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Abstract

We often refer to Deep Neural Nets (DNNs) as models. This paper

utilizes the use of DNNs in economics as a case study to examine whether

they really function as models in science. I argue for two main claims.

First, DNNs function differently from the main types of models used in

science. Second, DNNs should be understood as measuring instruments

that are not models. Thus, we should not refer to the DNNs used in

science as models. This argument has important implications for the

philosophical questions that we can legitimately ask about the DNNs

used in science.

1 Introduction

Philosophers and AI researchers often refer to deep neural nets (DNNs) as “mod-

els”. But simply saying that DNNs are models does not say much. After

all, philosophers have identified an (overwhelming) number of different mod-

els (Frigg and Hartmann 2024). If DNNs are models, what type of models are

they (Boge 2022; Sullivan 2024)?
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My starting point for answering this question is Emily Sullivan’s proposal

that DNNs function as toy models in science (2022, 2024). One distinctive

feature of Sullivan’s proposal is that she characterizes models based on their

functions (Morrison and Morgan, 1999, §2.2; Frigg, 2022, §16.6). If DNNs have

the same functions as models of a given type, they function as models of that

type. I evaluate Sullivan’s proposal by looking at how DNNs are used in eco-

nomics. Economics is an ideal testing-ground for Sullivan’s proposal because

economic models have a variety of different functions (Morgan and Knuuttila

2012). If DNNs and toy models really have the same functions, we should be

able to find evidence for this in economics.

Based on my case study, I argue for two main claims about the role of DNNs

in science. First, DNNs do not function as toy models (pace Sullivan), nor as

other common types of models used in science. Second, the DNNs used in most

sciences should be understood as measuring instruments rather than models.1

But why does it matter that DNNs are measuring instruments rather than

models? The answer has important implications for the philosophical questions

that we can legitimately ask about the use of DNNs in science. Consider the

question of what type of understanding of a target system DNNs deliver (Boge

2022; Sullivan 2022). I show that since DNNs are measuring instruments, we

should expect DNNs to provide scientists with pragmatic understanding and not

explanatory understanding (c.f. Kieval and Westerblad 2024).

The paper proceeds as follows. I begin by outlining Sullivan’s proposal (Sec-

tion 2). I then discuss how DNNs function in economics (Section 3). Next,

I argue why DNNs do not function like toy models and other common model

types (Section 4) and why they should be understood as measuring instruments

(Section 5) before concluding (Section 6).

1. I do not deny that DNNs might be models in certain sciences (e.g., neuroscience), but
only deny that they are models in most sciences.
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2 The functions of models

To determine the model type of DNNs, we need to find a way of distinguishing

different model types. One common way of distinguishing model types is based

on their functions (Morrison and Morgan, 1999, §2.2; Frigg, 2022, §16.6). We can

use such a functional characterization to determine if a given model functions

like the models of a particular type:

Functional characterization of models. An object O functions

as models of type T if object O is used for the same objectives as

models of type T .

The functional characterization does not tell us that object O shares the

same characteristics as type T models, but only that it has the same functions

as type T models. This information could still tell us something useful about

the object. For example, if I learn that a given stool functions like a chair, the

functional characterization suggests that this stool belong to the type of chairs.

This information is useful because it tells me that I can sit on a stool. Similarly,

if I learn that a model functions like a model of type T , I also learn what I can

use that model for, which could be helpful.

I adopt the functional characterization for two reasons. First, it is a relatively

weak condition relative to other characterizations (e.g., see Frigg 2022, §16). Sec-

ond, one of the main objectives of this paper is to evaluate Sullivan’s proposal

(2024) and she adopts this characterization. In particular, she argues that DNNs

function as toy models. Toy models are characterized by three main features

(Reutlinger, Hangleiter, and Hartmann, 2018; Nguyen, 2020). They represent

a target system, are strongly idealized, and are extremely simple. DNNs prima

facie look nothing like toy models. For example, we usually consider DNNs to

be extremely complex rather than extremely simple. However, this character-
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ization of toy models is not functional: it focuses on the core features of toy

models. When Sullivan (2024) says that the DNNs “used in science function

as highly idealized toy models” (my emphasis), she has in mind a functional

characterization of models. DNNs “function representationally and epistemi-

cally in a similar way as highly idealized toy models do in science” (Sullivan,

2024, p.1446).

Sullivan then explains why toy models and DNNs have the same functions

in science. For her, the main function of toy models is to provide how-possibly

explanations (Sullivan 2022, §2). A how-possibly explanation of why a phe-

nomenon occurs does not offer the actual explanation of why it occurs, but

merely a possible reason why it occurs (Sullivan, 2022, p.112). Since DNNs also

provide how-possibly explanations, they have the same function as toy models

(Sullivan, 2024, §3.3; 2022, §5.1). For example, consider deep patient models in

medicine (Miotto et al. 2016; Sullivan 2022). These models use electronic health

records to predict the probability of having a certain disease. Like toy models,

deep patient models provide a how-possibly explanation. They show that it

is possible to perform accurate disease diagnosis solely based on past medical

records. Like toy models, they do not provide an actual explanation. They do

not tell us, for instance, how a particular patient actually developed a medical

problem. This is why Sullivan thinks that DNNs function like toy models in

science.

While Sullivan’s proposal was motivated by deep patient models, she takes

it to apply globally across science. She talks about DNNs “used in science” and

not just in parts of science (Sullivan 2024, p.1445). So, her proposal entails that

DNNs should provide how-possibly explanations across all sciences.
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3 DNNs in economics

To test Sullivan’s proposal, this section describes how economists use DNNs.2

Economics is an ideal domain for identifying their functions because models

are used for a great variety of tasks there (Morgan and Knuuttila 2012). If

DNNs function like toy models, we should be able to find evidence in economics.

Moreover, several economists have recently reviewed the functions of DNNs in

their subdomains (Korinek 2023; Fernández-Villaverde, Nuño, and Perla 2024;

Dell 2025). This recent literature helps us to identify the two main functions of

DNNs in economics:3

1. Predicting: Economists use DNNs to predict accurately outcomes of

interest.

2. Measuring: Economists use DNNs to measure economic concepts that

they do not directly observe.

We will now examine how economists have utilized DNNs for predicting and

measuring in more depth.

3.1 Predicting

DNNs allow us to model complex nonlinear relations between inputs and out-

puts. In predicting problems, economists are not interested in whether the inputs

explain the outputs, but how well the model predicts the outputs. Empirical

asset pricing is one of the major predicting problems in economics (Gu, Kelly,

2. I refer to DNNs as models in this section for two reasons: i) this is how economists refer
to them and ii) for now, we have not yet questioned this classification.

3. The literature discusses two other functions of DNNs. First, economists use DNNs
as tools to increase their productivity (Korinek 2023). Second, DNNs can be used to find
approximate solutions for complex dynamic economic models (Fernández-Villaverde, Nuño,
and Perla 2024). I excluded these functions because they treat DNNs as instruments rather
than models. So, they do not provide a good test for Sullivan’s proposal. However, these
functions support the general point in this paper: DNNs are instruments, not models.
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and Xiu 2020; Kelly, Xiu, et al. 2023). In fact, economists explicitly recognize

it as such: empirical asset pricing is “fundamentally a problem of prediction”

(Gu, Kelly, and Xiu 2020).

The goal of empirical asset pricing is to accurately predict the future return

on a financial asset such as a company’s stock using past financial data. To find

the optimal model for this task, economists compare how well different models

predict asset returns given a fixed set of inputs. The inputs include various

financial indicators, considered as reliable predictors of asset returns (e.g., the

most recent company’s profits). The early literature utilized linear models, but

Gu, Kelly, and Xiu (2020) pioneered the use of machine learning (including

DNNs). In their study, Gu, Kelly, and Xiu (2020) use a dataset that contains

asset returns for almost 30000 stocks for the period 1957-2016 and over 900

predictors (§2.1).

Their analysis compares six models: linear models, linear models estimated

with penalized least squares, linear models after dimensionality reduction, gen-

eralized linear models, tree-based models, and DNNs. They find that DNNs and

tree-based models significantly outperform traditional models in terms of out-of-

sample predictions (Tables 1 and 5). These findings sparked a large literature,

in which DNNs have become arguably the most popular model for empirical

asset pricing (Kelly, Xiu, et al. 2023). More recently, economists have also

started utilizing DNNs to process alternative data sources that they could not

use before. For example, they have used text data instead of standard financial

indicators as predictors in empirical asset pricing (Lopez-Lira and Tang 2024).

These examples show how economists have successfully utilized DNNs for the

goal of predicting.

Unfortunately, predicting problems are relatively uncommon in economics.

Many economists view this as the main obstacle to the broader use of DNNs
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(Mullainathan and Spiess 2017). After recognizing DNN’s great ability to pre-

dict, Gentzkow, Kelly, and Taddy (2019) say: “In many social science studies,

however, the goal is to go further”. What they mean is that economists usually

do not want just to predict a variable, but to estimate causal effects or design

policy interventions. The fact that DNNs excel at predicting does not help with

more conventional problems in economic research.

3.2 Measuring

But if pure predicting problems are rare in economics, why have economists

recently got so excited about DNNs (Dell 2025; Korinek 2023)? The reason is

that they have found new ways of utilizing DNNs’ predictive capabilities to solve

more conventional problems. Specifically, economists have started thinking of

DNNs as methods for measuring rather than just predicting (see also Tal 2017a;

Mussgnug 2022). Measuring is more demanding than predicting because it not

only requires that a DNN predicts an output well but also that the predicted

output is connected to a measurement of an economic concept.

Thinking of DNNs as excelling at measuring rather than predicting has al-

lowed economists to solve more conventional problems in their domain. An

economist can first use a DNN to measure an economic concept and then use

this newly measured concept to resolve such a problem. Dell (2025) expressed

this insight clearly:

[DNNs] impute low-dimensional structured data from unstructured

texts or images ... This structured data is then used for causal or

descriptive analyses

We can identify two steps in the workflow of economists who use DNNs for

measuring. First, they use a DNN to measure an economic concept using un-

structured data. We can call this step the measuring step. Second, they utilize
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the economic concepts in a more standard “causal or descriptive analysis” such

as estimating a treatment effect. We can call this step the analysis step. The

two-step procedure is crucial for understanding why economists have started

using DNNs for measuring economic concepts.

3.2.1 Case study: measuring crop residue burning

We will now examine in more depth a case study of how two-step procedure

works: Jack et al. (2025). The authors study how to reduce crop residue burn-

ing in India. After harvesting their field, Indian farmers often burn their crop

residue to reduce the waiting period between harvests. The trouble is that this

practice is a major source of air pollution, which has various negative health

consequences (Ghude et al. 2016). This is why Jack et al. (2025) conducted a

randomized controlled trial that evaluated two policies aimed at reducing crop

residue burning in Indian villages. The policies provided cash transfers to farm-

ers on the condition that they refrained from crop residue burning. A farmer

would receive a transfer only after the economists have verified that she had not

burnt her fields.

The economists randomly assigned the participating farmers to three groups.

First, the control group received no transfer. Second, the first treatment group

received the whole transfer only after the economists had successfully examined

the farmers’ fields following the harvest and verified that no burning has oc-

curred. Third, the second treatment group received the first part of the transfer

unconditionally before the harvest and the second part conditionally after the

harvest, following verification.

The main data collection challenge was verifying if a farmer had burned

their fields after the harvest (Jack et al, 2025, pp.44-46). It was not practically

feasible for the local researchers to visit each farmer and confirm if burning
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had occurred. The reason is that the researchers did not know when a farmer

would decide to harvest. If the researchers visited a farmer’s fields too early, the

harvest would not have yet been collected, so they would not be able to check

for crop residue burning. If they visited the fields too late, the evidence for

burning might already have disappeared. This was because any evidence from

crop residue burning was quick to disappear. Figure 1 illustrates this fact. It

shows satellite images of a field that was burnt on November 4. The evidence

from crop burning had almost disappeared within a few days. There was a very

short window in which crop residue burning could be verified.

Figure 1: Satellite images of a field burnt to remove crop residue on November 4.
Source: Walker et al. (2022), i.e., the data companion paper to Jack et al. (2025).

To tackle the difficulties with verifying crop residue burning, Jack et al. (2025)

used satellite images. These images allowed them to monitor a farmer’s field with

high frequency and avoid missing crop residue burning. They built a dataset

with satellite images that tracked the state of the fields belonging to the par-

ticipating farmers. They then trained a model that predicted if a field showed

burn scars.4 While they predicted burn scars in their models, the burn scars

were then interpreted as measurements of crop residue burning. This inference

assumed that burn scars were due to crop residue burning done by the farmer

and not for any other reason.

4. In their final paper, Jack et al. (2025) did not end up using a DNN for that task, but
a random forest model. However, as they acknowledge in their companion paper (Walker
et al. 2022), they could have used a DNN but found the random forest more convenient in this
particular case. Several other papers in economics that utilize satellite images employ DNNs
instead of random forests for measuring (Jean et al. 2016; Huang, Hsiang, and Gonzalez-
Navarro 2021). The fact that Jack et al. (2025) utilized random forests rather than DNNs
does not invalidate the argument about the functions of DNNs.
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After measuring crop residue burning, Jack et al. (2025) estimated the causal

effect of the two treatments. Their results showed that giving the full cash

transfer after the harvest (the first treatment) did not decrease crop residue

burning. In contrast, giving part of the cash transfer before the harvest (the

second treatment) significantly decreased it.

The study by Jack et al. (2025) maps seamlessly into the two-step procedure

for the workflow of economists who use DNNs for measuring. First, the measur-

ing step involved using satellite images to predict burn scars and then measure

crop residue burning. Second, the analysis step involved using the measurements

of crop residue burning to estimate the causal effect of different interventions.

While in Jack et al. (2025) the measurements from the first step were used for

causal inference in the second step, they could also be used for other purposes

(Balboni, Burgess, and Olken 2025). These studies show how economists have

successfully integrated DNNs into their workflow by using them for measuring.

4 Do DNNs function as models in science?

In this section, I use the case study to argue that DNNs do not function as toy

models (Section 4.1), but as data processing methods (Section 4.2).

4.1 DNNs do not function as toy models

The case study establishes that DNNs have two main functions in economics:

predicting and measuring. In contrast, Sullivan’s proposal entails that DNNs

should be providing how-possibly explanations across all of sciences. The case

study puts pressure on her proposal. DNNs do not share the objectives of toy

models in economics and thus do not seem to function as toy models in science.

We might worry that my argument focuses too much on economics. From
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the fact that DNNs do not function as toy models in economics, it infers that

toy models do not function as toy models in all of science. Perhaps we can

qualify Sullivan’s proposal by saying that DNNs function as toy models in most

sciences. Maybe economics is just an exception, and Sullivan’s proposal still

applies to most sciences. Then, my case study will no longer pose a threat to

her proposal.

DNNs undoubtedly function as models in some sciences. For example, early

convolutional neural networks were biologically inspired, and their predeces-

sors aimed at representing the vision system of living organisms (Lindsay 2021).

However, this fact does not entail that DNNs function as toy models in these sci-

ences. On the functional characterization, whether they function as toy models

depends on how they are used. The problem is that DNNs seemed to be used for

different functions than toy models. For example, Buchholz and Grote (2023)

and Mussgnug (2022) show that they are used for predicting and measuring

rather than how-possibly explanations in social sciences outside of economics.

At best, Sullivan’s proposal holds outside social sciences, but it definitely does

not hold across all sciences.5

4.2 DNNs do not function as data models

If DNNs do not function as toy models, is there another model type that can

accommodate their functions in economics? One plausible candidate is data

models (Suppes 1962; Harris 2003; Leonelli 2019; Bokulich and Parker 2021).

Data models are “arrangements of data that are evaluated, manipulated and

modified with the explicit goal of representing a phenomenon” (Leonelli 2019,

p.2). In other words, data models are transformations of data whose function

5. DNNs seem to be used for functions unrelated to how-possibly explanations in natural
sciences as well. This seems to be the case for the life sciences (Lawrence et al. 2026) and
physics (Stoll 2025).
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is to represent a phenomenon. Kepler’s laws are an example of a data model

(Harris 2003). Kepler used data on the position of the planets over time, to

which he applied curve-fitting methods. The data models were the final elliptic

curves that represent planetary orbits. However, data models need not be sta-

tistical (Leonelli 2019). They could be images that are processed with the aim

of representing the traits of plants in biology or galaxies in astronomy.

Predicting and measuring also seem to be among the functions of data mod-

els. When we predict an output, we manipulate data to represent a feature of

our target system. In empirical asset pricing, the objective is to represent future

asset returns, which are features of the target system (the financial markets).

When we measure an economic concept, we are using data to represent an unob-

served feature of our system. Jack et al. (2025), for example, aim to determine

whether a field has undergone crop residue burning. For them, crop residue

burning is the represented feature of the target system. Since data models can

be used for predicting and measuring, DNNs in economics seem to function as

data models.

However, notice that DNNs are not arrangements of the data, but the method

that arranges the data. The DNNs are a data processing method rather than

a data model. Data processing methods are the methods used to transform a

data input into another data output.6 To see the difference between data models

and data processing methods, suppose we have a sample of heights of people

drawn from a given population. We can use the method of taking the average to

calculate the average height. Here the average height is an arrangement of our

data and could be taken as a representation of a feature of the target system,

i.e., the expected height in the population. Average height is a data model

6. Leonelli (2019, pp.22-23) understands data processing procedures differently. For her,
such procedures aim to constrain the set of knowledge claims that we can infer from a dataset.
In contrast, I understand data processing methods as the specific methods used to analyze
data. They are what connect the data input and data output.
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whereas taking the average is a data processing method.

Data models are arrangements of data whose function is to represent. They

come after we have applied data processing methods to our data. On the other

hand, the function of data processing methods is to arrange the data so that

the output can be a data model. The crucial difference between data processing

methods and data models is that the former is not necessarily representational.

The method of taking the average on its own does not represent any physical

objects, but is a mechanical procedure applied to the data. This is in contrast

to data models, whose function is to represent.

This idea suggests that DNNs function as data processing methods rather

than data models in economics. When we use financial data to represent future

asset returns, the data model is the predicted future asset returns. Similarly,

when we use satellite images to detect burn scars, the data model is a binary

variable indicating if crop residue burning has occurred. In both cases, the

DNN is the method used for processing the satellite images that outputs the

data models.

5 DNNs as measuring instruments

The previous section suggests that DNNs do not function as data models or

toy models, but as data processing methods. As used in economics, DNNs seem

more akin to investigative instruments such as thermometers and telescopes than

to standard model types.7 This raises the question of whether DNNs are models

or instruments. The answer to this question would require us to abandon the

functional characterization of models. While that characterization helped us to

identify the functions of DNNs in economics, it cannot tell us if they are models

7. Mitchell (2020) offers a complementary argument that reaches a similar conclusion using
a case study from biology.
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or instruments. This is why this section leaves aside the functional characteri-

zation and directly examines the more fundamental question of whether DNNs

are models or instruments.

One difficulty with addressing this question is that certain models do func-

tion as measuring instruments. For example, a model of a real pendulum can

function as a measuring instrument: it can be used to measure gravitational

acceleration (Morrison 1999). However, not all measuring instruments are mod-

els: a thermometer is a measuring instrument that is not a model (Morrison

and Morgan 1999, p.25). This insight suggests how we can rephrase the orig-

inal question so that it becomes more manageable. Are DNNs i) models that

function as measuring instruments or ii) measuring instruments that are not

models?

We can answer this new question by examining a domain that clearly distin-

guishes between measuring instruments and models. The philosophy of measure-

ment provides such a domain (Tal 2017a, 2017b, 2020; Boumans 2012; Mussgnug

2022). If DNNs are more akin to what philosophers of measurement call models,

then they are models. If they are not, they are measuring instruments.8

To understand how philosophers of measurement distinguish measuring in-

struments and models, we need to introduce Erin Tal’s distinction between in-

strument indications and measurement outcomes (2017a, p.235; 2017b, pp.34-

35). Instrument indications are the properties of measuring instruments that

we directly observe at the end of a measurement process. They could be the

level of mercury in a thermometer or the digits displayed on a digital clock.

8. Mussgnug (2022) was the first to draw the connection between philosophy of measure-
ment and DNNs used in social science. While I agree with his general framework, his discussion
is not always clear about whether DNNs are what philosophers of measurement call models
or instruments. At first, he understands DNNs as measurement models that function as mea-
suring instruments and provide instrument indications (p.13). Later, however, he considers
them as models that deliver measurements (p.15). Consequently, we cannot use his argument
to answer the main question in this section.
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In these cases, the thermometer and the clock are the measuring instruments

whose properties are the instrument indications. On the other hand, measure-

ment outcomes are the quantities whose values we actually want to measure.

They could be the exact boiling point of a liquid or the time it took to reach

that boiling point. The measurement outcomes are unknown properties of the

object that we are trying to measure.

It is not always straightforward to relate an instrument indication to a mea-

surement outcome. Instrument indications are properties of the measuring in-

strument, whereas measurement outcomes are properties of the object we study.

Suppose we have instrument indications of the same quantity from five different

measuring instruments. How can we extract the true measurement outcome

from them? This is exactly where models enter philosophy of measurement

(Tal, 2020, §7; Boumans, 2012, pp.414-415). They map instrument indicators

into measurement outcomes. They tell us how to combine the five instrument

indications to derive a single measurement outcome under certain assumptions,

such as the reliability of the different instruments. If five thermometers deliver

different instrument indications of the boiling point of a liquid, we can use a

model to determine the true boiling point, i.e., the measurement outcome.

While measuring instruments deliver instrument indications, models map

these instrumental indications into measurement outcomes. Given this distinc-

tion, we can see why DNNs, as used in economics, are more akin to measuring

instruments. In the case of measuring crop residue burning, the objective was

to determine if crop residue burning had occurred in a field. Jack et al. (2025)

took burn scars as evidence for crop residue burning. The burn scars predic-

tions from the DNNs were the instrument indications, and residue crop burning

was the measurement outcome. Since the DNN was used to predict burn scars

given images of the fields, it was a measuring instrument rather than a model.
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The model here tells us how to use the images with predicted burn scars on a

field to determine whether crop residue burning has occurred. The same verdict

holds for empirical asset pricing. There, the DNN provided a number indicating

asset return. To come up with the best possible forecast for the future as-

set returns (i.e., the measurement outcome), financial economists would usually

combine the instrument indication with other information, such as predictions

from other sources, or the DNN’s reliability. It thus seems that we can only

accommodate economists’ use of DNNs if we understand DNNs as measuring

instruments. This insight supports the idea that DNNs are measuring instru-

ments rather than models.

6 Conclusion

The scientific practice of economists suggests that DNNs do not function as the

common model types. Instead, they seem to be measuring instruments rather

than models. This conclusion has important implications for the legitimate

philosophical questions that we can ask about the use of DNNs in science. Con-

sider the question of whether DNNs provide scientists with an understanding

of the target system. What is the right account of understanding to use (Boge

2022; Sullivan 2022; Kieval and Westerblad 2024)?

Philosophers of science distinguish between explanatory understanding and

pragmatic understanding (De Regt and Dieks 2005; Stuart 2025). According to

explanatory understanding, a scientist understands a phenomenon if she pos-

sesses an explanation of why it occurs. If a scientist can explain why the planets

revolve around the sun, she has explanatory understanding of this phenomenon.

On the other hand, pragmatic understanding states that a scientist understands

a particular system if she has the ability to analyze or intervene on this system

to achieve her objectives. If a scientist knows how to predict the future posi-
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tions of the planets in the solar system, she has a pragmatic understanding of

the system.

The fact that DNNs are measuring instruments suggests that scientists using

DNNs gain a pragmatic understanding of a system.9 The reason is that measur-

ing instruments (other than models) do not generally provide explanations, but

still allow scientists to analyze a system to achieve their objectives. So, DNNs

provide pragmatic understanding rather than explanatory understanding. We

can thus see how our characterization of DNNs as measuring instruments sheds

light on an important philosophical question about DNNs.

9. This conclusion supports the positions of Kieval and Westerblad (2024) and Stuart (2025)
and objects to Sullivan (2022).
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