have not paid much attention to prediction problems historically in part because our 
empirical tools are geared more toward causal inference than prediction. But just because some of 
the relevant empirical tools for prediction problems come out of computer science doesn’t mean that 
economists don’t have an important role to play in solving such problems. One reason is that while 
building the algorithm can in some cases be a mechanical application of known computer science 
techniques, evaluating the algorithm’s performance is far from straightforward.

How do we know whether the algorithm’s predictions are better than those implicit in the judge’s 
release decisions? When the two disagree about a case the judge releases—the algorithm claims 
they are actually high risk, not low risk—we can figure out who’s right by looking at whether the 
defendant reoffends or skips court. But what if the algorithm’s prediction disagrees for a case the 
judge detained—the algorithm claims they were actually low risk? We can’t directly observe the 
counterfactual of what the defendant would have done had they been released, the “selective labels” 
problem (Kleinberg et al. 2018).

A common solution is to assume that judge decisions are random conditional on observable defen-
dant characteristics. The researcher in that case simply imputes the missing flight or reoffending 
outcome for jailed defendants by using data on the defendants whom the judge released. But that 
approach basically assumes the answer to the question of whether the algorithm is better than the 
judge, since it assumes away the one potential advantage the judge has over the algorithm—the judge 
sees things about each defendant that the algorithm does not (​Z​).

Plus, there’s another challenge sitting in the background: How do we know that the outcome the 
algorithm is predicting is really what the judge is trying to optimize? Do judges prioritize the predic-
tion of someone’s risk for serious violent crimes, like murder or robbery, or is the judge really worried 
about reoffending for any sort of crime at all? (The overwhelming majority of crimes are low-level 
offenses.) Or do judges pay attention to mitigating racial or other disparities in whom they detain? 
Or do they put extra weight on avoiding detention for someone who has a job or is a caretaker to one 
or more children? Mis-specifying the judge’s objective function creates what Kleinberg et al. (2018) 
call “omitted payoff bias.”

Notice that ignoring either or both problems—selective labels and omitted payoff bias—winds 
up baking in a pro-algorithm bias to any evaluation. The only solution is to carefully specify the 
decision-maker’s objective function and come up with some way of credibly identifying the coun-
terfactual outcomes of defendants whom the judges detained. That’s not advanced computer science. 
But that is advanced economics (Kleinberg et al. 2018; Rambachan 2024).

B. Prediction Problems Are Ubiquitous

While I have used a concrete example of judge pretrial decisions to illustrate key features of 
prediction policy problems, such problems show up in almost every domain economists care about. 
Prediction is often the hidden flip side of specific decisions economists have been studying for 
decades, or lurking around within domains we’ve been working on for years but have missed because 
of our focus on causal inference problems, or even sitting there within entire domains we’ve largely 
ignored because it wasn’t even obvious what work could be done within them.

While Table 1 provides a long list of examples, let me briefly discuss a few illustrative ones.
For decades, economists and other social scientists have studied and argued about the decision 

of whether to hire more teachers to reduce class sizes to potentially raise student learning.3 We have 

3 See, for example, Coleman (1968); Jencks et al. (1972); Krueger (1999, 2003); Hanushek (1999); and Jackson, Johnson, 
and Persico (2015).
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ignored the prediction-related flip side of this question: Which teachers should we hire? That depends 
on the predicted productivity of each applicant (Chalfin et al. 2016). Note the causal effect of more 
teachers cannot be separated from how we pick teachers, since the effect of those marginal teachers 
depends critically on their average quality.

Or consider the case of doctor decisions about which patients to refer for additional testing. 
Economists have focused on the causal effects of the incentives facing doctors. Evidence that many 
tests yield a low prevalence of discovered health problems is interpreted as a sign of moral hazard. 
That interpretation ignores an upstream decision by doctors about how they rank order patients by 
predicted risk. The implicit assumption of the moral hazard interpretation is that doctors are, for per-
sonal financial reasons, simply setting the testing threshold too low in the predicted risk distribution. 
But machine learning helps us see that assumption winds up being incorrect; low testing yield occurs 
in large part because doctors are mispredicting patient risk and testing too many low-risk patients 
while not testing many high-risk ones (e.g., Mullainathan and Obermeyer 2022).

These are examples where economists were already focused on a decision; they just missed the pre-
diction component. There are also countless other examples of economists ignoring a prediction-related 
decision altogether, even though we were already working in that broad domain. For example, many 
public finance papers estimate how people respond to changes in marginal tax rates. Yet an adjacent 
decision is: How should we enforce those tax rules? Which returns should we audit? That’s a prediction 
policy problem: Which audit is most likely to be fraudulent (Battaglini et al. 2024; Elzayn et al. 2025)? 
This enforcement decision is not only scientifically important, since it must surely affect people’s behav-
ioral responses to changes in tax rules, but also substantively important: The Internal Revenue Service 
estimates that something like $600 billion in owed taxes goes unpaid each year in the United States.4

4 https://www.pgpf.org/article/the-united-states-forgoes-hundreds-of-billions-of-dollars-each-year-due-to-unpaid-taxes/

Table 1—Examples Illustrating the Breadth of Prediction Policy Problems in Economics

Economic domain Concrete example

Decisions we already study but ignore prediction component
Education We study the causal effects of hiring more teachers to reduce class size (Krueger 1999, 2003; 

  Hanushek 1999) but ignore the selection of which teachers to hire (Chalfin et al. 2016).
We study the determinants of how students succeed in their classes in school but ignore student 
  selection of those classes (Bergman, Kopko, and Rodriguez 2021).

Health We study doctor treatment decisions for moral hazard but ignore potential doctor misprediction 
  of patient health (Abaluck et al. 2016; Currie and MacLeod 2017; Mullainathan and Obermeyer 
  2022; Daysal et al. 2022).

Domains we study but ignore prediction-dependent decisions
Finance Which borrowers will repay their loans? (Rambachan, Coston, and Kennedy 2024; Blattner 

  and Nelson 2021)
Which people will perform well serving on a corporate board? (Erel et al. 2021)

Public finance Which income tax returns should be audited? (Battaglini et al. 2024; Elzayn et al. 2025)
Labor How do firms hire workers, and how could they do better? (Li, Raymond, and Bergman 2024)

How do job seekers pick where to apply, and how do they predict offer likelihood? (Behaghel 
  et al. 2024; Le Barbanchon, Ubfal, and Araya 2023)

Crime/criminal justice How do police allocate resources based on predictions about where and when crime occurs? 
  (Mohler et al. 2015; Jabri 2021)

Domains we largely ignore because it’s not obvious what we could even study
Child welfare Which child abuse reports should be investigated? (Chouldechova et al. 2018; Grimon and Mills 

  2025)
Humanitarian aid How can we target aid to where and when it will be most needed? (Aiken et al. 2022; Callen et al. 

  2024)

https://www.pgpf.org/article/the-united-states-forgoes-hundreds-of-billions-of-dollars-each-year-due-to-unpaid-taxes/
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A third category of prediction policy problem shows up in domains that economists have largely 
ignored historically, partly because it has simply not been obvious what there is for us to do. Consider, 
for example, child welfare. This is an important domain where, it seems fair to say, there is not an 
excessive amount of work by economists.5 There may or may not be a lot of economics questions here 
related to incentives, but this is a domain where there are important prediction policy problems like: 
Which child abuse reports should be investigated? Recognizing that we can study (and potentially 
improve) those decisions with algorithms opens the door to a whole new area of research for econo-
mists (see, e.g., Grimon and Mills 2025).

Prediction problems are not just ubiquitous in the sense of “present in every domain economists 
care about,” but also in terms of their sheer volume. Something like ten million people are arrested 
every year in the United States. About four million people change jobs every month.6 The United 
States has 54 million children enrolled in K–12 at any point in time and another 18 million college 
students. CDC estimates that there are something like one billion (with a “b”) doctor-patient interac-
tions every year7 in America’s $4.9 trillion (with a “t”) health care sector (equal to nearly 18 percent 
of GDP8). The frequency—and often high stakes—of decisions hinging on a prediction suggests that 
the potential social welfare gains from understanding and improving them could be enormous. That 
is the point to which I turn next.

C. Unreasonable Cost Effectiveness

Hendren and  Sprung-Keyser (2020) introduce the idea of the “marginal value of public funds” 
(MVPF) to provide a unified social welfare analysis of 133 historical policy challenges. The MVPF 
essentially divides the benefit to society by a policy’s net cost to the government. Their review of past 
policies finds that 19 out of 133 yield an MVPF of infinity (the policy’s net cost to government is zero, 
so social benefits are possible with no additional public spending).

By comparison, we looked at four different algorithmic policy interventions—for pretrial release, 
selecting college courses, heart attack screening, and reducing worksite injuries—and each of the 
four has MVPF of infinity, as shown in Figure 5  (Ludwig, Mullainathan, and Rambachan 2024). For 
example, in the case of pretrial judge decisions, our policy simulation suggested that it might be pos-
sible to reduce crime by 25 percent without increasing jail populations or, alternatively, reduce the jail 
population by 40 percent with no increase in crime (Kleinberg et al. 2018). The size of these changes 
(and the large reductions in various government costs that would result) in relation to the relatively 
modest cost of building and deploying an algorithmic decision aid for judges is partly what motivated 
the Mayor’s Office of Criminal Justice in New York City to ask our team to help build and implement 
the real-world version.

These large social welfare gains are possible with algorithmic interventions for three reasons, two 
of which are obvious and one of which is less so.

The first obvious explanation is the sheer scale of impact that algorithms can have. “Normal” pol-
icies typically show diminishing marginal returns, both because implementation fidelity can be hard 
to maintain as scale increases and because of (if a program relies on inelastically supplied inputs) 
rising marginal costs (Davis et al. 2017; List 2022). As President Bill Clinton put it, “Nearly every 
problem has been solved by someone, somewhere … we can’t seem to replicate [those solutions] 
anywhere else.” 9 But software, in contrast, runs perfectly over and over again at almost zero marginal 
cost. That, combined with the huge volume of prediction-related decisions made every year, allows 
algorithms to have impact at such a large scale.

5 There are of course some important exceptions; see, for example, the excellent work in Doyle (2007, 2008) and Bald et al. 
(2019).

6 https://www.pewresearch.org/social-trends/2022/07/28/majority-of-u-s-workers-changing-jobs-are-seeing-real-wage-gains/
7 https://www.cdc.gov/nchs/fastats/physician-visits.htm
8 https://www.cms.gov/data-research/statistics-trends-and-reports/national-health-expenditure-data/nhe-fact-sheet
9 https://ssir.org/articles/entry/going_to_scale

https://www.pewresearch.org/social-trends/2022/07/28/majority-of-u-s-workers-changing-jobs-are-seeing-real-wage-gains/
https://www.cdc.gov/nchs/fastats/physician-visits.htm
https://www.cms.gov/data-research/statistics-trends-and-reports/national-health-expenditure-data/nhe-fact-sheet
https://ssir.org/articles/entry/going_to_scale
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The second obvious explanation is that the alternative to the algorithm—a person—leaves so much 
room for improvement. An enormous body of research in psychology and behavioral economics doc-
uments all the ways in which people make mistakes, even with very high-stakes decisions. For exam-
ple: We rely on biases and heuristics (e.g., Kahneman 2011; Thaler 2016), such as relying too much 
on examples that come readily to mind (Tversky and Kahneman 1973), ignoring base rates (Nisbett 
and Borgida 1975), or overgeneralizing from tiny snippets of information (Tversky and Kahneman 
1971); we cling to our priors too tightly (Tetlock and Gardner 2016); or our cognition suffers from 
too much inconsistency or “noise” (Kahneman, Sibony, and Sunstein 2021). Algorithms, in contrast, 
can help avoid many of these errors.

The third, less obvious reason that algorithms can have so much impact stems from the logic of 
ranking problems at the heart of so many economically important decisions. The usual logic of policy 
interventions is that the government has properly rank ordered cases by marginal benefits, and so 
expansions of the policy serve additional cases with relatively lower benefits (Figure 6). But govern-
ment agencies and decision-makers regularly misrank. The algorithm can improve the rank ordering 
of cases, yielding a steeper social returns schedule and a sizable reduction in deadweight loss between 
the flatter and steeper schedules (Figure 7).

D. Open Challenges

So what’s stopping us from realizing such large gains?
For most of the economically important prediction problems out in the world, society has expressed 

a strong preference for algorithms to serve as decision aids, not decision-makers. People are com-
fortable with a judge looking at an algorithmic decision aid, but not with an algorithm that replaces 
a judge. The large body of evidence showing that on average statistical models predict more accu-
rately than humans (see, e.g., Ohlin and Duncan 1949; Meehl 1954; Dawes, Faust, and Meehl 1989; 
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Kleinberg et al. 2018; Rambachan 2024) leads to the understandable intuition that we should simply 
try to get humans to follow the statistical model’s recommendations as often as possible. But it turns 
out that people don’t seem to love mindlessly doing everything a decision aid says. That’s led to a 
growing body of research on understanding the reasons for this “algorithm aversion” (Dietvorst, 
Simmons, and Massey 2014, 2015, 2018; Dietvorst and Bharti 2020; Burton, Stein, and Jensen 2020; 
Jussupow, Benbasat, and Heinzl 2020).

The barrier to progress here is that we’re missing a conceptual framework that combines what the 
human decision-maker sees and what the algorithm sees. To see what I mean, in what follows I sketch 
out an initial example of what such a framework might look like using our running example of judge 
pretrial decisions (see also Ludwig and Mullainathan 2021).

As noted above, the judge’s decision about whether to release versus detain a defendant pretrial 
is by law supposed to hinge on a prediction of the defendant’s flight or public safety risk. One way 
we could learn the relationship between the defendant’s outcomes if released and their observed and 
unobserved characteristics, ​Y  =  f​(X, Z)​​, is with an algorithm, which by construction can only make 
use of whatever variables are actually captured in data, ​E​[ f​(X, Z)​ | X]​​. The algorithm can predict 
accurately for a given data frame, but the algorithm has the drawback of not having access to all the 
potentially relevant information. The algorithm can only predict using the ​X​s.

Alternatively, a human could form that prediction. A large body of behavioral science research 
shows that most people have enormous difficulty predicting accurately. Let the human predictions be 
given by ​h​(X, Z)​  =  f​(X, Z)​ + Δ​. This pattern of misprediction is what naturally leads to the intuition 
that the algorithm is surely better. But notice that the human also has two potential advantages rela-
tive to the algorithm. First, the human has access to more information than the algorithm does. The 
judge can predict using things not captured in the rap sheet data—that is, the “unobservables,” ​Z​, like 
what’s said in the courtroom, etc. Second, unlike the algorithm, people know what they (the human 
decision-makers) are trying to optimize, ​Π​.

Notice some implications that flow from even such a simple placeholder framework as this.
First, this framework helps us see why people shouldn’t just mindlessly follow an algorithm’s 

predictions and recommendations: because they (the humans) also have their own sources of compar-
ative advantage relative to the algorithm. Conceptually, it is possible that even though the algorithm 
does better than the human on average, in principle there may be at least a subset of cases where the 
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human could be doing better. Put differently, the framework makes clear why in principle the human 
and machine together could potentially do better than either alone.

Second, this framework captures the evaluation challenges described above, selective labels and 
omitted payoff bias. The judge makes release decisions based on ​h​(X, Z)​​, so we can’t simply impute 
the missing outcomes using the algorithm’s predictions ​m​(X)​​. And to determine whether the algo-
rithm outperforms the judge, we don’t really want to compare the predictions ​m​(X)​​ and ​h​(X, Z)​​, but 
instead we want to compare ​Π​(m​(X)​, X, Z, D)​​ with ​Π​(h​(X, Z)​, X, Z, D)​​. How do we do that in a world 
in which we don’t directly observe social welfare or utility? That’s a classic economics problem.

Finally, this framework clarifies an open scientific problem: understanding the design space of 
possible decision aids. It is tempting to imagine that the only option is to show the decision-maker 
the algorithm’s predictions. But one could do so much more. The algorithm could simply serve as 
a mirror on the judge’s past choices. Rather than giving suggestions on particular choices, it could 
allow decision-makers to explore what has worked and what has not in the past. That could help them 
learn strengths and weaknesses of their own decision-making. Alternatively, it could simply highlight 
in any particular case aspects that might lead the decision-maker astray. For example, it could have 
pointed out, “This defendant is not well-groomed, and in those cases …” Or the algorithm could 
simply sort what order decisions are seen in, so that the toughest cases are prioritized for more time 
or mental bandwidth. Or is the right solution something else entirely? This isn’t just a hard problem; 
it’s a problem that involves both humans and machines together. So by its nature it cannot be solved 
by computer scientists alone; it must inevitably involve economists as well.

III.  Machine Learning for Science

So far I have discussed prediction policy problems like judges looking at data on defendants to 
decide whom to release or detain, doctors looking at data to decide which patients to refer for more 
testing, HR managers looking at data on past hires to decide which applicants would be most produc-
tive if hired, etc. Economists can then use data to study and potentially even improve those decisions. 
I turn next to a different but conceptually related problem, involving an economic agent looking at 
data to make a decision that hinges on a prediction: economists carrying out the scientific enterprise 
of economics.

A. Machine Learning for the Natural Sciences

To see how algorithms might help with economic science, let’s start with how and why they’ve 
been so useful for the natural sciences.

Consider the problem of protein folding. In that scientific application, we know we have the cor-
rect theory of how proteins fold. The problem is not one of inadequate theory but rather one of com-
puting; empirically understanding the implications of the theory for different specific compounds 
is simply too complex. Lab experiments are possible but costly. Machine learning in this case has 
been enormously valuable in turning theory into something tractable. The scientific gains here are 
not small. The Nobel Prize in chemistry was recently awarded for the protein folding application 
(e.g., Jumper et al. 2021), with similarly impressive gains for the discovery of inorganic crystals 
(Merchant et  al. 2023) and solving challenging problems in mathematics (e.g., Romera-Paredes 
et al. 2024).

But for the economic sciences, because our theories are in a different place, the role of algorithms 
in the scientific enterprise must be different as well.

B. Algorithms for “Incomplete” Sciences Like Economics

Unlike with the natural sciences, our theories in economics are not correct. They might have some 
predictive power, but there’s a lot that they can’t explain—they’re “incomplete” (Fudenberg et al. 
2022). So the role of the algorithm isn’t about making a correct theory tractable; it’s instead about 
how to make incomplete theories better.
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Thinking about theory completeness made clear a curious asymmetry in how economics is done. 
For hypothesis testing, we have elaborate methods for everything we do ranging from causal identi-
fication (Angrist and Pischke 2010) to statistical inference (e.g., Bertrand, Duflo, and Mullainathan 
2004; Kling, Liebman, and Katz 2007) to generalizability (Angrist and Imbens 1995; Angrist, Imbens, 
and Rubin 1996). But for hypothesis generation, for the process of coming up with the ideas we test 
in the first place, we have . . . what exactly? That process is remarkably informal, idiosyncratic, and 
ad hoc.

Algorithms have the potential to improve and accelerate the process of theory generation to com-
plement what humans are already capable of doing. Consider, for example, the problem of choice 
under uncertainty. We first had Von Neumann and Morgenstern’s expected utility theory. To push the 
science forward, researchers worked hard to identify pairs of examples that are both consistent with 
the current theory but inconsistent with one another—so-called “anomalies.” This type of activity 
led to findings like the Allais paradox, the common ratio effect, and various Kahneman and Tversky 
anomalies. Those led to a new theory, prospect theory, followed by new anomalies, leading to yet new 
theories like salience theory (Bordalo, Gennaioli, and Shleifer 2012), simplicity preferences (Oprea 
2022; Puri 2025), cognitive uncertainty (Enke and Graeber 2023), etc.10

Anomaly generation is a powerful way to improve theories, but slow. How might algorithms help 
scientists accelerate that process? Mullainathan and Rambachan (2024) illustrate one way to do this. 
Given a dataset and given a theory, the algorithmic anomaly-generation procedure works by convert-
ing the problem into max-min optimization, where a theory seeks to maximize its explanatory power 
over a dataset by minimizing the loss between the set of allowable functions under the theory and the 
observed data while a “falsifier” algorithm generates candidate datasets to find data that maximize the 
loss of the theory—that is, a dataset that misfits the theory. The procedure, given expected utility the-
ory and data on lottery choices, winds up on its own rediscovering the known anomalies for expected 
utility theory; moreover, it suggests new anomalies not in the existing economics literature. New data 
collection on these lottery menus confirms that they are indeed expected utility violations.

Anomaly generation works well for building on explicit theories we already have, but what do 
we do in cases where there’s a lot going on out in the world that we simply have no way to currently 
explain? Consider, for example, judge pretrial decisions. Kleinberg et al. (2018) show that judges 
seem to substantially mispredict defendant risk. But what exactly are judges getting wrong?

To see how algorithms can help aid scientists in answering this question, we need a conceptual 
framework that helps us integrate both what the algorithm sees and what the scientist sees. It turns out 
that that framework looks a lot like the one for prediction policy problems.

For starters, let’s consider what human scientists currently do. In the case of pretrial hearings, the 
scientist comes up with a hypothesis for what the judge might be getting wrong by forming a candi-
date model of how the judge might be making their decisions, ​h​(X, Z)​​. The scientist does that on the 
basis of what’s in the available data (the ​X​s), which in this case would include, for instance, the rap 
sheet and other information about each defendant and, ideally, also information about each judge who 
is hearing pretrial cases. The scientist also draws on information that is not captured by any dataset, 
which could include personal observations about the world as well as theories, hunches, etc., some of 
which may be tacit—that is, the scientist themselves may “know” it even if they are not necessarily 
able to consciously articulate it, a version of what Autor (2014) calls “Polanyi’s paradox.” For exam-
ple, scientists know that racial bias shows up in lots of decisions out in the world and, on that basis, 
hypothesize that there could be bias in judges’ pretrial decisions as well (see, e.g., Arnold, Dobbie, 
and Yang 2018).

Alternatively, we could use an algorithm to model judicial decisions instead, ​m​(X)​​, and then form 
hypotheses about what the judge might be doing from looking at that prediction function. For exam-
ple, comparing an algorithm built to predict the judge’s decisions with an algorithm built to predict 

10 Relatedly, there is also the wonderful paper by Harless and Camerer (1994) that sits above this anomaly generation and 
theory development process and compares how well different theories can explain these anomalies.
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the defendant’s risk directly suggests that judges overweight the current charge for which someone 
was arrested (Sunstein 2021).

One immediately obvious implication of even this simple framework is that a new skill set will be 
required by economists interested in using algorithms for hypothesis generation. Our usual research 
activity of causal testing of hypotheses is essentially all about narrowing down the data—finding plausi-
ble sources of identifying variation that helps the economist find two comparable groups to compare. But 
generating hypotheses is all about expanding the data—what additional data sources could be brought to 
bear to shed new light on the judge’s behavior? That is, the algorithm’s model of the judge—and hence 
the set of new hypotheses the algorithm can identify—is constrained by those data features that the sci-
entist thinks to give the algorithm access to, ​X​. For example, Eren and Mocan (2018) came up with the 
clever (human-generated) hypothesis that judges are affected by their mood, so that even trivial events 
like whether the big state university football team won or lost last weekend could affect high-stakes 
pretrial decisions. An algorithm could only have come up with that hypothesis on its own only if some 
clever scientist thought to merge court records with massive archives of general news stories.

As with prediction policy problems, this simple framework helps us see why for hypothesis gener-
ation there is the potential for scientists working with algorithms to do better than either on their own. 
The human has access to things the algorithm does not, but can mispredict, so that if the “true” model 
of the judge’s behavior is ​f​(X, Z)​​, the scientist’s mental model of the judge is ​h​(X, Z)​  =  f​(X, Z)​ + Δ​.  
The algorithm predicts accurately but can only model the judge’s behavior using things that are in 
data, so ​m​(X)​  =  E​[ f​(Y, Z)​ | X]​​.

One example of how to solve this problem is in Ludwig and Mullainathan (2024), where we build an 
algorithmic model of the judge bringing as much data to bear as possible, including high-dimensional 
data sources like images. That statistical model capitalizes on the great strength of the algorithm 
relative to the human: to predict the judge’s behavior as accurately as possible or, said differently, to 
notice patterns in the judge’s decisions that the scientist does not. As noted in the introduction, we find 
that one of the strongest predictors of judge decisions is something that is surely irrelevant to what the 
law asks the judge to consider (defendant risk): the defendant’s face.

The reason that the algorithm’s prediction ​m​(X)​​ is not itself a useful hypothesis is because it is not 
interpretable. The neural network we built using the defendant’s rap sheet, mug shot, and other infor-
mation has billions of parameters and lots of complicated interactivity among data features. Knowing 
something about the defendant’s face doesn’t give scientists the guidance they need to carry out what 
is perhaps the most important thing that pushes science forward: to figure out what new things to 
measure. That is, historically one of the key scientific activities has been to decide which currently 
unobserved things, ​Z​, to observe and turn into data, ​X​.

Our solution was to build a hypothesis-generation pipeline that enables the algorithm to com-
municate the signal it has discovered to humans by morphing pictures of defendants along the 
predicted-risk gradient in the direction of higher detention odds. Human study subjects then look at 
the morphed image pairs and articulate what defendant features they see as changing, since one of the 
key things that humans know and algorithms do not is what concepts human beings can understand. 
See Figure 8. That has led to several new hypotheses about judge errors that open the door to new 
scientific work in this area and, potentially, new policy interventions as well.

These papers are merely the first word on these issues. Capitalizing on the power of algorithms 
to help economists do science will require solving a variety of new methodological questions. These 

Figure 8. 
Example of Morphed Synthetic Face

https://pubs.aeaweb.org/action/showImage?doi=10.1257/pandp.20251118&iName=master.img-000.jpg&w=364&h=62
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questions aren’t just missing answers; many of the key questions haven’t even been asked yet. The 
first step is of course tool building; the anomaly-generation and hypothesis-generation tools described 
here are examples, as are measures of completeness. There are surely many others. The second step is 
frameworks to help analyze properties of these tools. Compared to hypothesis testing, we have very 
little if any formal frameworks within which to analyze these tools. For example, with hypothesis test-
ing, we have excellent frameworks to think about things like power and size; what are the equivalents 
for hypothesis generation? What’s already been done barely scratches the surface of what’s needed.

IV.  From Opportunity to Necessity

If we look backward, we can see that algorithms have created important new research opportunities 
for economists. Looking forward, it seems clear that algorithms in economics will go from opportu-
nity to necessity. The reason is that economic agents themselves will increasingly be using algorithms 
for countless decisions made in the real-world economy. As the agents in our models change the way 
they make decisions, the existing models will become outmoded and we will need new ones.

Consider the example of an unemployed worker searching for a new job. To which job openings 
should they apply?

The positive study of this question involves understanding how the worker optimizes given utility 
and information. The worker makes choices based on their preferences ​Π​ and a prediction of whether 
they will get any given job if they apply for it, ​​Y ˆ ​  =  h​(X, Z)​​. The prediction is made by the worker 
reflecting on their own “quality,” which is related partly to things captured in data that firms can see, 
like schooling attainment (​X​s), and some of which is not, such as reliability, motivation, etc. (​Z​s). The 
key preference parameter that the worker knows about themselves is their reservation wage. Together 
these factors shape the decision about which jobs to apply to and how many—that is, how much effort 
to expend on job search.

The normative study of this question includes the design of unemployment insurance (UI) benefits. 
In designing that benefit regime, the goal is to balance the desire to provide people with social insur-
ance against the potential for moral hazard. The key parameter of interest for how to balance these 
opposing forces is the elasticity of search behavior with respect to program generosity, ​η​, which is 
usually treated as a sufficient statistic.

How can an algorithm help here?
Since job search is a prediction problem and humans make those predictions imperfectly on their 

own, ​h​(X, Z)​  =  f​(X, Z)​ + Δ​, an algorithmic decision aid has the potential to improve job search 
decisions and outcomes. Recent work suggests that there could be large gains (Behaghel et al. 2024).

But notice what happens once an algorithm is introduced into the job search process. It is no longer 
possible for economists to model job search by simply modeling the worker. Job search is now the 
joint outcome of the worker plus the algorithm.

Notice also a profound implication of evidence that the introduction of such an algorithm changed 
people’s search behavior: It would mean that our previous models of this behavior had been wrong. 
That is, if access to an algorithm changed job search so that the observed elasticity ​η​ changed, it could 
not have been the case that the initial value of ​η​ that economists had estimated from the pre-algorithm 
data was reflective of the worker’s true underlying preferences. That previous estimate was in part 
also reflecting worker error. Our existing model of the worker’s job search decision must have been 
wrong.

Not only does our scientific understanding of positive economic questions change, but our efforts 
on normative questions like “How can we improve the unemployment insurance system?” must also 
change. The reason is because it is no longer possible to think only about what the worker will do. If 
the value of ​η​ depends on the algorithm, then this key behavioral elasticity is not an exogenous param-
eter to estimate but rather something endogenous to the policymaking process. The implication is that 
policy design has no choice but to jointly optimize not just the UI benefit schedule but the algorithm 
as well. There is simply no way to abstract away from the job search recommender system.

Does this mean that economists must be in the algorithm design business? Yes. But isn’t that really 
the role of computer science? Absolutely not. Notice what the recommender algorithm is doing for 
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workers: making recommendations from what the data say about the experiences of similar workers in 
the past. Job openings are then rank ordered based on the probability that a similar worker in the past 
applied to such a job. But notice what this “vanilla” recommender system of the sort computer scientists 
build regularly ignores: things like behavioral biases, market congestion, and moral hazard (Bied et al. 
2023; Behaghel et al. 2024). That is, the vanilla recommender system from computer science ignores 
behavioral economics (and the rest of economics as well, for that matter), plus the joint design of policy 
and algorithm. Algorithm design is not just a computational problem; it’s also an economics problem.

There is, of course, nothing about this application that is limited to unemployed workers. We see 
exactly the same set of issues arising in a wide range of economic applications including credit mar-
kets, health insurance, school choice, housing markets, etc. The centrality of algorithms to economics 
must grow over time as the centrality of algorithms to the economy and economic decisions grows 
over time. This is what ultimately distinguishes economics in the age of algorithms from economics 
in the age of electricity.

V.  History Is Not Over

My essay began with a new data tool that came out of computer science: supervised machine 
learning. Of course, while supervised learning represents one initial major algorithmic advance, it is 
surely not the last. We have already seen another—the rise of large language models (LLMs). It is, 
therefore, not sufficient to simply have a framework for supervised learning. We need a way to think 
about what frameworks for new algorithms should look like.

To see what that might look like, it’s worth looking at what we did for supervised learning. Casting 
them as ​​Y ˆ ​​ tools provided two benefits. First, it allowed us to do econometrics. In this case, one 
could abstract from the specific details of any particular function class (LASSO versus support vector 
machines versus neural networks, etc.). It also made clear what econometric guarantees we needed 
and what assumptions we need to get those guarantees. For example, we can get bounds on the pre-
diction loss of a learned predictor: If we’re willing to assume that any new data we obtain are drawn 
from the same data-generating process as a holdout dataset, then our measure of the algorithm’s per-
formance in the holdout test set is informative about out-of-sample performance. We can think of that 
result as a “contract” for the researcher—specifying assumptions the researcher must defend in order 
to benefit from the guarantees provided by the result. Second, seeing that these tools were good at ​​Y ˆ ​​ 
problems helped us identify new economic uses these tools can excel at.

That two-part approach can also be used going forward. The economics of algorithms is not a one-
off narrow econometric activity but rather a perpetual one that starts with conceptualizing each new 
development’s econometric properties and then connects those to all the ways in which the new tool 
might change the study of economic decisions or efforts to improve those decisions. To illustrate the 
general approach, in what follows I consider: What would this look like for LLMs?

A. An Econometric Framework for LLMs

As we note in Ludwig, Mullainathan, and Rambachan (2025), no econometric contracts of the 
sort we have for supervised learning currently exist for LLMs. The reason is that developing such 
contracts is particularly challenging for LLMs, partly because precisely modeling the inner workings 
of LLMs is difficult. LLMs are a diverse, dynamic set of extraordinarily complex machine learning 
models involving many layers of interactivity and billions of parameters. Their training datasets and 
architectures (among many other details) are often intentionally obscured because LLMs are propri-
etary commercial products. To further complicate matters, modeling the outputs of LLMs has proven 
to be equally difficult. Computer scientists struggle to characterize the brittleness of LLMs that lead 
their outputs to accomplish remarkable feats in some tasks (like acing the math SAT) yet produce 
bizarre failures in others (like hallucinating “facts” that aren’t facts or failing at even very basic logi-
cal inferences like “A is B” implies that “B is A”).

As with supervised learning, we require an econometric framework that is not specific to any par-
ticular LLM but rather is more general, operating at a higher level of abstraction to provide contracts 
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for LLMs despite the complexity of these models and without ex ante assumptions about the quality 
of their outputs. The framework we develop in Ludwig, Mullainathan, and Rambachan (2025) con-
siders settings in which a researcher uses an LLM to process text and produce outputs that can be 
related to traditional economic variables in downstream analyses. Precisely because these algorithms 
are opaque and varied, we treat everything about how the LLM goes from its training data to a partic-
ular text response as a black box.

Our framework helps clarify that with LLMs we actually need two separate types of contracts, 
depending on the specific type of application to which the LLM is being applied.

Our first result relates to prediction problems, in which the researcher predicts a linked economic 
variable using the associated text. For example, in asset pricing, we might want to know how well 
stock prices can be predicted using news headlines. We show that for LLM outputs to be validly used 
in prediction problems, the LLM must satisfy a single condition we refer to as “no training leakage.” 
Suppose the researcher prompts the LLM on each collected piece of text to form predictions and 
evaluates the quality of the LLM’s resulting predictions by calculating its sample average loss on the 
researcher’s dataset. We show that the LLM’s sample average loss only reflects its true out-of-sample 
predictive performance if and only if there is no overlap between the text in the LLM’s training dataset 
and the researcher’s own dataset. Intuitively, in this workflow the researcher is using the LLM as if it 
were some sort of prediction function from text to the economic variable and is then using their own 
collected dataset as if it were a test sample. This is only valid if the LLM has not been trained on the 
test sample.

No training leakage is often violated in naïve uses of LLMs precisely because their training data-
sets are both immense and intentionally obscured. But this econometric framework suggests a solu-
tion: the use of open-source time-stamped LLMs, for which it is possible to know something about 
the data on which the LLM was trained.

The second type of econometric result that comes out of this framework is for what we call esti-
mation problems, in which the researcher wants to relate some economic concept (e.g., positive or 
negative news, hawkish attitudes, or policy topic) expressed in text in order to estimate some down-
stream economic parameter. For example, in studying partisanship, how does the policy topic of a 
congressional bill relate to the ideology of its sponsor? We assume that the researcher has specified 
a resource-intensive procedure for measuring the economic concept that we would be satisfied with 
if it could be scaled. Because it may be prohibitively costly or time-consuming, the researcher hopes 
to automate their existing measurement procedure and instead use an LLM to cheaply produce these 
labels. The challenge here is that LLMs are brittle; their performance across tasks is, as noted above, 
variable and hard to predict. So how can we use LLM outputs in estimation problems knowing that 
they are potentially imperfect substitutes for the measurements they seek to replace?

Our econometric framework points to a constructive solution to this problem by borrowing an idea 
long known in economics: Collect a small sample of benchmark data and use that data to empirically 
model the LLM’s errors. While this is well-known in labor economics (e.g., Bound and Krueger 1991; 
Bound et al. 1994; Bound, Brown, and Mathiowetz 2001) and well-studied in econometrics (e.g., Lee 
and Sepanski 1995; Chen, Hong, and Tamer 2005; Schennach 2016), it has only recently been revived 
in machine learning, such as Wang, McCormick, and Leek (2020); Angelopoulos et al. (2023); Wei 
and Malik (2022); Egami et al. (2022); and Battaglia et al. (2024), among others.

This econometric framework gives us the equivalent of a ​​Y ˆ ​​ and ​​β ˆ ​​ abstraction for LLMs similar to 
what we have for supervised learning and also provides econometric contracts for use in economic 
research (this assumption is required for this sort of performance guarantee). The key part of the 
contract is to now treat language as objects for analysis the same way we normally do with numbers 
in a table.

B. For What Decision Applications Is This Useful?

As with supervised learning, to use LLMs in economics, the next step after developing an econo-
metric framework is to consider what sorts of economic decisions this new tool is most useful for 
understanding and potentially improving. With supervised learning, the key was to identify decisions 
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that hinge on a prediction of some ​​Y ˆ ​​. With LLMs, we’re now dealing with language, not numbers, 
so the goal is to identify economic decisions that hinge on language. LLMs are so new that we don’t 
have concrete examples that have already been worked through end to end, so, in a forward-looking 
way, I will talk through some hypothetical examples intended to highlight the potential of LLMs for 
economic decision-making.

There is no shortage of research from behavioral economics highlighting how and why so many 
decisions are so hard for so many consumers. People are faced with a set of choices about what car 
to buy, what health insurance plan to choose at work or through some government program, what 
sorts of investment vehicles should hold their retirement savings, etc. Consumers might overattend 
to certain product attributes, such as those more easily quantified (Chang et al. 2024). They might 
ignore costly add-on prices that companies try to shroud from view (Gabaix and Laibson 2006). They 
might get overwhelmed by the sheer volume and complexity of the choice set (Kling et al. 2012). I 
could go on and on.

What would a potential “fix” look like? It would require explaining to consumers what in the 
world is going on. That would require a data tool that could make sense of the high-dimensional text 
description of the choice options and the customer’s circumstances, identify the most likely sources 
of misunderstanding or error on the part of the customer, and provide some sort of comprehensible 
explanation of the potential upsides and pitfalls of each option. Solving these behavioral biases in 
practice would, in other words, inevitably require the capacity to work with language as both inputs 
and outputs—that is, what an LLM is designed for.

Let me offer one other illustrative example. Behavioral biases are central not only for consumer 
decisions but for social policy as well. For example, in Heller et  al. (2017), we worked with a 
Chicago-area nonprofit to study an intervention called Becoming a Man (BAM) that helps de-bias 
young men in high-stakes situations to help prevent social harms. The result of this and similar pro-
grams can be large changes in outcomes like violence involvement, high school graduation, etc. (Bhatt 
et  al. 2024; Abdul-Razzak and  Hallberg 2024; Ludwig 2025). The challenge with BAM, as with 
almost everything else in social policy, is scale-up (Davis et al. 2017; Bhatt et al. 2021; List 2022).

LLMs may provide one solution to this scale-up challenge by helping automate at least parts of 
the program delivery. With social programs like this, we already have a curriculum that identifies key 
behavioral biases and ways of explaining how to avoid them. Different program participants may 
respond in a wide variety of different ways, depending on their circumstances, which then requires 
the program provider to in turn know what the best response is in each contingency. This seems to be 
one of the key delivery skills that is hard to scale. But this is also exactly the sort of text input–text 
output problem that LLMs are designed to solve. And in fact some evidence that this type of algo-
rithmic intervention may be possible comes from a study that uses this type of technology to deliver 
BAM-like content to a different group of people who can also sometimes struggle with high-stakes 
decisions on Chicago’s South and West Sides—Chicago police officers (Dube, MacArthur, and Shah 
2025).

Notice also how the economic research enterprise changes once the curriculum goes from a paper 
document to a text object delivered by an algorithm. This shift makes the curriculum not just autom-
atable in its delivery but manipulable as well. The nature of hypothesis testing and experimentation 
can now fundamentally change. Our traditional randomized controlled trials involve handing a set of 
paper curricula to a set of human program providers, having them improvise and deliver that curric-
ulum in all manner of different ways that are nearly impossible to fully measure, then estimating the 
average effect of an intervention that can’t really be adequately characterized. But with algorithmic 
delivery, we can not only perfectly characterize the intervention as it is delivered at large scale, we can 
(subject to sample size constraints) experimentally manipulate each of the intervention’s component 
parts to optimize impacts.

The larger lesson here is not specific to LLMs but rather is about a general playbook for econ-
omists to follow as new artificial intelligence technologies come online in the future. The first step 
must be to develop an econometric framework that provides researchers with a contract—what sort of 
assumptions provide what sorts of guarantees. Since computer science is often at least as much about 
engineering as about science, this sort of econometric work will inevitably require economists to be 
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involved. And once that framework is developed, the next step, even more reliant on economists for 
obvious reasons, is to thoughtfully consider the set of economic decisions out in the world where our 
study of or efforts to improve them might benefit.

VI.  Conclusion

A city can grow in one of two ways. The first is upward. The average height of a Manhattan sky-
scraper in 1900 was just 60 feet. Today, the average building there stands nearly 1,000 feet.11 The sec-
ond way cities grow is outward. While New York City is compressed into something like 300 square 
miles total (not counting waterways), Los Angeles sprawls across an area that’s 50 percent bigger, and 
Houston is more than twice as large.

Scientific disciplines grow in the same two ways. Physics has largely gone upward. The methods, 
tools, and theories have radically changed in astronomy, but the objects of scientific interest—the 
vast universe every human ponders looking up at the night sky—is the same as in Ptolemy’s time. 
Psychology, in contrast, has largely grown outward. Looking at psychology today, Freud or Jung 
would not quite know what to make of research on biases and heuristics, or fMRI studies mapping 
cognitive functions in the brain, not just because they are methodologically novel but because the very 
questions seem so alien.

Economics is, in my judgment, one of the few disciplines that grows both up and out. We clearly 
grow upward. Smith, Marshall, and Keynes would recognize and appreciate the advances we’ve made 
in understanding core issues like trade and economic growth. But we’ve clearly also grown outward; 
economists from a century ago would feel lost in much of the new territory we occupy, including on 
topics like game theory, the economics of the family, education, crime, discrimination, “nudges,” or 
randomized controlled trials.

Algorithms are a powerful force for outward expansion. Like game theory and information 
economics, they change how we model human decision-making. Like the “credibility revolution” 
(Angrist and Pischke 2010) and randomized controlled trials, they change how we measure and study 
decisions and their consequences out in the world. Like market design and behavioral economics, they 
provide us with new tools for changing (not just studying) the world. Perhaps what is unique about 
the expansion induced by algorithms is that they are at once tools for advancement on each one of 
these margins—modeling decisions, understanding the world, and even changing the world as well.

Outward growth has a certain predictable rhythm. In the short run, every new expansion is met 
with the same question: “Is this economics?” The questioner is usually not even asking a question, 
but implicitly asserting an answer (“No”). That is because new tools are typically judged through the 
lens of old problems, and that is not where the most powerful new tools shine.

In the long run, for each of the major advances in economics, such concerns eventually yielded. 
Because the new problems proved to be every bit as interesting and important as the old problems, 
the territory of economics expanded. I am confident that this is what will happen with algorithms as 
well. It is only a matter of time until the question “Is this economics?” is eventually replaced with a 
statement: “This is economics.”
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