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Introduction

Neural networks are a class of machine-learning algorithms
inspired by the structure of the nervous system.! An important
result underlying the utility of neural networks is the universal
approximation theorem, which states that there exists a sequence
of neural network that can closely approximate any smooth
function. Practically, this result means neural networks provide a
way to more flexibility model data relative to tools more familiar
to epidemiologists (eg, generalized linear models [GLMs]). Despite
their popularity, how neural networks operate can be mysterious.
Here, we review the basics of neural networks.

Motivating problem

Consider predicting high-density lipoprotein cholesterol (ie, Y)
given the following covariates: age (years; Xi), gender (male,
female; X5), body weight (kilograms; X3), and height (centimeters;
X4). Data from the National Health and Nutrition Examination
Survey 2017-2018 are used and restricted to complete cases
18 years or older (n = 5092).

Neural networks

Three components define a neural network: structure, activation
functions, and loss function.

Structure

A neural network is a graph consisting of nodes (or neurons)
connected by directed edges. Nodes are nested within layers,
with layers being divided into an input layer, hidden layer(s), and
an output layer. The input layer consists of the predictors (ie,
X1,X5,Xs,X4). Hidden layers are intermediates between the input
and output. The structure of the hidden layers (eg, number of
nodes, number of hidden layers) is specified by the analyst. Finally,
the output layer returns the predicted outcomes. Here, the output
layer is a single node. Neural networks are often referred to by
their number of hidden layers (eg, a 3-layer neural network has 2
hidden layers, with the output being the third layer). Each edge in
a network is associated with a “weight.”

Inputs flow through the layers (Figure 1). Inputs from nodes
that directly point to a node are combined using a weighted sum,
using the edge’s associated weight. To this weighted sum, another

value called “bias” is added. This value is then transformed via an
activation function (discussed next). For intuition, each node can
be thought as a GLM, where the inputs from the previous layer
are the independent variables, bias is the intercept, weights are
the coefficients, and the activation function is the link function.
The transformed value becomes the input to the next layer.
Therefore, one can view a neural network as a multistage regres-
sion model, where regression models feed into other regression
models. Because weight and bias have a multitude of meanings in
epidemiology, these are referred to as parameters hereafter.

Activation functions

Activation functions are akin to the link function in a GLM.
Some activation functions familiar to epidemiologists include the
identity and logistic (ie, sigmoid) functions. However, there is a
variety of activation functions without a GLM equivalent, such as
the rectified linear unit (Appendix S1). Selection of an activation
function for the output layer shares a similar motivation to the
GLM link functions (ie, using a logistic function for a binary out-
come), but the motivation for hidden layers differs. Hidden layers
use nonlinear activation functions. By using nonlinear activation
functions, a neural network can be used to model nonlinear
relationships between predictors and the outcome without the
analyst having to explicitly specify those relationships.

Loss function

The loss function is used to judge the quality of predictions.
Specifically, the discrepancy between predicted and observed out-
comes is summarized as a single value (Appendix S2). In general,
the smaller the value, the better the predictions. Two common
loss functions are mean squared error (MSE), often used for con-
tinuous outcomes, and cross-entropy, often used for categorical
outcomes.

Fitting a neural network

Once the 3 components are determined, the parameters that
minimize the loss function can be searched for (referred to as
“training”). This process is like maximum likelihood estimation
(MLE), where the parameters of a model are estimated by max-
imizing the likelihood function (equivalent to minimizing the
negative likelihood function). Like MLE, a variety of algorithms

Received: April 17, 2024. Accepted: September 19, 2024

© The Author(s) 2024. Published by Oxford University Press on behalf of the Johns Hopkins Bloomberg School of Public Health. All rights reserved. For

permissions, please e-mail: journals.permissions@oup.com.

G20z Jequiadaq B0 UO Jasn sjeuas 1daq suoisinboy Aq 089¥082/€ .1 1/9/6 L/a[one/ale/woo"dno-olwapeoe//:sdpy oy papeojumoq


https://orcid.org/0000-0002-9932-1095
https://orcid.org/0000-0002-1510-8175


-2419 13841 a -2419 13841 a
 
mailto:zivich.5@gmail.com
mailto:zivich.5@gmail.com
mailto:zivich.5@gmail.com
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae380#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae380#supplementary-data

1474 | American Journal of Epidemiology, 2025, Volume 194, Number 6

Input layer

Hidden layer

a(z)
g+ o Xy + awXs

Output layer

a(z)

Yo+ Hy + v Hs

Figure 1. Schematic diagram of information flow through a neural network. The variable «, 8, and y are parameters of the neural network; and a(z)
represents the activation function. Note that the intercept or bias term is not traditionally depicted as a node or with arrows in neural networks.
Therefore, the number of parameters in a neural network is the (N1 + 1) + >,y (N + 1), where Ny is the number of nodes in the input layer, H is the
set of different hidden layers, and Nj, is the number of nodes in the h hidden layer.

can be used. However, neural networks face challenges that are
less prominent in MLE.

First, there are often multiple minima for a given neural net-
work (referred to as a nonconvex loss function). To see why,
consider a set of parameters that minimized the loss function for
the neural network in Figure 1, denoted as &, B, $. If we swap & with
B (where & # ﬁ) and y; with §,, the reversed parameters result
in the same loss. Therefore, at least 2 minima exist. Worse, some
minima can be local (ie, smaller than other nearby parameters)
instead of global (ie, smaller than all other feasible parameter
values). Second, fitting neural networks with many parameters is
computationally complex. Third, neural networks tend to overfit
to the training data, particularly those with complex architec-
tures. To overcome these issues, standard practice is to use algo-
rithms that are less liable to become stuck in local minima and
to randomly drop parameters or use out-of-sample predictions
to reduce overfitting.? These techniques are provided in software
such as Torch and TensorFlow.

Application

We now apply different neural networks to the motivating prob-
lem. Neural networks were built from scratch in Python, version
3.9.4, and R, version 4.1.0. All neural networks used the MSE loss
function. For didactic purposes, we used the Nelder-Mead algo-
rithm to estimate the parameters (not recommended in practice).

One-layer neural network

Consider how a linear regression model can be expressed as a 1-
layer neural network, also referred to as a perceptron. This neural
network consists of only input and output layers with the identity
activation function (Figure 2A). After fitting this neural network
(loss: 9.94 x 10°), the intercept was 3.330 and the coefficients were
0.087, 11.899, —0.225, and 0.348 for age, gender, body weight, and
height, respectively. When comparing with a GLM, the parameter
estimates were equivalent.

Two-layer neural network

To highlight how neural networks are more flexible, consider the
neural network in Figure 2B, which consists of 1 hidden layer
and is fully connected (ie, all possible directed edges between

layers are present). To allow for nonlinear relationships, nodes in
the hidden layer used the leaky rectified linear unit activation
function. The activation function for the output node was the

Input Hidden

Output

Figure 2. Neural networks used to compute predicted values for
high-density lipoprotein cholesterol based on age, gender, height, and
weight. A) A 1-layer neural network, also known as a perceptron, with 5
parameters. B) A 2-layer neural network with 13 parameters. C) A 3-layer
neural network, also sometimes referred to as a deep neural network,
with 20 parameters. Note that the intercept or bias term is implicit in
these diagrams. In general, the intercept is not depicted by a node or
with arrows.
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identity function. When fitting this neural network with starting
values for the minimization process drawn from Uniform (-5, 5),
the evaluated loss was 9.97 x 10° in Python and 1.05 x 10° in R.
When using a different random draw, a smaller loss was observed
(Python: 9.94 x 10%; R: 1.00 x 10°). This difference by starting values
highlights the importance of using an optimization algorithm that
can effectively search the parameter space.

Three-layer neural network

Finally, consider a neural network with 2 hidden layers that are
not fully connected (Figure 2C). Neural networks consisting of
many layers are also referred to as deep neural networks. Here,
the first hidden layer prioritizes variations between body weight
and gender, and body weight and height, because these might be
thought to have important interactions. This example highlights
that substantive knowledge can be encoded into the structure of
a neural network. The evaluated loss was 9.73 x 10° in Python
(0.98 x 10° in R), which was the best-performing neural network
considered. However, the estimated parameters of either multi-
layer neural network may correspond to a local minimum, due to
the fitting procedure used (ie, better predictions may be possible).

To summarize, the multilayer neural networks performed bet-
ter than GLM in terms of MSE. Although specifying a more flex-
ible GLM (eg, adding interaction terms, splines) might improve
performance, the neural network does not require adding splines
or interactions. Instead, a neural network with hidden layers
and nonlinear activation functions can approximate many of
these transformations without direct specification. Furthermore,
transformed terms for the GLM could also be provided as inputs
to the neural network, allowing for variations beyond our speci-
fications. This flexibility may bolster one’s confidence in model
specification but should still be tempered in light of statistical
tradeoffs.?

Conclusions

Neural networks are a flexible tool for prediction. The neural
networks presented here were basic in structure. In practice,
neural networks can consist of hundreds of nodes or dozens of
layers. Their structure can also be adapted in numerous ways
(eg, recurrent neural networks, variational autoencoders).! A list
of additional readings is provided in Appendix S3. Despite this
diversity, the previous ideas carry across extensions. Neural net-
works can also be used for causal effect estimation, but there
are additional statistical concerns. These issues are reviewed
in-depth elsewhere.® For the practicing epidemiologist, neural
networks offer a flexible alternative for modeling. However, one
should recognize that neural networks are not uniformly better
than parametric models. To capitalize on their flexibility, many
observations are needed for fitting. So, improvements over para-
metric models are less likely for small sample sizes. Also, neural
networks can easily overfit. Finally, constraints on computational
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resources pose a practical limitation. Regardless of the tradeoffs,
one does not need to choose between applying regression or neu-
ral networks. Instead, ensemble methods can combine multiple
predictive algorithms.* Nevertheless, none of these tools obviates
the need for background information (eg, variables considered),
consideration of systematic errors (eg, missing data, measure-
ment error), or best practices for predictive functions.

Supplementary material

Supplementary material is available at the American Journal of
Epidemiology online.
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