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Abstract

In this paper we study neural networks and their approximating power in
panel data models. We provide asymptotic guarantees on deep feed-forward
neural network estimation of the conditional mean, building on the work of
Farrell et al. (2021), and explore latent patterns in the cross-section. We use
the proposed estimators to forecast the progression of new COVID-19 cases
across the G7 countries during the pandemic. We find significant forecasting
gains over both linear panel and nonlinear time-series models. Containment
or lockdown policies, as instigated at the national level by governments, are
found to have out-of-sample predictive power for new COVID-19 cases. We
illustrate how the use of partial derivatives can help open the “black box” of
neural networks and facilitate semi-structural analysis: school and workplace
closures are found to have been effective policies at restricting the progression of
the pandemic across the G7 countries. But our methods illustrate significant
heterogeneity and time variation in the effectiveness of specific containment
policies.
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1 Introduction

Panel data models are widely used in economics and finance. They combine both
cross-sectional and time-series data. One important advantage of panel data over
time-series methods (see, for example, Chapters 26 and 28 of Pesaran (2015)) is
their ability to control for unobserved heterogeneity both in the temporal and in the
longitudinal dimensions. One can then approximate this latent individual hetero-
geneity through identifiable effects that are otherwise non-detectable in traditional
time-series data sets. There are several ways to model and control for individual
heterogeneity in linear panel data models: the random effects estimator (see, for
example, Balestra and Nerlove (1966)), the fixed effects (within) estimator (see, for
example, Mundlak (1961, 1978)), and the Swamy (1970) estimator. Alternative ways
to model individual heterogeneity in linear models are found in Hsiao (1974, 1975),
with a thorough discussion in Hsiao and Pesaran (2004, 2008) and Part VI of Pesaran
(2015).

The work summarized above focuses on linear heterogeneous panel data models.
However, the importance of nonlinearity has attracted increased interest in the lit-
erature. Notable contributions are Fernández-Val and Weidner (2016), who adapt
the analytical and jackknife bias correction methods introduced in Hahn and Newey
(2004) to nonlinear models with additive or interactive individual and time effects,
and Chen et al. (2021), who address estimation and inference in general nonlinear
models using iterative estimation. Hacıoğlu Hoke and Kapetanios (2021) provide
an approach for estimation and inference in nonlinear conditional mean panel data
models in the presence of cross-sectional dependence. Jochmans (2017) develops
the asymptotic properties of GMM estimators for models with two-way multiplica-
tive fixed effects, while Charbonneau (2013) considers a logit conditional maximum
likelihood approach to investigate whether existing panel methods for eliminating a
single fixed effect can be modified to eliminate multiple fixed effects.

In this paper we also focus on the estimation of nonlinear panels. We propose the
use of a novel machine learning (ML) panel data estimator based on neural networks.
To help delineate the contributions of this paper and the empirical application that
we consider, we first provide a high-level summary of the current literature on ML.
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Statistical ML is a major interdisciplinary research area. In the last decade, ML
methods have been incorporated, in various forms, across the natural, social, medical,
and economic sciences, leading to significant research outputs. There are two main
reasons for such widespread adoption. First, ML methods and specifically neural
networks, the focus of this paper, have been found to forecast well, specifically with
high-dimensional data sets. Second, they have great capacity to uncover potentially
unknown and both highly complicated and nonlinear relationships in the data. In
conjunction with the increased availability of high-dimensional data sets, and pol-
icymakers’ understandable desire for accurate forecasts, considerable attention has
been paid to ML.

Studies have shown that feed-forward neural networks can approximate any con-
tinuous function of several real variables arbitrarily well; see, for example, Hornik
(1991), Hornik et al. (1989), Gallant and White (1992), and Park and Sandberg
(1991). Other nonparametric approaches, for example, splines, wavelets, the Fourier
basis, as well as simple polynomial approximations, have the universal approximation
property, based on the Stone–Weierstrass theorem. However, it has been convinc-
ingly argued that neural networks outperform them in prediction (see, for example,
Kapetanios and Blake (2010)).

More recent work by Liang and Srikant (2016) and Yarotsky (2017, 2018) con-
siders feed-forward neural networks as approximations for complex functions that
accommodate multiple layers, provided sufficiently many hidden neurons and layers
are available. Other examples, like Bartlett et al. (2019), provide the theoretical
framework for neural network estimation, while Schmidt-Hieber (2020) focuses on
the adaptation property of neural networks, showing that they can strictly improve
on classical methods. If the unknown target function is a composition of simpler
functions, then the composition-based deep net estimator is superior to estimators
that do not use compositions. Lastly, the recent work of Farrell et al. (2021), build-
ing on the work of Yarotsky (2017) and Bartlett et al. (2019), studies deep neural
networks and considers their use for semi-parametric inference.

In this paper we focus on nonlinear panel data models, where the source of non-
linearity lies in the conditional mean. Our contribution to the literature is as follows.
We propose a ML estimator of the conditional mean, E(yit|xit), based on neural net-
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works and explore the idea of heterogeneity in a nonlinear panel model by allowing
the conditional mean to have a panel – common nonlinear component – as well as a
nonlinear idiosyncratic component. We base our theoretical results mainly on Far-
rell et al. (2021), expanding their contribution to a panel data framework. We also
find evidence of the double descent effect, whereby complex models can perform well
without the need for explicit regularization (see Hastie et al. (2022) and Kelly et al.
(2022), as well as Remark 5 below).

We use the new deep panel data models to forecast the transmission of new
COVID-19 cases during the pandemic across a number of countries. We consider the
G7 countries. In contrast to theoretical epidemiological models that may be specified
incorrectly, our proposed neural network models are flexible reduced-form models.
They let the data determine the path of new infections over time, by modeling this
path as dependent on the lagged levels of the number of infections. By comparing
the models against a deep (nonlinear) time-series model that does not aim to ex-
ploit cross-country dependencies, we test whether pooling data across countries has
benefits when forecasting new COVID-19 cases. We find that it clearly does. Impor-
tantly, our model also captures the nonlinear features of a pandemic, particularly in
its early waves.

Neural networks have great capacity to approximate complicated nonlinear func-
tions and have been found to forecast well. But they are frequently criticized as
non-interpretable (of being a “black box”), since they do not offer simple summaries
of relationships in the data. Recently, a number of papers have tried to make ML
output interpretable; see, for example, Athey and Imbens (2017), Wager and Athey
(2018), Belloni et al. (2014), Joseph (2019), Chronopoulos et al. (2023), and Kapetan-
ios and Kempf (2022).

In this paper, given the many but contrasting (across time and countries) contain-
ment or social-distancing policies instigated to moderate the path of the COVID-19
pandemic, we use our model to shed light on the relative effectiveness – across time
and across the G7 countries – of these policies at lowering the number of new COVID-
19 cases. We do so by exploring how the use of partial derivatives, calculated from
the output of our proposed neural network, can help examine the effectiveness of
policy. We examine the derivatives over time and find that some, but not all, con-
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tainment policies were effective at lowering new COVID-19 cases. These policies
tended to be more effective two to three weeks after the policy change. There is
also considerable heterogeneity across countries in the effectiveness of these policies.
Policy, as a whole, was somewhat less effective in Italy, and was more effective in
Japan in late summer 2022, later than in the other G7 countries.

The remainder of the paper proceeds as follows. In Section 2 we introduce our
main theoretical results: we discuss non-asymptotic bounds for a (potentially het-
erogeneous) neural network panel estimator based on a quadratic loss function. In
Section 3, we discuss both methodological and implementation aspects of the pro-
posed methodology. We undertake the modeling and forecasting of new COVID-19
cases, and the assessment of the effectiveness of containment policies, in Section
4. Section 5 concludes. We relegate to the online appendix additional forecasting
results, data summaries, and further discussion of the prediction evaluation tests
used.

2 Theoretical considerations: The deep neural panel
data model

Let yit be the observation for the ith cross-sectional unit at time t generated by the
following panel data model:

(1) E (yit|xit) = h̃i (xit) , i = 1, . . . , N, t = 1, . . . , T,

where {xit} = {(xt,1, . . . , xt,p)′} is a p-dimensional vector of regressors, belonging
to unit i, and h̃i(·) are unknown functions that will be approximated with neural
networks. Throughout, we abstract from unconditional mean considerations, for
simplicity, by assuming E(yit) = 0. This can be achieved by simple unit-by-unit
demeaning of the dependent variable. Therefore, the model we entertain is given by:

(2) yit = h̃i (xit) + εit,
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where εit is an error term. Next, we provide a crucial decomposition to justify the
use of a panel structure. We assume that h̃i (xit) can be decomposed as follows:

(3) h̃i (xit) = h (xit) + hi (xit) ,

where the function h(·) is the common component of the model, and is our main
focus of interest, and hi (xit) are idiosyncratic components that will also be approx-
imated with neural networks. Assumptions needed for the identification of h(·) will
be given below. The main motivation for this decomposition is the familiar linear
heterogeneous panel data model, which takes the form:

(4) yit = x′
itβi + εit = x′

itβ + x′
itηi + εit,

where E(ηi|xit, εit) = 0. Equation (4) allows coefficients to vary across individual
units. We wish to consider and analyze a nonlinear extension of this heterogeneous
panel data model.

The next step of our proposal involves approximating h(·) and hi(·) with neural
network functional parameterizations, given by g (·;θ). Here, the functional form is
known up to the parameter vector θ, which is a vector of ancillary parameters, such
as network weights and biases. More details on the choice of g (·;θ) and the role of
various neural network parameters will be provided in Section 3 below. Therefore,
we parameterize (3) by proposing the following panel model:

(5) yit = g
(
xit;θ

0
)
+ g

(
xit;θ

0
i

)
+ εit,

where θ0and θ0
i denote the values of the parameters that best approximate h and hi,

respectively (see (3)), in a sense to be defined below.
It is useful to draw some parallels between (4) and (5). We note that most

multi-layer neural network architectures have a final linear layer given by:

g
(
xit;θ

0
)
= θ0′

Lf (xit) ,

where f is a vector of known functions that form part of the neural network archi-
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tecture and L denotes the number of network layers. Then, it follows that we have
a linear representation, in f and f i, of the form:

(6) yit = θ0′
Lf (xit) + θ0′

i,Lf i (xit) + εit,

which is reminiscent of (4) and thus provides a clear rationale for our nonlinear
extension of it.

Furthermore, it provides a rationale for thinking that θ0
i plays a role similar to

that of the idiosyncratic coefficients, ηi, of the linear model. Of course, one can
use a different network architecture for the panel and idiosyncratic components, but
for simplicity we keep the same structure. The model above encompasses a variety
of nonlinear specifications. It is also worth emphasizing that the dimension of the
regressor vector could be very large. So it is conceivable that each xit contains re-
gressors from other cross-sectional units, allowing for complex nonlinear interactions
across units. In the limit, each unit could have (x1t, . . . ,xNt) as the regressor vector.

Next, we consider the conditions needed to identify h(·). We require certain def-
initions. First, we define εit ≡ yit − h (xit) − hi (xit) and uit = hi (xit) + εit, where
the latter is in analogy to the usual composite error term for the linear heteroge-
neous panel model, given as x′

itηi+ εit. The assumption below generalizes the usual
identification assumption on ηi made in linear heterogeneous panel models.

Assumption 1 For all i = 1, . . . , N, t = 1, . . . , T

1. For some positive constant C, we assume that h(·) in (7) below is bounded,
such that ∥h∥∞ ≤ C. hi is bounded similarly to h.

2. {uit} is independent and bounded across i.

3. E[uit|h (xit)] = 0.

This assumption enables separation of h(·) and hi(·) when panel pooled estimation
is carried out. For neural network estimation, much stricter assumptions will be
needed. In particular, the second part of the assumption is justified in view of
our later assumption that h(·) and hi(·) can be well approximated by neural network

7



architectures and the linear aspect of neural networks discussed in (6) as it is similar,
in functionality, to assuming that E(ηi|xit) = 0.

Next we align our discussion with Farrell et al. (2021). The overall goal of neural
network estimation in Farrell et al. (2021) is to estimate an unknown smooth function
h(·) that maps covariates, X, to an outcome (T × N) matrix Y , by minimizing a
loss function g∗ (Y ,X;θ) with respect to the parameterization θ of a neural network
function g

(
·;θ0

)
. Formally,

(7) h = argmin
θ

E [g∗ (Y ,X;θ)] .

This is a minimization of a population quantity and assumes that the true function
h(·) is the unique solution of (7). Note that while Farrell et al. (2021) do not specify
a true function h(·), we take a further step and assume that the true functions in (3)
coincide with the unique solutions of (7). We do not specify Y and X further, since
we will apply this general estimation strategy both to get a panel-based estimate of
h(·) and estimates of hi(·) via unit-specific estimation.

For now, we present further sufficient general conditions on h(·) and g∗ (Y ,X;θ)

in order for our results to hold. We require the following assumptions:

Assumption 2 For some constant Cg∗ > 0, we assume that g∗ (Y ,X;θ) satisfies:

sup
Y ,X

|g∗ (Y ,X;θ1)− g∗ (Y ,X;θ2)| ≤ Cg∗ ∥θ1 − θ2∥ , for Frobenius norm ∥·∥ .

Assumption 3 Consider a Hölder space Wb,∞([−1, 1]d), with b = 1, 2, . . ., where
Wb,∞([−1, 1]d) is the space of functions on [−1, 1]d in L∞, along with their weak
derivatives. Recall h in (7), we assume that h lies within Wb,∞([−1, 1]d), with a
norm in Wb,∞([−1, 1]d):

(8) ∥h∥Wb,∞([−1,1]d) = max
a:|a|≤b

ess sup
x∈[−1,1]d

|Dah(x)| ,

where a = (a1, a2, . . . , ad) ∈ [−1, 1]d, |a| = a1 + a2 + · · · + ad and Dah is the
corresponding weak derivative.
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Remark 1 In Assumption 3 we state a smoothness assumption following existing
theoretical results; see, for example, Farrell et al. (2021) and Yarotsky (2017, 2018).
A more detailed discussion of Hölder-Sobolev and Besov spaces is available in Giné
and Nickl (2015). Assumption 3 holds for both h(·) and hi(·), i = 1, . . . , N.

In our case, and in what follows, we specialize the general framework above by
using a squared error loss function that, for the panel setting, becomes:

g∗ (Y ,X;θ) =
1

NT

N∑
i=1

T∑
t=1

(yit − g(xit;θ))
2 .

In our analysis we use feed-forward neural network architectures with rectified linear
unit (ReLU) activation functions and weights that are unbounded following Farrell
et al. (2021) and the discussion below. Such networks approximate smooth functions
well, as shown in Yarotsky (2017, 2018).

A further assumption is required on the processes {xt,k} and {εit}, for some
k = 1, . . . , p, where p is the number of covariates.

Assumption 4 We assume the following:

1. The rows of X t are i.i.d. realizations from a Gaussian distribution whose p-
dimensional inner product matrix Σ has a strictly positive minimum eigenvalue,
such that Λ2

min > 0 and Λ−2
min = O(1).

2. The rows of the error term εit are i.i.d. realizations from a Gaussian distribu-
tion, such that εit ∼ N(0, σεIN).

3. εit and xit are mutually independent.

Remark 2 Assumption 4 states that the covariate process and the errors are contin-
uous and have all their existing moments while being mutually independent. These
strict assumptions are standard in the neural network literature and useful in order to
continue with the analysis on a more simplified basis. These assumptions are strict.
But it is reasonable to conjecture that results similar to those given below would hold
under weaker conditions.
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Having rewritten the loss function, as squared error loss, with respect to the re-
parameterized panel model in (5), we construct a pooled-type nonlinear estimator,
θ̂, such that:

(9) θ̂ = argmin
θ

g∗ (Y ,X;θ) = argmin
θ∈Rd

1

NT

N∑
i=1

T∑
t=1

[yit − g(xit;θ)]
2 ,

which obeys Assumption 2. Therefore, our estimator of h (xit) is given by g(xit; θ̂).
Then, we proceed to estimate hi (xit) by g(xit; θ̂i), where θ̂i is given by:

(10) θ̂i = argmin
θi∈Rd

1

T

T∑
t=1

[
yit − g(xit; θ̂)− g(xit;θi)

]2
,

for each i, given θ̂ from (9).
Next, we argue that the estimation in (9) can effectively separate h (xit) from

hi (xit) and that the unit-wise second step estimation in (10) can retrieve hi (xit).
We do this by noting the following. Consider the loss function for θ̂ in (9). We have:

1

NT

N∑
i=1

T∑
t=1

[yit − g(xit;θ)]
2 =

1

NT

N∑
i=1

T∑
t=1

[(h (xit)− g(xit;θ)) + hi (xit) + εit]
2

=
1

NT

N∑
i=1

T∑
t=1

[(h (xit)− g(xit;θ))]
2 +

1

NT

N∑
i=1

T∑
t=1

ε2it

+
1

NT

N∑
i=1

T∑
t=1

hi (xit)
2 +

1

NT

N∑
i=1

T∑
t=1

(h (xit)− g(xit;θ))hi (xit)

+
1

NT

N∑
i=1

T∑
t=1

(h (xit)− g(xit;θ)) εit +
1

NT

N∑
i=1

T∑
t=1

hi (xit) εit

=
6∑
j=1

Aj.(11)

Under Assumptions 1–4, terms A2 and A3 converge in probability to positive limits,
while A5 and A6 converge in probability to zero; in fact, both are Op((NT )

−1/2).
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Additionally, under (3), A4 is Op(N
−1/2). Then it immediately follows that the loss

function is minimized when θ = θ0, in view of our identification assumption in (7).
It therefore follows that θ̂ →p θ0 and g(xit; θ̂) →p g(xit;θ

0) = h (xit). This proves
that the best pooled panel neural network approximation coincides with the true
panel function.

Next, we can consider a closely related and, in fact, asymptotically equivalent
minimization problem given by:
(12)

g(xit; θ̂) = argmin
θ∈Rd

1

N

N∑
i=1

[
1

T

T∑
t=1

yit −
1

T

T∑
t=1

g(xit;θ)

]2

= argmin
θ∈Rd

1

N

N∑
i=1

[ȳi − ḡi(θ)]
2

and the associated model with a composite error is:

(13) ȳi = ḡi(θ) + ui, i = 1, . . . , N,

where:

(14) ui =
1

T

T∑
t=1

g(xit;θi) +
1

T

T∑
t=1

εit = ḡi(θi) + ε̄i.

Note that ui obeys Assumption 1.2. Moreover, this setting corresponds to that of
Theorem 1 in Farrell et al. (2021) enabling the use of the rates derived in this theorem.
This analysis is summarized and extended in the following proposition:

Proposition 1 Suppose Assumptions 1–4 hold. Let g(xit; θ̂) be the deep network
estimator defined in (12). Then, for some ψ < 1/2, the following holds:

(15) sup
i,t

∥∥∥g(xit; θ̂)− h (xit)
∥∥∥2

2
= OP (N

−ψ).

The proof of Proposition 1 follows from the proof of Theorem 1 in Farrell et al.
(2021), using the arguments we made above Proposition 1 to recast our panel frame-
work into the one of Farrell et al. (2021), by separately identifying h and hi. In
Proposition 1, we use the results from Theorem 1 of Farrell et al. (2021) to obtain
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an asymptotic rate of convergence for the error in (15). It is clear that this rate of
convergence is not optimal, since ψ < 1/2. We have provided a simplified result com-
pared to Theorem 1 of Farrell et al. (2021). Refinements related to factors such as
the depth and width of the neural network used can be obtained. These are also dis-
cussed in Theorem 6 of Bartlett et al. (2019) and in Lemma 6 of Farrell et al. (2021).
Fast convergence of (15) depends on the trade-off between the number of neurons
and layers and, more specifically, on the parameterization of their relationship, which
controls the approximating power of the network.

We note that, in addition, one can obtain consistency for θ̂i by minimizing the
loss over θi: Li = 1

T

∑T
t=1[yit − g(xit; θ̂)− g(xit;θi)]

2. Given the rate in Proposition
1, it immediately follows that g

(
xit;θ

0
i

)
can be consistently estimated at rate T−ψ,

as long as T = o(N ξ) for some ξ < 1, given that then the uniform rate in Proposition
1 is faster than T−ψ.

Remark 3 Before concluding, it is of interest to consider whether an idiosyncratic
component, g(xit;θ0

i ), is needed, in addition to the common component, g(xit;θ0).
This could be tested by a nonlinear version of a poolability test. One way to proceed
is by fitting only the common component and then determining whether the residuals,
ûit = yit−g(xit; θ̂), can be further explained by unit-wise neural network regressions.
Again, one way to do this is by constructing unit-wise R2 statistics. This is intuitive,
if we recall the quasi-linear representation given by (6). One can regress ûit on f i(xit)

to obtain such R2 statistics. Then the null hypothesis that h̃i (xit) = h(xit) can be
tested using the test statistic:

P =
1

σ̂
√
N

N∑
i=1

(
TR2

i −m
)
,

where σ̂2 = 1
N

∑N
i=1 (TR

2
i −m)

2 and an appropriate centering factor, m, needs to
be chosen. This could be the dimension of f i (xit), although care needs to be taken,
given that f i (xit) will contain estimated parameters. One way to resolve this issue
may be to estimate the neural networks over a time period different from that used
to run the unit-wise regressions of ûit on f i(xit). Then, under our assumptions,
including that of cross-sectional independence, and for an appropriate choice of m,
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P is asymptotically standard normal under the null hypothesis. Further exploration
of this test is of interest. However, a full and rigorous analysis is beyond the scope
of the current paper.

3 Implementation considerations

In this section we provide details on implementation of the proposed nonlinear es-
timators. First, we summarize the overall neural network construction, which is
related to the choice of the neural network’s architecture and can be summarized
by the functional parameterization g (·;θ), used in the approximation of h(·). We
limit our attention to the construction of g (·;θ), since it directly applies to g (·;θi).
Then we illustrate how regularization can be applied in the context of the proposed
estimators. Finally, we discuss both the cross-validation exercise used to select the
different parameters and hyperparameters of the corresponding network and opti-
mization algorithm.

3.1 Neural network construction

We focus on the construction of the feed-forward neural network functional parame-
terization, g (·;θ), used to approximate h(·) in Section 2. The feed-forward architec-
ture consists of: an input layer, where the covariates are introduced given an initial
set of weights to the inner (hidden) part of the network; the hidden layers, where
a number of computational nodes are collected in each hidden layer and nonlinear
transformations on the (weighted) covariates occur; and the output layer, which gives
the final predictions and a choice for the activation function σ(x) : R → R that is
applied element-wise. The architecture is feed-forward, since in each of the hidden
layers there exist several interconnected neurons that allow information to flow from
one layer to the other, but only in one direction. The connections between layers
correspond to weights.

We use L to define the total number of hidden layers and M (l), l = 1, . . . , L to
define the total number of neurons at the lth layer. L and M (l) are measures for the
depth and width of the neural network, respectively. We use the ReLU activation
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function, σl(X t) := max(X t, 0), where X t is an N × p matrix of characteristics for
t = 1, . . . , T ; l = 1, . . . , L−1 and a linear activation function for l = L. The activation
functions are applied element-wise. To explain the exact computation of the outcome
of the feed-forward neural network, we focus on the pooled-type estimator in (9). We
assume that the widths (the number of neurons), M (l), and depth (the number of
hidden layers), L, of the network are constant positive numbers.

Each of the neurons undergoes a computation similar to the linear combination
received in each hidden layer l: g(l) = σl(g

(l−1)W (l)′ + b(l)
′
), while the final output

of the network is g(L) = g(L−1)W (L)′ + b(L)
′
and g(0) = X t. We can then define for

some t = 1, . . . , T, g (·;θ) as:

(16) g (X t;θ) =
(
σL · · ·σ2

(
σ1

(
X tW

(1)′ + b(1)
′
)
W (2)′ + b(2)

′
)
· · ·

)
W (L)′ + b(L)

′
,

where W (l) is an M (l)×M (l−1) matrix of weights, b(l) is an M (l)×N matrix of biases
at layer l, with b(1) = 0. Notice that at l = 1, the dimensions of W (1) are M (1) × p

and of b(1) are M (1)×N . At the final layer, that is, at l = L, the dimensions of W (L)

are 1×M (L−1) and of b(L) are 1×N .
Note that throughout the paper we use θ to denote a stacked vector containing

all ancillary trainable parameters affiliated with the network estimation, as defined
below:

(17) θ =
(
vec

(
W (1)′

)
, . . . , vec

(
W (L)′

)
, vec

(
b(1)

′
)
, vec

(
b(2)

′
)
, . . . , b(L)

′
)′
.

We define the overall number of parameters as d = |θ|. The optimization of the
neural network proceeds in a forward fashion (from the input layer, that is, l = 1, to
the output l = L) and layer-by-layer through an optimizer, for example, a version of
stochastic gradient descent (SGD), where the gradients of the parameters (W (l), b(l))

are calculated through back-propagation (using the chain-rule) to train the network.

Remark 4 The exact (composition) structure described in (16) holds for a subclass
of feed-forward neural networks, specifically that one that refers to fully connected
layers (the one being consecutive to the other) but has no other connections. Each
layer has a number of hidden units that are of the same order of magnitude. This
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x
(1)
t

x
(2)
t

ŷt

Figure 1: Illustration of a feed-forward neural network with two input matrices
(x

(1)
t ,x

(2)
t )′; two layers, L = 2; 5 nodes, M = 5; 18 connections, W = 14; and

one (fitted) output ŷt. The inputs are illustrated with a white circle, the neurons
with grey circles, the output with a black circle.

architecture is the most commonly used in empirical research, and is often referred
to as a multi-layer perceptron (MLP). Furthermore, the exact structure in (16) does
not hold generally for any feed-forward neural network.

The specific choice of the network architecture is crucial and affects the complexity
and the approximating power of g (·;θ) in (16). Our analysis involves primarily
theoretical arguments that are widely applicable in feed-forward neural networks
when we deal with panel data. We present an example of a feed-forward neural
network, based on (16), in Figure 1.

The neural network in Figure 1 consists of two inputs X t ∈ RN×p, X t =

(x
(1)
t ,x

(2)
t ), in particular, p = 2, where x

(j)
t is an N × 1 vector of one characteristic

at t = 1, . . . , T for some j = 1, 2, and one fitted output ŷt. Between the inputs and
output (X t, ŷt)

′, are M hidden computational nodes/neurons, in particular M = 5.
The neurons are connected directly, forming an acyclic graph that specifies a fixed
architecture.1

Notice that the illustration in Figure 1 can correspond to a nonlinear pooled-
type estimation of g(X t;θ

0) in (5), where we use (9) to obtain θ̂, defined in (17),
with input X t = (x

(1)
t , . . . ,x

(p)
t ), and output ŷt ∈ RN×1. The remainder of (5),

g(X t;θ
0
i ), i = 1, . . . , N, t = 1, . . . , T can be described conceptually as the het-

erogeneous component, which differs cross-sectionally. One can obtain the estimate
of this heterogeneous component following the same steps as those used to obtain
g(xit; θ̂), with the only difference that now the feed-forward neural network is esti-

1The network in Figure 1 can be used to optimize (9) and also (10), but is now used for each
i = 1, . . . , N .
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mated unit-wise, similar to the logic of a fixed effects estimator for linear panel data
models.

3.2 Implementation and regularization

In this section we discuss some operational implementation aspects required for the
estimation of the panel neural network estimators proposed in Section 2. We focus
our discussion on the following panel estimator, g(xit; θ̂), obtained from the opti-
mization of (12):

g(xit; θ̂) = argmin
θ∈Rd

1

N

N∑
i=1

[
1

T

T∑
t=1

yit −
1

T

T∑
t=1

g(xit;θ)

]2

.

This nonlinear panel estimator, and generally neural network estimators, have
many significant advantages over traditional panel models, mainly summarized in
their great capacity to approximate highly nonlinear and complicated associations
between variables and outstanding forecasting performance; see, for example, the
discussion in Goodfellow et al. (2016) and Gu et al. (2020, 2021). In order to be able
to minimize (12) and obtain a feasible solution for the panel estimator g(xit; θ̂), we
need to choose the overall architecture of the neural network. Following the discussion
above, this reduces to choices for the total number of layers L; total number of
neurons M (l), at each l = 1, . . . , L layers; a loss function g∗(y,X; θ), which in this
paper is taken to be the MSE loss; an updating rule for the weights (learning rate,
γ) during optimization; and the optimization algorithm itself, typically taken to be
some variant of SGD.

However, neural networks tend to overfit, which can lead to a severe deterioration
in their (forecasting) performance. A common empirical solution to this is to impose
a penalty on the trainable parameters of the neural network, θ. The penalized esti-
mator based on the LASSO is obtained as the solution to the following minimization
problem:

g(xit; θ̂)
LASSO = argmin

θ∈Rd

1

N

N∑
i=1

[
1

T

T∑
t=1

yit −
1

T

T∑
t=1

g(xit;θ)

]2

+ λ ∥θ∥1 ,
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where λ is the regularization parameter. Note that while explicit regularization
improves empirical solutions of neural networks estimators under low signal-to-noise
ratios, its role is not clear theoretically, since there are cases where simpler SGD
solutions present similar solutions; see, for example, Zhang et al. (2021). Other
commonly used regularization techniques frequently employed empirically to assist in
the estimation of neural networks are related to batch normalization, early stopping,
and dropout. We succinctly discuss batch normalization below, given its importance
because of the cross-sectional aspect of our estimator. We refer the reader to Gu
et al. (2020) for a detailed discussion of early stopping and dropout.

Batch normalization, proposed by Ioffe and Szegedy (2015), is a technique used
to control the variability of the covariates across different regions of the network and
data sets. It is used to address the issue of internal covariate shift, where inputs
of hidden layers may follow different distributions than their counterparts in the
validation sample. This is a prevalent issue when fitting, in particular, deep neural
networks. Effectively, batch normalization cross-sectionally demeans and standard-
izes the variance of the batch inputs.

Remark 5 In this paper, we consider both penalized and non-penalized estimation.
While using the latter might seem problematic because of the large number of pa-
rameters that need to be estimated, we find, in our empirical work, that this is not
necessarily the case. This is not surprising. Recent work in the statistical and ma-
chine learning literature highlights what is known as the double descent effect. For
linear regressions, this is related to the use of generalized inverses to construct least
squares estimators, when the number of variables, p, exceeds the number of observa-
tions, T. Such estimators work better either when p is small (and standard matrix
inversion can be used) or when p is much larger than T. Then the quality of an
estimator’s performance is implicitly measured in terms of the “bias-variance trade-
off,” where an optimal performance resides at the lowest reported bias and variance
of the corresponding model (either linear or nonlinear). While it is widely accepted
that the “bias-variance trade-off” function resembles a U-shaped curve, it has been
observed (for example, see Belkin et al. (2019) and Hastie et al. (2022)) that beyond
the interpolation limit the test loss descends again, hence the name “double-descent.”
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To understand why, note that such estimators implicitly impose penalization by us-
ing generalized inverses and so choose the parameter vector with the smallest norm,
among all admissible vectors; see Hastie et al. (2022). So once p is much larger than
T , such a selection becomes more consequential, as many more candidate vectors are
admissible. This linear effect is also present for neural network estimation given the
connection to linear models highlighted in Section 2, as discussed in detail in Hastie
et al. (2022) and Kelly et al. (2022).

3.3 Cross-validation

The cross-validation (CV) scheme consists of choices on the overall architecture of
the neural network: the total number of layers (L), neurons (M), the learning rate
(γ) of SGD, the batch size, dropout rate, level of regularization (λ), and a choice on
the activation functions.

Regarding the choice on the activation functions, we use ReLU for the hidden
layers and a linear function for the output layer. We tune the learning rate of the
optimizer, γ, from five discrete values in the interval [0.01, 0.001]. We tune the depth
and width of the neural networks using the following grids, [1, 3, 5, 10, 15] and [5,
10, 15, 20, 30], respectively. Hence the choice between deep or shallow learning is
completely data-driven, as it is selected from the CV scheme. We set the batch size to
14. For the tuning of the regularization parameter, λ, used for LASSO penalization,
we use the following grid c

√
log p/NT , where c = [0.001, 0.01, 0.1, 0.5, 1, 5, 10]. We

also use dropout regularization, where the dropout probability is up to 10 percent;
see, for example, Gu et al. (2020).

To select the trainable parameters, θ, and the hyperparameters discussed above,
we follow Gu et al. (2020, 2021) and divide our data into three disjoint time periods
that maintain the temporal ordering of the data: the training sub-sample, which is
used to estimate the parameters of the model, θ, given a specific set of hyperparam-
eters; the validation sub-sample, which is used to tune the different hyperparameters
given θ̂ from the training sub-sample;2 and, finally, the testing sub-sample, which is

2Note that while θ̂ is used in the tuning of the hyperparameters, it is only estimated at the
training sub-sample.
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truly out-of-sample and is used to evaluate our nonlinear models’ forecasting perfor-
mance. As discussed in detail below, our forecasting exercise is recursive, based on
an expanding window size. Hence, at each expanding window, we need to use the
train-validation-split of the sample and estimate the relevant parameters and tune
the hyperparameters. At each expanding window, let T ∗ denote the total sample size
for the specific window, then the training sub-sample consists of ⌊0.8T ∗⌋, the valida-
tion sub-sample consists of ⌊0.2T ∗⌋ − c, and finally, the testing sub-sample consists
of 7, 14, or 21 observations depending on the forecast horizon, h, respectively. c is
chosen so that the testing sub-sample always has h observations and ⌊·⌋ stands for
the floor function.

3.4 Optimization

The estimation of neural networks is generally a computationally cumbersome op-
timization problem due to nonlinearities and nonconvexities. The most commonly
used solution utilizes SGD to train a neural network. SGD uses a batch of a specific
size, that is, a small subset of the data at each epoch (iteration) of the optimiza-
tion to evaluate the gradient, to alleviate the computation hurdle. The step of the
derivative at each epoch is controlled by the learning rate, γ. We use the adaptive
moment estimation algorithm (ADAM) proposed by Kingma and Ba (2014),3 which
is a more efficient version of SGD. Finally, we set the number of epochs to 5, 000 and
use early stopping following Gu et al. (2020) to mitigate potential overfitting.

4 Empirical analysis: Forecasting new COVID-19
cases

In this section, after introducing the data, we examine the predictive ability of the
proposed model(s) for forecasting the daily path of new COVID-19 cases across the
G7 countries. We compare the forecasting results from our new models against two
restricted alternatives: a neural network without a cross-sectional dimension and a

3ADAM is using estimates for the first and second moments of the gradient to calculate the
learning rate.
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linear panel data VAR (PVAR). Comparison against these alternatives lets us exam-
ine the importance of first modeling the panel dimension and second of allowing for
nonlinearities. To assess the out-of-sample Granger causality of pandemic-induced
lockdown policies on the spread of COVID-19, we compare the forecasting perfor-
mance of our models with and without measures of the stringency of government-
imposed containment and lockdown policies. Such (nonpharmaceutical) policies were
differentially adopted by many countries from March 2020, including the G7, to re-
duce the spread of COVID-19. Then, we discuss how partial derivatives can be used
to help interpret the output of the deep panel models. They can be used to help
assess the efficacy of the different containment policy measures taken by individual
countries to contain the spread of COVID-19.

4.1 The COVID-19 data and the Oxford stringency index

Our interest is modeling and forecasting, at a daily frequency, reports of new COVID-
19 cases per 100K of the population over the sample period April 2020 through
December 2022 for the G7 countries. We source these data from the World Health
Organization’s coronavirus dashboard.

As xit variables, for each country, i, at day, t, we consider a set of 7 lagged
COVID-19-related indicators, as well as lags of new cases per 100K (our yit variable).
For parsimony, we confine attention to lags at 7, 14, 21, and 28 days. These 7
variables, plus lags of the dependent variable, may all have explanatory power for
yit. The 7 variables (all reported per 100K of the population) comprise: new deaths,
the reproduction rate, new tests, the share of COVID-19 tests that are positive
measured as a rolling 7-day average (this is the inverse of tests per case), the number
of people vaccinated, the number of people fully vaccinated, and the number of total
boosters. Knutson et al. (2023), Mathieu et al. (2021), and Caporale et al. (2022)
also consider such COVID-19-related variables, given that they are all likely related
(contemporaneously or at a lag) to the number of new COVID-19 cases.

To assess the role of containment policies in explaining and forecasting the spread
of new COVID-19 cases, we then consider specifications that augment the aforemen-
tioned set of xit variables by adding in a measure or measures of the stringency
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of the government response to COVID-19. Specifically, we use the government re-
sponse stringency index, as compiled by the Oxford Coronavirus Government Re-
sponse Tracker (OxCGRT). This index is a composite measure based on 9 response
indicators, namely: school closures, workplace closures, the cancellation of public
events, restriction on gatherings, public transport closing, requirements to stay at
home, movement restriction, restrictions on international travel, and public informa-
tion campaigns. Throughout the pandemic the Oxford stringency index was a widely
consulted measure of policy. Since the Oxford index is an aggregation of 9 indicators,
with the weights subjectively chosen by Oxford researchers, we also experiment with
forecasting when the underlying 9 disaggregates enter individually into our models,
so that, in effect, we objectively use the data to weight the disaggregates. Note that
we always consider the lagged effects of policy changes on new COVID-19 cases,
mitigating endogeneity concerns that, for example, stricter lockdown policies follow
increases in new COVID-19 cases.

Throughout, t corresponds to a day and we use a trailing seven-day rolling average
to smooth the data. The cross-sectional dimension of our panel is p = 36 when we
consider the aggregate stringency index (as published by Oxford) and p = 68 when
we consider the disaggregated stringency index. We further follow the literature (see,
for example, Gu et al. (2021)) and rank-normalize all of our variables into the [0, 1]

interval as follows:

x̃i =
xi −min(xi)

max(xi)−min(xi)
, i = 1, . . . , N.

This normalization minimizes the influence of severely outlying observations stem-
ming from covariate distributions that may have significant departures from nor-
mality, a common feature of COVID-19 data, especially at the beginning of the
pandemic.

The online data appendix provides additional data details. Figure 2 presents the
aggregate stringency index and plots new COVID-19 cases per 100K of the population
through our sample period. This figure shows that there are apparent commonal-
ities across countries, both in the stringency of policy and in the evolution of new
COVID-19 cases. But there are differences too, with Japan standing out as having
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looser containment policies than the other countries during mid-2020 and then expe-
riencing a later spike in new COVID-19 cases in summer 2022. Thus, it remains an
empirical question whether forecasting new COVID-19 cases is improved by pooling
information across countries.
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Figure 2: The Oxford stringency index and new COVID-19 cases per 100K of the
population

4.1.1 Out-of-sample forecasting design

We recursively produce forecasts of yit – new COVID-19 cases – by estimating our
set of models using expanding estimation windows and evaluate these forecasts over
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the out-of-sample period February 6, 2021 through December 24, 2022. Given (5),
the h−day-ahead forecast of new COVID-19 cases per 100K is:

(18) ŷi,t+h|Ft = ĝ (xit;θ
⋆) + ĝ (xit;θ

⋆
i ) ,

where ĝ (xit+h;θ⋆) denotes the corresponding fit of the pooled network, ĝ (xit+h;θ⋆i )
denotes the unit-by-unit fit of the network, and ŷi,t+h|Ft denotes the deep idiosyn-
cratic forecast. Ft denotes the information set up to time t, for some t = 1, . . . , T ,
θ⋆ denotes the optimal weights obtained from the CV for the deep pooled model,
and θ⋆i denotes the optimal weights obtained from the CV for the deep idiosyncratic
model. We compare this forecast against what we call the “deep pooled” forecast
that sets ĝ (xit;θ⋆i ) = 0.

We recursively compute h = 7-, h = 14-, and h = 21-day-ahead forecasts using
an expanding estimation window (relating yi,t+h to xit, as per (18)). To ease the
computational burden, given that we re-estimate the model and use CV (as discussed
in Section 3) at each window, we increase the size of the estimation windows in
increments of 7 days. We now summarize how estimation and forecasting works for
h = 7 (forecasting at the longer horizons proceeds analogously): We first estimate
our models using daily data from April 1, 2020 through January 30, 2021 (T 0 = 305)
and produce forecasts 7 days ahead. Then we estimate from April 1, 2020 through
February 6, 2021 (T 1 = 312) and again produce forecasts 7 days ahead. We carry
on this process until we finally estimate our models over the sample April 1, 2020
through December 17, 2021 (T 700 = 991) producing forecasts 7 days ahead. This
results in an out-of-sample sample size of 700 days. We do not consider forecasting
earlier than 7 days ahead, given that the incubation period of COVID-19 is typically
around one week; so we should not expect policy changes to have effects within
one week. During the first wave of the pandemic, many governments revised their
virus-related policy measures once a week, which also helps rationalize our choice of
forecast horizons. Forecasts for longer horizons, h, are obtained similarly.

To test if and how our proposed deep neural network panel data models confer
forecasting gains, we compare them against two benchmarks that switch off first panel
(cross-country) interactions and second nonlinear effects. We do so by estimating:
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(i) a “deep time-series” model that is identical to our deep neural network panel data
model but is estimated separately for each country; and (ii) a panel VAR (PVAR)
model that does allow for cross-country interactions, but assumes linearity in terms
of how xit affects yit+h. Testing our model against these two special cases isolates
whether it is allowing for cross-country interaction and/or for nonlinearity that is
advantageous.

We follow Canova and Ciccarelli (2009) and specify the ith equation of the PVAR
with q lags as:

(19) yit = A1iY t−1 + · · ·+ AqiY t−q + ϵit, ϵit ∼ i.i.d.N (0, σi) ,

where Aji for j = 1, . . . , q are coefficient matrices; we have dropped the intercept for
notational simplicity, Y t = (z′1t, . . . , z

′
Nt)

′; and zit = (yit,xit)
′. We set q = 28. We

estimate the PVAR by OLS and compute h-day-ahead forecasts of yit+h from (19)
via iteration.

4.1.2 Forecast evaluation

In this section we evaluate the forecasting performance of the proposed nonlin-
ear panel estimator(s) relative to the two benchmark models, namely, the linear
PVAR(28), and the deep time-series neural network. We then examine whether the
inclusion of policy-related variables affects forecast accuracy. Specifically, to test for
out-of-sample Granger causality of the policy measures adopted by governments to
contain the spread of COVID-19, we compare the forecast accuracy of all of our
models with and without the aggregate and disaggregate Oxford stringency indexes.

We evaluate the accuracy of the forecasts of new COVID-19 cases using the
root mean squared forecast error (RMSE):

RMSEi =

√√√√ 1

T

T∑
t=1

(yi,t+h − ŷi,t+h|Ft)
2, i = 1, . . . , N.

We use the Diebold and Mariano (1995) (DM) test to determine whether dif-
ferences in forecast accuracy across models are statistically significant. We follow
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Harvey et al. (1997) and use their small-sample adjustment.
Table 1 compares the accuracy of our two deep nonlinear models against the

two benchmarks when we do not include the stringency-based measures of policy
and instead focus on predicting new COVID cases using lags of new COVID cases
and the other 7 COVID-related measures. The results are striking. Both of the
deep nonlinear panel models provide significant forecasting gains over both the lin-
ear PVAR(28) model and the deep time-series neural network at all three forecast
horizons. This shows the importance of both the panel dimension and the nonlin-
earites in forecasting the daily path of new COVID-19 cases across the G7 countries.
Of the two deep models, the deep pooled estimator delivers, for all 7 countries, more
accurate forecasts than the deep idiosyncratic model. Simpler models often work bet-
ter when forecasting and this appears to be the case here too: allowing for additional
country-specific effects in our deep pooled model hinders out-of-sample forecasting
performance. Tables B.1-B.3 in the online appendix show that the forecasting gains,
of the deep models against the time series model, are statistically significant. This
is evidence that the gains from modeling and forecasting new COVID-19 cases come
from pooling data (in a nonlinear manner) across the G7 countries.

We next test whether the containment or lockdown policies, imposed at the na-
tional level, help forecast new COVID-19 cases. If the policies were effective, condi-
tioning on them should deliver more accurate forecasts. Table 2 presents the relative
RMSE ratios for each of the four forecasting models when estimating including and
excluding the aggregate stringency index. Focusing on the deep models, we see that,
given their higher accuracy as seen in Table 1, policy as measured by the aggregate
stringency index was only effective in France and Japan at 7 days. In the other 5
countries, the RMSE ratios are greater than unity, indicating that better forecasts of
new COVID-19 cases are made without the stringency index. Interestingly, for the
less accurate deep time-series and PVAR models, policy appears to have been more
effective. But consistent with it taking time for policy changes to affect the path of
the pandemic, Table 2 shows that after an additional two weeks, policy was effective
in the G7 countries, except Italy and the US.

Table 3 then tests whether the Oxford stringency data have more value-added
when forecasting if we let the models decide how much weight to attach to each of
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Canada France Germany Italy Japan UK US

h = 7

Deep pooled 0.073 0.095 0.112 0.074 0.135 0.089 0.065
Deep idiosyncratic 0.125 0.136 0.141 0.111 0.163 0.118 0.108
Deep time-series 0.321 0.326 0.365 0.311 0.420 0.313 0.256
PVAR(28) 0.242 0.323 0.221 0.205 0.373 0.246 0.282

h = 14

Deep pooled 0.091 0.118 0.117 0.088 0.138 0.101 0.075
Deep idiosyncratic 0.138 0.153 0.146 0.122 0.167 0.130 0.115
Deep time-series 0.301 0.297 0.345 0.293 0.391 0.305 0.256
PVAR(28) 0.233 0.308 0.204 0.194 0.343 0.246 0.278

h = 21

Deep pooled 0.117 0.131 0.131 0.106 0.157 0.117 0.097
Deep idiosyncratic 0.160 0.162 0.152 0.143 0.182 0.148 0.130
Deep time-series 0.292 0.284 0.337 0.289 0.388 0.299 0.265
PVAR(28) 0.231 0.294 0.198 0.190 0.318 0.249 0.280

Table 1: RMSE statistics for the 7-, 14-, and 21-day-ahead forecasts of new
COVID-19 cases from the 4 models without policy-related variables over the sam-
ple February 6, 2021 through December 24, 2022. The reported models are: Deep
pooled: ĝ (xit+h;θ

⋆); Deep idiosyncratic: ĝ (xit+h;θ
⋆) + ĝ (xit+h;θ

⋆
i ); Deep time-

series: ĝ (xt+h;θ⋆TS); and the PVAR(28) model. θ⋆, θ⋆i , and θ⋆TS are obtained via
out-of-sample CV.

the 9 components (policy levers) in the aggregate stringency index. The fact that
the RMSE ratios, for the preferred deep models, are now less than unity across all
7 countries indicates that policy was effective after all: but it is important to let
the data determine what policies matter in which country. Table 3 indicates that
at h = 7 days, policy was least effective in Canada and Italy, since although policy
interventions still affect new COVID-19 cases, unlike in the other G7 countries, these
effects are not statistically significant. However, again demonstrating that policy
changes take time to have an impact, policy has a larger effect after another week
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(at h = 14 days), since in both Canada and Italy the relative RMSE ratios are lower
at 14 days than at 7 days.

Canada France Germany Italy Japan UK US

h = 7

Deep pooled 1.084 0.928 1.033 1.229 0.878 1.043 1.321
Deep idiosyncratic 1.015 0.897 1.038 1.152 0.836 1.309 1.329
Deep time-series 0.847 0.946 1.076 0.881 1.044 0.949 1.040
PVAR(28) 0.875∗∗∗ 0.868∗∗∗ 0.933 0.850∗ 0.792∗∗ 0.880∗ 0.596∗∗

h = 14

Deep pooled 1.012 0.907∗ 0.896 1.154 0.861 0.952 1.225
Deep idiosyncratic 0.967 0.868∗ 0.913 1.087 0.841 1.210 1.191
Deep time-series 0.910 0.915 1.085 0.920 1.045 0.920 0.960
PVAR(28) 0.880∗∗∗ 0.856∗∗∗ 0.930 0.855∗ 0.773∗∗ 0.891∗ 0.603∗∗

h = 21

Deep pooled 0.953 0.879∗ 0.864∗ 1.117 0.855∗ 0.957 1.078
Deep idiosyncratic 0.903 0.838∗∗ 0.874 0.989∗ 0.850 1.124 1.059
Deep time-series 0.951 0.878 1.094 0.923 1.033 0.936 0.947
PVAR(28) 0.887∗∗∗ 0.839∗∗∗ 0.928 0.854∗ 0.794∗∗ 0.889∗ 0.607∗∗∗

Table 2: RMSE ratios, comparing the forecast accuracy of each respective model with
and without the aggregate Oxford stringency index at 7, 14, and 21 days ahead.
Ratios < 1 indicate superior predictive ability for the model with the stringency
index. For a description of the 4 forecasting models, see the notes to Table 1. ∗, ∗∗,
and ∗ ∗ ∗ denote rejection of the null hypothesis of equality of forecast mean squared
errors with and without the aggregate Oxford stringency index at the 10%, 5%, and
1% levels of significance, respectively, using the modified Diebold and Mariano (1995)
test with the Harvey et al. (1997) adjustment.

In the online appendix, we provide additional checks on the forecasting perfor-
mance of our models. We show that the forecasting gains from the models condi-
tioning on the disaggregate stringency index are often stronger in the first half of
our out-of-sample window, when in absolute terms the forecasting errors were higher
as COVID-19 infection rates were higher and more volatile. Analysis also indicates
that the gains of our deep pooled models, compared with the linear PVAR model,
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Canada France Germany Italy Japan UK US

h = 7

Deep pooled 0.941 0.834∗∗ 0.852∗∗ 0.848 0.852∗ 0.842∗∗ 0.845∗∗

Deep idiosyncratic 0.866 0.861 0.913 0.861 0.875 1.059 0.947
Deep time-series 0.906 1.063 1.071 0.909 1.067 0.901 1.075
PVAR(28) 0.840 0.614∗∗∗ 0.992 0.791 0.807 0.850 0.739

h = 14

Deep pooled 0.921 0.893 0.868∗∗ 0.843∗∗ 0.860∗ 0.887∗ 0.908∗

Deep idiosyncratic 0.796∗ 0.900 0.955 0.822∗ 0.877 1.021 0.925
Deep time-series 0.934 1.079 1.066 0.917 1.096 0.890 1.045
PVAR(28) 0.826 0.579∗∗∗ 1.043 0.783 0.802 0.840 0.732∗

h = 21

Deep pooled 0.900 0.884∗∗ 0.845∗∗ 0.825∗∗∗ 0.843∗∗ 0.931 0.887∗∗∗

Deep idiosyncratic 0.772∗∗ 0.869 0.991 0.787∗∗ 0.891 0.953 0.864
Deep time-series 0.994 1.090 1.118 0.919 1.084 0.906 1.009
PVAR(28) 0.830 0.557∗∗∗ 1.078 0.785 0.846 0.834 0.730∗∗

Table 3: RMSE ratios, comparing the forecast accuracy of each respective model with
and without the disaggregate Oxford stringency index at 7, 14, and 21 days ahead.
Ratios < 1 indicate superior predictive ability for the model with the stringency
index. For a description of the 4 forecasting models, see the notes to Table 1. ∗, ∗∗,
and ∗ ∗ ∗ denote rejection of the null hypothesis of equality of forecast mean squared
errors with and without the disaggregate Oxford stringency index at the 10%, 5%,
and 1% levels of significance, respectively, using the modified Diebold and Mariano
(1995) test with the Harvey et al. (1997) adjustment.

were higher during these earlier waves of COVID-19. This is consistent with the pan-
demic exhibiting highly nonlinear features in its earlier waves, before vaccinations
and other immunities helped restrain the spread of COVID-19. The fluctuation test
of Giacomini and Rossi (2010) is used to show that policy in Italy and Japan proved
to be effective later than in the other G7 countries: it is only by the fall of 2022 that
we see policy having a marked effect on forecast accuracy. We also present results
with the LASSO penalization and discuss the observed double descent pattern that
our deep models forecast better without any penalty.
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4.2 Policy effectiveness

A common critique of ML algorithms is their putative trade-off between accuracy and
interpretability. The output of a highly complicated ML model, such as a deep neural
network of the sort we consider, may fit the data well in-sample and even, as we find,
out-of-sample. But the model itself is often hard to interpret. In this section, we
illustrate how the use of partial derivatives provides one way to assess the impact of
covariates. We focus on examination of the effects of changes in policy, as measured
by the aggregate and the disaggregate stringency indexes, on the transmission of new
COVID-19 cases.

The use of partial derivatives to interpret model output is, of course, common
practice in econometrics, ranging from the simple linear regression model to impulse
response analysis. In this section, we show how partial derivatives can be used in
deep neural networks to interpret highly nonlinear relationships between covariates
and the dependent variable.4

While our deep neural networks are highly nonlinear, their solution/output via
SGD optimization methods can be treated as differentiable functions, as the majority
of activation functions are differentiable. In this paper, we consider the case of ReLU,
which is not differentiable at zero, whereas it is at every other point of R. From a
computational standpoint, the gradient descent, heuristically, works well enough to
treat it as a differentiable function. Furthermore, Goodfellow et al. (2016) argue that
this issue is negligible and machine learning softwares are prone to rounding errors,
making them very unlikely to compute the gradient at a singularity point. Note that
even in this extreme case, both SGD and ADAM will use the right sub-gradient at
zero.

4We prefer the use of partial derivatives over Shapley additive explanation values, as proposed
by Lundberg and Lee (2017), since derivatives tend to be less noisy (see, for example, Chronopoulos
et al. (2023)) and computationally less expensive to compute. Perhaps, though, the biggest disad-
vantage is the set of implicit assumptions, used in the operational construction of Shapley values.
A major one is the assumption that inputs are statistically independent. This is discussed in Aas
et al. (2021), who also discuss solutions. However, these are computationally intensive, potentially
still quite poor approximations, and not appropriate for large sets of inputs. While partial deriva-
tives (as well as coefficients in linear models) have similar issues, as discussed in Pesaran and Smith
(2014), these issues are both more transparent in nature, and, as discussed in Pesaran and Smith
(2014), far easier to address.
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Let the matrix of characteristics be denoted X t ∈ RN×p, where X t =

(x
(1)
t , . . . ,x

(p)
t ). Then for some i = 1, . . . , N , j = 1, . . . , p and t = 1, . . . , T , the

partial derivatives of g(X t; θ̂) with respect to the jth characteristic in X t are:

(20) di j, t =
∂g

(
X t; θ̂

)
∂xi, j, t−h

,

where g(X t; θ̂) is the function (see Section 2) that approximates the number of
new cases per 100K across the i different countries, in our case the G7 countries.
We assess the partial derivatives across time since, following Kapetanios (2007), we
expect them to vary due to the inherent nonlinearity of the neural network.

In our work we present the partial derivatives, defined in (20), without adding
confidence bands around them to assess statistical significance. The reason for this
is that there is currently no rigorous technology in the literature to produce these,
especially in the case of penalized estimation. However, recent work by Kapetanios
and Kempf (2022) uses a bootstrap approach to construct confidence bands around
partial derivatives. A full modification of this work for use in panel models is an
interesting and promising avenue to proceed, but is left for future research.

In Figure 3, we present the partial derivatives with respect to the aggregate
stringency index at horizons h ∈ {7, 14, 21, 28}. Thereby we evaluate the dynamic
effectiveness of the stringency policies adopted across the G7 countries.5 We draw out
three features from Figure 3. First, policy is more effective at containing the spread of
COVID-19 after 7 days. Stronger and more negative effects of increases in stringency
are seen after 7 days. Second, with the exception of Japan, policy was most effective
in the late fall of 2021 and in early 2022, at the time of the highly contagious Omicron
variant. The dynamic effects of policy are, on average, much weaker in the second
half of our sample. This is consistent with higher vaccination rates, meaning that
from mid-2021 (non-immunization) policies became less effective at restraining the
spread of new COVID-19 cases. Third, there is considerable cross-country variation
in the effectiveness of policy. As referenced above when summarizing the Giacomini
and Rossi (2010) fluctuation tests reported in the online appendix, policy in Japan

5We present the partial derivatives as 60-day moving averages to smooth out noise.
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Figure 3: Partial derivatives: The effects of policy (as measured by the Oxford
stringency index) on new COVID-19 cases 7, 14, 21, and 28 days after the policy
change.

is again seen in Figure 3 to have been most effective in late summer 2022, consistent
with COVID-19 cases peaking later in Japan than in the other countries (see Figure
2). Containment policies in Italy tended, relative to the other countries, to have a
more muted effect.

Given the evidence from Table 3 that the disaggregated stringency index confers
additional forecasting gains relative to the aggregate index, we next look at the
partial derivatives with respect to the 9 components of the Oxford index. In this
way we aim to shed light on the effectiveness of specific policy measures. We focus
on the effects of school and university closings and of workplace closings, since of the
9 components of the Oxford stringency index, these tend to be the specific policies
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associated with the largest marginal effects. Results for the other policy measures
are provided in the online appendix. Given the high degree of correlation between
the different policy measures (see online Tables A.2-A.3), we should in any case not
over-interpret these partial derivatives.

Figure 4 shows that over time (as h increases from 7 to 28 days) the effects of
school and university closings had an increasingly strong effect. For most countries,
as expected, these effects are negative: the closures led to a fall in new COVID-19
cases. These negative effects are especially strong in Italy. But in the UK, the effects
are not so clean-cut, with the closings appearing to have a positive effect during the
early stages of COVID-19. As in Figure 3, we again see evidence across countries that
the effects of school and university closures were far more effective prior to January
2022. Thereafter, the effects are much more modest.

Turning to Figure 5, we see that while workplace closures tended to have a nega-
tive effect on COVID-19 soon after the policy change, in particular in Germany and
the UK, thereafter the effects are more uncertain and variable across countries. This
can be attributed not just to difficulties in isolating the direct effects of one policy
change versus another (related) one, but because in the intervening period there were
likely additional and perhaps offsetting changes.
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Figure 4: Partial derivatives: The effects of school and university closures on new
COVID-19 cases 7, 14, 21, and 28 days after the policy change
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Figure 5: Partial derivatives: The effects of workplace closures on new COVID-19
cases 7, 14, 21, and 28 days after the policy change
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5 Conclusion

This paper proposes a nonlinear panel data estimator of the conditional mean based
on neural networks. We explore heterogeneity and latent patterns in the cross-
section, and derive an estimator to account for these patterns. Furthermore, we
provide asymptotic arguments for the proposed methodology building on the work
of Farrell et al. (2021).

We use the proposed estimators to forecast, in a simulated out-of-sample experi-
ment, the progression of the COVID-19 pandemic across the G7 countries. We find
significant forecasting gains over both linear panel data models and time series neural
networks. Containment or lockdown policies, as instigated at the national level, are
found to have out-of-sample predictive power for the spread of new COVID-19 cases.
Using partial derivatives to help interpret the panel neural networks, we find consid-
erable heterogeneity and time variation in the effectiveness of specific containment
policies.
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Online Appendix

A Data appendix

This appendix provides additional details on the data set used in the empirical anal-
ysis in Section 4 of the main paper. Specifically, we present the main variables
for each country, i, that constitute the design matrix X, and we provide summary
statistics for each variable considered. We assemble our data set from four differ-
ent publicly available sources. The stringency index is obtained from the Oxford
Coronavirus Government Response Tracker (OxCGRT) (these data can be found
at https://www.bsg.ox.ac.uk/research/covid-19-government-response-tracker). The
daily confirmed COVID-19 cases, which are the “raw data” version of our response, as
well as the daily confirmed deaths, were collected from the World Health Organiza-
tion Coronavirus Dashboard (available at https://covid19.who.int/?mapFilter=cas).
The official numbers and metrics from governments and health ministries, worldwide,
regarding vaccinations were collected from Mathieu et al. (2021). Last, the data on
testing and virus passivity rates are from Mathieu et al. (2020).

The rapid spread of COVID-19 led countries to take drastic measures to contain
the virus and protect their health systems. The OxCGRT data set gathers together
a set of longitudinal measures of government responses from January 1, 2020. These
measures include school closings, national/international travel restrictions, bans on
public gatherings, emergency investments in healthcare facilities, new forms of so-
cial welfare provision, and contact tracing, among others; see Hale et al. (2021) for
more details. These different measures are then aggregated into one unified mea-
sure – the stringency index – that records the strictness of policies that primarily
restricted people’s behavior, such as lockdowns. The index is calculated using all
ordinal containment and closure policy indicators, including an indicator recording
public information campaigns. The higher the value of this index, the stricter the
policies adopted. Table A.1 presents the nine different response indicators underlying
the aggregate stringency index.

Figure A.1 presents the correlation matrix across new deaths, the reproduction
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rate, new tests, the share of COVID-19 tests that are positive measured as a rolling
7-day average (this is the inverse of tests per case), the number of people vaccinated,
the number of people fully vaccinated, the number of total boosters, and new cases
per 100K. In Figures A.2 – A.3 we present the correlation matrix of the different
variables for each G7 country.

In Figure A.1 a high negative correlation between the new cases per 100K and the
stringency index and its nine components is observed. This, of course, makes sense,
as it implies that when more cases emerge, the stricter the containment policies
adopted. Furthermore, there exists a positive correlation between the stringency
index and its nine constituent components.

ID Name Description Coding

C1 c1m_school_closing Record closings of schools and universities 0 - no measures
1 - recommend closing or all schools open with alterations resulting in significant differences
compared to non-COVID-19 operations
2 - require closing (only some levels or categories, eg just high school, or just public schools)
3 - require closing all levels
Blank - no data

C2 c2m_workplace_closing Record closings of workplaces 0 - no measures
1 - recommend closing (or recommend work from home) or all businesses open with alterations
resulting in significant differences compared to non-Covid-19 operation
2 - require closing (or work from home) for some sectors or categories of workers
3 - require closing (or work from home) for all-but-essential workplaces (eg grocery stores, doctors)
Blank - no data

C3 c3m_cancel_public_events Record cancelling public events 0 - no measures
1 - recommend cancelling
2 - require cancelling
Blank - no data

C4 c4m_restrictions_on_gatherings Record limits on gatherings 0 - no restrictions
1 - restrictions on very large gatherings (the limit is above 1000 people)
2 - restrictions on gatherings between 101-1000 people
3 - restrictions on gatherings between 11-100 people
4 - restrictions on gatherings of 10 people or less
Blank - no data

C5 c5m_close_public_transport Record closing of public transport 0 - no measures
1 - recommend closing (or significantly reduce volume/route/means of transport available)
2 - require closing (or prohibit most citizens from using it)
Blank - no data

C6 c6m_stay_at_home_requirements Record orders to "shelter-in-place"
and otherwise confine to the home 0 - no measures

1 - recommend not leaving house
2 - require not leaving house with exceptions for daily exercise, grocery shopping, and ’essential’ trips
3 - require not leaving house with minimal exceptions (eg allowed to leave once a week,
or only one person can leave at a time, etc)
Blank - no data

C7 c7m_movementrestrictions Record restrictions on internal
movement between cities/regions 0 - no measures

1 - recommend not to travel between regions/cities
2 - internal movement restrictions in place
Blank - no data

C8 c8ev_internationaltravel Record restrictions on international travel. 0 - no restrictions
Note: this records policy for foreign travellers,

not citizens. 1 - screening arrivals

2 - quarantine arrivals from some or all regions
3 - ban arrivals from some regions
4 - ban on all regions or total border closure
Blank - no data

H1 h1_public_information_campaigns Record presence of public info campaigns. 0 - no Covid-19 public information campaign
Note no differentiated policies reported in this indicator. 1 - public officials urging caution about Covid-19

2- coordinated public information campaign (eg across traditional and social media)
Blank - no data

Table A.1: Mnemonics for the 9 components of the Oxford stringency index
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Figure A.1: Correlation matrix (pooled across the G7 countries) between the COVID-
19 variables and the Oxford stringency variables
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Figure A.2: Correlation matrix by country between the COVID-19 variables and the
Oxford stringency variables
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Figure A.3: Correlation matrix by country between the COVID-19 variables and the
Oxford stringency variables (cont.)

B Additional empirical results

In this section, we present supplementary results as referenced in the main paper.
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B.1 Diebold-Mariano tests for equal forecast performance
against the deep time-series model

In this section we present the relative RMSE ratios, in order to compare the fore-
casting accuracy of each model against the deep time-series model, described in more
detail in Section 4. Similarly to the main paper, we examine the forecasting abil-
ity of models without policy variables, specifically the stringency index (see Table
B.1), including the aggregated stringency index (see Table B.2), and including the
dissagregated stringency index (see Table B.3).

Canada France Germany Italy Japan UK US

h = 7

Deep pooled 0.227∗∗∗ 0.293∗∗∗ 0.307∗∗∗ 0.239∗∗∗ 0.322∗∗∗ 0.284∗∗∗ 0.252∗∗∗

Deep idiosyncratic 0.391∗∗∗ 0.417∗∗∗ 0.386∗∗∗ 0.358∗∗∗ 0.388∗∗∗ 0.377∗∗∗ 0.423∗∗∗

PVAR(28) 0.755 0.992 0.606∗∗∗ 0.661∗∗∗ 0.890 0.785∗∗ 1.102

h = 14

Deep pooled 0.304∗∗∗ 0.399∗∗∗ 0.340∗∗∗ 0.302∗∗∗ 0.353∗∗∗ 0.331∗∗∗ 0.295∗∗∗

Deep idiosyncratic 0.459∗∗∗ 0.514∗∗∗ 0.422∗∗∗ 0.418∗∗∗ 0.428∗∗∗ 0.427∗∗∗ 0.449∗∗∗

PVAR(28) 0.773 1.035 0.592∗∗∗ 0.662∗∗∗ 0.876 0.806∗ 1.088

h = 21

Deep pooled 0.401∗∗∗ 0.461∗∗∗ 0.389∗∗∗ 0.365∗∗∗ 0.404∗∗∗ 0.391∗∗∗ 0.367∗∗∗

Deep idiosyncratic 0.549∗∗∗ 0.569∗∗ 0.452∗∗∗ 0.495∗∗∗ 0.469∗∗∗ 0.496∗∗∗ 0.491∗∗∗

PVAR(28) 0.791 1.036 0.587∗∗∗ 0.658∗∗∗ 0.819∗ 0.833 1.059

Table B.1: Forecasting results, without the stringency index. RMSE ratios, com-
paring the accuracy of each model against the deep time-series model. Ratios < 1
indicate superior predictive ability of the respective model relative to the deep time-
series model. ∗, ∗∗, and ∗ ∗ ∗ denote rejection of the null hypothesis of equality of
forecast mean squared errors at the 10%, 5%, and 1% levels of significance, respec-
tively, using the modified Diebold and Mariano (1995) test with the Harvey et al.
(1997) adjustment.
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Canada France Germany Italy Japan UK US

h = 7

Deep pooled 0.290∗∗∗ 0.287∗∗∗ 0.295∗∗∗ 0.334∗∗∗ 0.270∗∗∗ 0.312∗∗∗ 0.321∗∗∗

Deep idiosyncratic 0.469∗∗∗ 0.395∗∗∗ 0.372∗∗∗ 0.469∗∗∗ 0.311∗∗∗ 0.519∗∗∗ 0.540∗∗

PVAR(28) 0.780∗∗ 0.909 0.525∗∗∗ 0.638∗∗∗ 0.675∗∗∗ 0.728∗ 0.632∗∗

h = 14

Deep pooled 0.338∗∗∗ 0.395∗∗∗ 0.280∗∗∗ 0.379∗∗∗ 0.290∗∗∗ 0.342∗∗∗ 0.376∗∗∗

Deep idiosyncratic 0.488∗∗∗ 0.488∗∗∗ 0.355∗∗∗ 0.494∗∗∗ 0.344∗∗∗ 0.561∗∗∗ 0.557∗∗∗

PVAR(28) 0.747∗∗ 0.968 0.507∗∗∗ 0.616∗∗∗ 0.648∗∗∗ 0.781∗ 0.683∗∗

h = 21

Deep pooled 0.402∗∗∗ 0.462∗∗∗ 0.307∗∗∗ 0.442∗∗∗ 0.334∗∗∗ 0.400∗∗∗ 0.418∗∗∗

Deep idiosyncratic 0.521∗∗∗ 0.543∗∗∗ 0.361∗∗∗ 0.531∗∗∗ 0.386∗∗∗ 0.596∗∗∗ 0.549∗∗∗

PVAR(28) 0.738∗∗∗ 0.990 0.498∗∗∗ 0.609∗∗∗ 0.629∗∗∗ 0.791∗ 0.679∗∗

Table B.2: Forecasting results with the aggregate Oxford stringency index. RMSE
ratios, comparing the accuracy of each model against the deep time-series model.
Ratios < 1 indicate superior predictive ability of the respective model relative to the
deep time-series model. For a description of the 4 forecasting models, see the notes
to Table 1. See further notes in Table B.1

B.2 Forecast evaluation in sub-samples

In this section we present supplementary forecasting results as referenced in the
main paper. Specifically, we evaluate the forecasting performance of the proposed
nonlinear panel estimator(s) relative to the two benchmark models, described in
Section 4 of the main paper, over two distinct sub-periods within our overall out-
of-sample window. The first sub-sample covers the period from February 6, 2021 to
April 30, 2022, when COVID-19 was at its worst except in Japan, while the second is
from May 1, 2022 through December 24, 2022. Our aim is to examine whether policy
mattered more in this earlier period, before immunity within each of the countries
strengthened and COVID infection rates declined.

In Tables B.4–B.5 we compare RMSE statistics across different models and coun-
tries for these first and second sub-periods. We do not include the stringency-based
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Canada France Germany Italy Japan UK US

h = 7

Deep pooled 0.235∗∗∗ 0.230∗∗∗ 0.245∗∗∗ 0.223∗∗∗ 0.257∗∗∗ 0.265∗∗∗ 0.199∗∗∗

Deep idiosyncratic 0.374∗∗∗ 0.338∗∗∗ 0.329∗∗∗ 0.339∗∗∗ 0.319∗∗∗ 0.443∗∗∗ 0.372∗∗∗

PVAR(28) 0.700∗∗∗ 0.573∗∗ 0.562∗∗∗ 0.575∗∗∗ 0.673∗∗∗ 0.741∗ 0.757∗∗∗

h = 14

Deep pooled 0.299∗∗∗ 0.330∗∗∗ 0.276∗∗∗ 0.278∗∗∗ 0.277∗∗∗ 0.330∗∗∗ 0.256∗∗∗

Deep idiosyncratic 0.392∗∗∗ 0.429∗∗∗ 0.378∗∗∗ 0.375∗∗∗ 0.342∗∗∗ 0.490∗∗∗ 0.398∗∗∗

PVAR(28) 0.684∗∗∗ 0.556∗∗ 0.579∗∗∗ 0.565∗∗∗ 0.641∗∗∗ 0.761∗ 0.763∗

h = 21

Deep pooled 0.363∗∗∗ 0.374∗∗∗ 0.294∗∗∗ 0.328∗∗∗ 0.314∗∗∗ 0.402∗∗∗ 0.323∗∗∗

Deep idiosyncratic 0.427∗∗∗ 0.454∗∗ 0.401∗∗∗ 0.424∗∗∗ 0.385∗∗∗ 0.522∗∗∗ 0.420∗∗∗

PVAR(28) 0.661∗∗∗ 0.530∗∗ 0.566∗∗∗ 0.562∗∗∗ 0.639∗∗∗ 0.767 0.766∗∗∗

Table B.3: Forecasting results with the disaggregated Oxford stringency index.
RMSE ratios, comparing the accuracy of each model against the deep time-series
model. Ratios < 1 indicate superior predictive ability of the respective model rela-
tive to the deep time-series model. For a description of the 4 forecasting models, see
the notes to Table 1. See further notes in Table B.1

measures of policy and instead focus on predicting new COVID-19 cases using lags of
new cases and the other seven COVID-related measures. We find across the forecast-
ing horizons, h ∈ {7, 14, 21} days, that the deep models yield significant forecasting
gains over both the linear PVAR(28) model and the deep time-series neural net-
work. Similarly to the analysis in Section 4, this shows the importance of both the
panel dimension and of modeling nonlinearites when forecasting the daily path of
new COVID-19 cases across the G7 countries. As anticipated, the RMSE values
are smaller in the second sub-period, indicative of the lower COVID-19 transmission
rates seen in Figure 2 from May 2022.

In Tables B.6–B.7 we present RMSE ratios, comparing the predictive ability of
each model with and without the aggregate Oxford stringency index over the two
sub-samples. We see that policy as measured by the aggregate stringency index is
more effective, with more RMSE ratios less than unity, in the latter sub-sample. But
turning to the disaggregate stringency index, we see from Tables B.8–B.9 that policy
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was then effective even in the first sub-period. It is important to let the models
choose how to weight the 9 components of the Oxford stringency index.

Canada France Germany Italy Japan UK US

h = 7

Deep pooled 0.095 0.100 0.130 0.097 0.115 0.112 0.102
Deep idiosyncratic 0.145 0.134 0.158 0.130 0.138 0.171 0.158
Deep time-series 0.325 0.362 0.465 0.301 0.448 0.349 0.313
PVAR(28) 0.255 0.339 0.225 0.189 0.295 0.251 0.203

h = 14

Deep pooled 0.111 0.139 0.128 0.090 0.133 0.121 0.088
Deep idiosyncratic 0.147 0.159 0.141 0.129 0.157 0.140 0.115
Deep time-series 0.366 0.347 0.397 0.298 0.362 0.362 0.305
PVAR(28) 0.271 0.368 0.202 0.210 0.289 0.272 0.328

h = 21

Deep pooled 0.144 0.156 0.148 0.115 0.159 0.142 0.118
Deep idiosyncratic 0.175 0.174 0.156 0.158 0.186 0.164 0.140
Deep time-series 0.356 0.330 0.389 0.295 0.366 0.354 0.315
PVAR(28) 0.270 0.353 0.185 0.206 0.276 0.276 0.332

Table B.4: RMSE statistics for the 7-, 14-, and 21-day-ahead forecasts of new
COVID-19 cases from the 4 models without policy-related variables over the sample
February 6, 2021 to April 30, 2022.
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Canada France Germany Italy Japan UK US

h = 7

Deep pooled 0.030 0.060 0.084 0.080 0.124 0.033 0.039
Deep idiosyncratic 0.084 0.096 0.122 0.124 0.133 0.115 0.113
Deep time-series 0.116 0.167 0.196 0.213 0.420 0.157 0.143
PVAR(28) 0.087 0.100 0.166 0.143 0.298 0.127 0.064

h = 14

Deep pooled 0.032 0.065 0.095 0.086 0.147 0.044 0.042
Deep idiosyncratic 0.120 0.141 0.153 0.109 0.185 0.109 0.114
Deep time-series 0.103 0.172 0.220 0.283 0.440 0.153 0.119
PVAR(28) 0.136 0.139 0.208 0.160 0.424 0.189 0.150

h = 21

Deep pooled 0.032 0.065 0.094 0.086 0.153 0.046 0.041
Deep idiosyncratic 0.130 0.137 0.146 0.112 0.174 0.115 0.111
Deep time-series 0.103 0.175 0.216 0.278 0.425 0.162 0.136
PVAR(28) 0.133 0.135 0.220 0.158 0.381 0.193 0.151

Table B.5: RMSE statistics for the 7-, 14-, and 21-day-ahead forecasts of new
COVID-19 cases from the 4 models without policy-related variables over the sample
May 1, 2022 to December 24, 2022.
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Canada France Germany Italy Japan UK US

h = 7

Deep pooled 1.096 0.934 1.092 1.466 1.013 1.064 1.387
Deep idiosyncratic 1.144 1.006 1.181 1.168 0.997 1.404 1.506
Deep time-series 0.835 0.940 1.096 0.909 1.138 0.950 1.026
PVAR(28) 0.903∗ 0.873∗∗ 0.973 0.842 0.930 0.911∗ 0.608∗∗

h = 14

Deep pooled 1.014 0.907∗ 0.900 1.248 0.931 0.947 1.261
Deep idiosyncratic 1.023 0.939 0.982 1.069 0.923 1.226 1.289
Deep time-series 0.899 0.910 1.116 0.997 1.165 0.913 0.936
PVAR(28) 0.908∗ 0.862∗∗∗ 0.980 0.843 0.913∗ 0.932 0.620∗∗

h = 21

Deep pooled 0.954 0.876∗ 0.850∗ 1.166 0.915 0.953 1.090
Deep idiosyncratic 0.952 0.884 0.884 0.945 0.886 1.151 1.078
Deep time-series 0.944 0.865 1.117 0.993 1.141 0.938 0.934
PVAR(28) 0.912∗ 0.844∗∗∗ 0.991 0.839 0.918∗ 0.932 0.624∗∗

Table B.6: RMSE ratios, comparing the forecast accuracy of each respective model
with and without the aggregate Oxford stringency index at 7, 14, and 21 days ahead
over the sample February 6, 2021 to April 30, 2022. Ratios < 1 indicate superior
predictive ability for the model with the stringency index. For a description of the
4 forecasting models, see the notes to Table 1. ∗, ∗∗, and ∗ ∗ ∗ denote rejection of
the null hypothesis of equality of forecast mean squared errors with and without the
aggregate Oxford stringency index at the 10%, 5%, and 1% levels of significance,
respectively, using the modified Diebold and Mariano (1995) test with the Harvey
et al. (1997) adjustment.

11



Canada France Germany Italy Japan UK US

h = 7

Deep pooled 0.916 0.900 0.853 0.911 0.741 0.764 0.896
Deep idiosyncratic 0.683∗ 0.677∗ 0.793∗ 1.120 0.661∗ 1.052 0.987
Deep time-series 1.103 1.005 0.920 0.793 0.902 0.948 1.193
PVAR(28) 0.621∗∗∗ 0.769∗ 0.826∗ 0.879∗ 0.645∗∗ 0.722 0.454∗∗∗

h = 14

Deep pooled 0.954 0.906 0.880 0.935 0.742 1.029 0.883
Deep idiosyncratic 0.795 0.672∗∗ 0.793∗ 1.132 0.717 1.160 0.981
Deep time-series 1.138 0.954 0.877 0.736 0.873 0.985 1.212
PVAR(28) 0.640∗∗∗ 0.762∗ 0.838∗ 0.895 0.630∗∗ 0.714 0.426∗∗∗

h = 21

Deep pooled 0.926 0.917 0.928 0.947 0.727 1.022 0.894
Deep idiosyncratic 0.721 0.685∗ 0.853 1.133 0.772 1.021 1.005
Deep time-series 1.093 0.953 0.945 0.762 0.871 0.922 1.062
PVAR(28) 0.669∗∗∗ 0.775∗ 0.842∗ 0.899∗∗ 0.659∗ 0.709 0.428∗∗∗

Table B.7: RMSE ratios, comparing the forecast accuracy of each respective model
with and without the aggregate Oxford stringency index at 7, 14, and 21 days ahead
over the sample May 1, 2022 to December 24, 2022. Ratios < 1 indicate superior
predictive ability for the model with the stringency index. For a description of the
4 forecasting models, see the notes to Table 1. ∗, ∗∗, and ∗ ∗ ∗ denote rejection of
the null hypothesis of equality of forecast mean squared errors with and without the
aggregate Oxford stringency index at the 10%, 5%, and 1% levels of significance,
respectively, using the modified Diebold and Mariano (1995) test with the Harvey
et al. (1997) adjustment.
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Canada France Germany Italy Japan UK US

h = 7

Deep pooled 0.934 0.847∗∗ 0.880∗ 1.027 0.963 0.852∗ 0.867
Deep idiosyncratic 0.821∗∗ 0.914 1.029 0.843 1.010 1.017 0.892
Deep time-series 0.860 1.053 1.041 0.928 1.087 0.864 1.074

PVAR(28) 0.870 0.591∗∗∗ 1.044 0.741 1.023 0.887 0.764

h = 14

Deep pooled 0.915 0.895∗ 0.889∗ 0.932 0.901 0.894∗ 0.929
Deep idiosyncratic 0.775∗∗ 0.914 1.039 0.792∗ 0.942 0.957 0.864
Deep time-series 0.886 1.079 1.034 0.970 1.108 0.838 1.040

PVAR(28) 0.855 0.549∗∗∗ 1.128 0.720 1.032 0.881 0.764

h = 21

Deep pooled 0.897 0.886∗ 0.859∗∗ 0.878∗∗ 0.880∗ 0.939 0.898∗∗

Deep idiosyncratic 0.777∗∗ 0.893 1.066 0.769∗∗ 0.885 0.927 0.834∗

Deep time-series 0.951 1.096 1.027 0.969 1.095 0.860 1.009
PVAR(28) 0.859 0.521∗∗∗ 1.218 0.716 1.060 0.870 0.759

Table B.8: RMSE ratios, comparing the forecast accuracy of each respective model
with and without the disaggregate Oxford stringency index at 7, 14, and 21 days
ahead over the sample February 6, 2021 to April 30, 2022. Ratios < 1 indicate
superior predictive ability for the model with the stringency index. For a description
of the 4 forecasting models, see the notes to Table 1. ∗, ∗∗, and ∗∗∗ denote rejection
of the null hypothesis of equality of forecast mean squared errors with and without
the aggregate Oxford stringency index at the 10%, 5%, and 1% levels of significance,
respectively, using the modified Diebold and Mariano (1995) test with the Harvey
et al. (1997) adjustment.
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Canada France Germany Italy Japan UK US

h = 7

Deep pooled 1.020 0.771 0.769 0.600∗ 0.743∗ 0.734∗ 0.719∗∗

Deep idiosyncratic 0.950 0.763 0.717∗∗ 0.893 0.733 1.152 1.027
Deep time-series 1.712 1.150 1.272 0.854 1.039 1.192 1.081
PVAR(28) 0.558∗∗∗ 0.914 0.852 0.950 0.547∗∗ 0.652 0.373∗∗∗

h = 14

Deep pooled 1.027 0.870 0.795 0.627∗ 0.796 0.797 0.717∗∗

Deep idiosyncratic 0.852 0.867 0.807 0.893 0.782 1.195 1.029
Deep time-series 1.698 1.084 1.243 0.799 1.081 1.309 1.097
PVAR(28) 0.568∗∗∗ 0.879 0.878 0.956 0.535∗∗ 0.661 0.356∗∗∗

h = 21

Deep pooled 1.007 0.872 0.781 0.624∗ 0.766 0.764∗ 0.716∗∗

Deep idiosyncratic 0.759 0.795 0.819 0.848 0.903 1.042 0.943
Deep time-series 1.660 1.047 1.541 0.809 1.068 1.227 1.015
PVAR(28) 0.578∗∗∗ 0.890 0.869 0.965 0.579∗∗ 0.688 0.398∗∗∗

Table B.9: RMSE ratios, comparing the forecast accuracy of each respective model
with and without the disaggregate Oxford stringency index at 7, 14, and 21 days
ahead over the sample May 1, 2022 to December 24, 2022. Ratios < 1 indicate
superior predictive ability for the model with the stringency index. For a description
of the 4 forecasting models, see the notes to Table 1. ∗, ∗∗, and ∗∗∗ denote rejection
of the null hypothesis of equality of forecast mean squared errors with and without
the aggregate Oxford stringency index at the 10%, 5%, and 1% levels of significance,
respectively, using the modified Diebold and Mariano (1995) test with the Harvey
et al. (1997) adjustment.
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B.3 Temporal instabilities in forecast performance: The fluc-
tuation test

To compare the predictive performance of competing models in unstable environ-
ments, Giacomini and Rossi (2010) propose the fluctuation test. It utilizes the test
statistic of Diebold and Mariano (1995) computed over rolling out-of-sample windows
of size m. Given the evidence in Table B.8 that the disaggregate Oxford stringency
index improves the forecasts from the deep pooled model – on average over the period
February 6, 2021 through December 24, 2022 – Figure B.1 uses the fluctuation test
to test the null hypothesis that the local RMSE equals zero at each point in time.
When the test statistic (the solid blue line) crosses the critical values (the dashed
red line) equal forecast performance is rejected.
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Figure B.1: Giacomini and Rossi’s (2010) fluctuation test, obtained as the (stan-
dardized) difference between the MSE of the deep pooled model with and without
the disaggregated Oxford stringency index at h = 7. Negative values of the fluctua-
tion statistic imply that the model with the disaggregate stringency index is better.
Critical values are at the 10% level of significance.
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B.4 Empirical evidence using penalized models

In this section we present forecasting results adding an ℓ1 penalty on the weights of
each corresponding network estimator; see Section 3 of the main paper. We follow
the same forecasting design as in Section 4.1.1 of the main paper.

We start by presenting the results from the penalized estimation. In Table B.10
we report the RMSE ratio of each model with the aggregate Oxford stringency index
as considered in Table 2, i.e., deep pooled, deep idiosyncratic, and deep time-series
versus the deep pooled LASSO, deep idiosyncratic LASSO, and deep time-series
LASSO. Ratios less than one indicate superior predictive ability for the model with-
out the LASSO penalization. In Table B.11 we report the same metrics as in Table
B.10, but consider the disaggregated stringency index as considered in Table 3 in the
main paper.

In both Tables B.10–B.11 the evidence is compelling. We find that the more
heavily parameterized models – deep pooled, deep idiosyncratic, and deep time-series
– forecast better without penalization. On the face of it, this seems quite surprising,
given that in many other contexts penalized models have been found to forecast well.
But this finding can be understood in relation to the recent statistical literature on
so-called double descent ; see Hastie et al. (2022) and Kelly et al. (2022). We discuss
this issue further in Remark 5 in Section 3 of the main paper.

Canada France Germany Italy Japan UK US

Deep pooled 0.809 0.740 0.670 0.782 0.620 0.736 0.772
Deep pooled LASSO 0.097 0.120 0.173 0.117 0.191 0.126 0.111
Deep idiosyncratic 0.864 0.723 0.741 0.776 0.604 0.975 0.811
Deep idiosyncratic LASSO 0.147 0.169 0.197 0.165 0.226 0.158 0.177
Deep time-series 0.854 1.047 0.989 0.884 0.923 1.057 1.016
Deep time-series LASSO 0.318 0.294 0.397 0.310 0.475 0.281 0.262
PVAR(28) 0.212 0.280 0.206 0.175 0.296 0.216 0.168

Table B.10: RMSE ratios, comparing the forecast accuracy of each respective model
with the aggregate Oxford stringency index 7 days ahead when estimated with and
without penalization. Entries < 1 indicate superior predictive ability of the model
with no penalty.
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Canada France Germany Italy Japan UK US

Deep pooled 0.728 0.600 0.581 0.653 0.541 0.664 0.628
Deep pooled LASSO 0.094 0.133 0.164 0.096 0.213 0.113 0.087
Deep idiosyncratic 0.746 0.733 0.591 0.604 0.604 0.851 0.718
Deep idiosyncratic LASSO 0.146 0.160 0.218 0.159 0.236 0.147 0.143
Deep time-series 1.048 1.081 0.984 0.989 1.023 0.978 0.812
Deep time-series LASSO 0.278 0.320 0.397 0.286 0.438 0.288 0.339
PVAR(28) 0.203 0.198 0.219 0.162 0.301 0.209 0.209

Table B.11: RMSE ratios, comparing the forecast accuracy of each respective model
with the disaggregate Oxford stringency index 7 days ahead when estimated with
and without penalization. Entries < 1 indicate superior predictive ability of the
model with no penalty.
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C The effectiveness of policy: Disaggregated partial
derivatives

This section presents plots of the partial derivatives, (20), for those disaggregated
stringency measures from the Oxford index not shown in the main paper.
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Figure C.1: Partial derivatives: The effects of cancelling public events on new
COVID-19 cases 7, 14, 21, and 28 days after the policy change
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Figure C.2: Partial derivatives: The effects of imposing limits on gatherings on new
COVID-19 cases 7, 14, 21, and 28 days after the policy change
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Figure C.3: Partial derivatives: The effects of closing public transport on new
COVID-19 cases 7, 14, 21, and 28 days after the policy change
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Figure C.4: Partial derivatives: The effects of orders to “shelter-in-place” and other
stay-at-home orders on new COVID-19 cases 7, 14, 21, and 28 days after the policy
change
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Figure C.5: Partial derivatives: The effects of restrictions on internal movement
between cities/regions on new COVID-19 cases 7, 14, 21, and 28 days after the
policy change
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Figure C.6: Partial derivatives: The effects of restrictions on international travel on
new COVID-19 cases 7, 14, 21, and 28 days after the policy change. Note: this
records policy for foreign travellers, not citizens.
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Figure C.7: Partial derivatives: The effects of public information campaigns on
new COVID-19 cases 7, 14, 21, and 28 days after the policy change. Note: no
differentiated policies reported in this indicator.
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