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Introducción
Interpretación probabiĺıstica, funciones de error y activación

Optimización de los parámetros
Aplicación: Estimación Pobreza

Redes Neuronales

La redes neuronales son un modelo de función de aprendizaje
motivado por las conexiones entre neuronas en el cerebro.

El prototipo de modelo es la red neuronal (feedforward) o
perceptor multicapas.

Uno de los principales problemas que surgen es que la
optimización (de la función de verosimilitud) deja de ser
convexa y pueden existir múltiples puntos cŕıticos locales.

La maximización de la función de verosimilitud o minimización
del error cuadrático requiere del cálculo de algunas derivadas.
Esto se puede hacer eficientemente usando la técnica de
propagación hacia atrás (backpropagation).
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Interpretación probabiĺıstica, funciones de error y activación

Optimización de los parámetros
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propagación hacia atrás (backpropagation).

Alvaro J. Riascos Villegas Uniandes y Quantil | Matemáticas Aplicadas



Redes Neuronales

Por simplicidad vamos a describir los detalles de una red
neuronal con dos capas.

228 5. NEURAL NETWORKS

Figure 5.1 Network diagram for the two-
layer neural network corre-
sponding to (5.7). The input,
hidden, and output variables
are represented by nodes, and
the weight parameters are rep-
resented by links between the
nodes, in which the bias pa-
rameters are denoted by links
coming from additional input
and hidden variables x0 and
z0. Arrows denote the direc-
tion of information flow through
the network during forward
propagation.
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and follows the same considerations as for linear models discussed in Chapters 3 and
4. Thus for standard regression problems, the activation function is the identity so
that yk = ak. Similarly, for multiple binary classification problems, each output unit
activation is transformed using a logistic sigmoid function so that

yk = σ(ak) (5.5)

where

σ(a) =
1

1 + exp(−a)
. (5.6)

Finally, for multiclass problems, a softmax activation function of the form (4.62)
is used. The choice of output unit activation function is discussed in detail in Sec-
tion 5.2.

We can combine these various stages to give the overall network function that,
for sigmoidal output unit activation functions, takes the form
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(5.7)

where the set of all weight and bias parameters have been grouped together into a
vector w. Thus the neural network model is simply a nonlinear function from a set
of input variables {xi} to a set of output variables {yk} controlled by a vector w of
adjustable parameters.

This function can be represented in the form of a network diagram as shown
in Figure 5.1. The process of evaluating (5.7) can then be interpreted as a forward
propagation of information through the network. It should be emphasized that these
diagrams do not represent probabilistic graphical models of the kind to be consid-
ered in Chapter 8 because the internal nodes represent deterministic variables rather
than stochastic ones. For this reason, we have adopted a slightly different graphical



Redes Neuronales

Supongamos que tenemos D variables de entrada: {x1, ..., xD}
y M variables de salida {y1, ..., yM}.
Sean h1, h2 las funciones de activación (h2 la función de
activación de las salidas de la red).

Entonces las siguientes ecuaciones definen una red neuronal
(feed-forward):
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Redes Neuronales

Definamos z
(0)
i = xi , yj = z

(2)
j .

Si definimos variables adicionales x0 = 1, z
(1)
0 = 1 y z

(2)
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podemos escribir la red como:

yk(x ,w) = h2(
M∑

j=0

w
(2)
kj h1(

D∑

i=0

w
(1)
ji xi ))



Redes Neuronales

Definamos z
(0)
i = xi , yj = z

(2)
j .

Si definimos variables adicionales x0 = 1, z
(1)
0 = 1 y z

(2)
0 = 1,

podemos escribir la red como:

yk(x ,w) = h2(
M∑

j=0

w
(2)
kj h1(

D∑

i=0

w
(1)
ji xi ))



Red neuronal con dos capas

La terminoloǵıa refleja el hecho de que es necesario estimar dos
conjunto de pesos.228 5. NEURAL NETWORKS
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Red neuronal con dos capas

Propiedad de aproximación universal: Una red neuronal de dos
capas y salidas lineales, puede aproximar uniformemente a
cualquier función continua con dominio compacto siempre y
cuando se tengan suficientes neuronas.

Este resultado es válido para muchos tipos de funciones de
activación en la unidades ocultas (excepto polinomios).



Red neuronal con dos capas

Propiedad de aproximación universal: Una red neuronal de dos
capas y salidas lineales, puede aproximar uniformemente a
cualquier función continua con dominio compacto siempre y
cuando se tengan suficientes neuronas.

Este resultado es válido para muchos tipos de funciones de
activación en la unidades ocultas (excepto polinomios).



Red neuronal con dos capas, tres neuronas (regresión)
5.1. Feed-forward Network Functions 231

Figure 5.3 Illustration of the ca-
pability of a multilayer perceptron
to approximate four different func-
tions comprising (a) f(x) = x2, (b)
f(x) = sin(x), (c), f(x) = |x|,
and (d) f(x) = H(x) where H(x)
is the Heaviside step function. In
each case, N = 50 data points,
shown as blue dots, have been sam-
pled uniformly in x over the interval
(−1, 1) and the corresponding val-
ues of f(x) evaluated. These data
points are then used to train a two-
layer network having 3 hidden units
with ‘tanh’ activation functions and
linear output units. The resulting
network functions are shown by the
red curves, and the outputs of the
three hidden units are shown by the
three dashed curves.

(a) (b)

(c) (d)

will show that there exist effective solutions to this problem based on both maximum
likelihood and Bayesian approaches.

The capability of a two-layer network to model a broad range of functions is
illustrated in Figure 5.3. This figure also shows how individual hidden units work
collaboratively to approximate the final function. The role of hidden units in a simple
classification problem is illustrated in Figure 5.4 using the synthetic classification
data set described in Appendix A.

5.1.1 Weight-space symmetries
One property of feed-forward networks, which will play a role when we consider

Bayesian model comparison, is that multiple distinct choices for the weight vector
w can all give rise to the same mapping function from inputs to outputs (Chen et al.,
1993). Consider a two-layer network of the form shown in Figure 5.1 with M hidden
units having ‘tanh’ activation functions and full connectivity in both layers. If we
change the sign of all of the weights and the bias feeding into a particular hidden
unit, then, for a given input pattern, the sign of the activation of the hidden unit will
be reversed, because ‘tanh’ is an odd function, so that tanh(−a) = − tanh(a). This
transformation can be exactly compensated by changing the sign of all of the weights
leading out of that hidden unit. Thus, by changing the signs of a particular group of
weights (and a bias), the input–output mapping function represented by the network
is unchanged, and so we have found two different weight vectors that give rise to
the same mapping function. For M hidden units, there will be M such ‘sign-flip’

Capacidad de aproximación de una red. Los datos son los 50
puntos azules. Se entrena una red con dos capas, tres
neuronas, función de activación tanh, salidas lineales. Las
salidas de las tres neuronas ocultas se muestran con ĺıneas
punteadas.



Red neuronal con dos capas, dos neuronas (clasificación)
232 5. NEURAL NETWORKS

Figure 5.4 Example of the solution of a simple two-
class classification problem involving
synthetic data using a neural network
having two inputs, two hidden units with
‘tanh’ activation functions, and a single
output having a logistic sigmoid activa-
tion function. The dashed blue lines
show the z = 0.5 contours for each of
the hidden units, and the red line shows
the y = 0.5 decision surface for the net-
work. For comparison, the green line
denotes the optimal decision boundary
computed from the distributions used to
generate the data.
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symmetries, and thus any given weight vector will be one of a set 2M equivalent
weight vectors .

Similarly, imagine that we interchange the values of all of the weights (and the
bias) leading both into and out of a particular hidden unit with the corresponding
values of the weights (and bias) associated with a different hidden unit. Again, this
clearly leaves the network input–output mapping function unchanged, but it corre-
sponds to a different choice of weight vector. For M hidden units, any given weight
vector will belong to a set of M ! equivalent weight vectors associated with this inter-
change symmetry, corresponding to the M ! different orderings of the hidden units.
The network will therefore have an overall weight-space symmetry factor of M !2M .
For networks with more than two layers of weights, the total level of symmetry will
be given by the product of such factors, one for each layer of hidden units.

It turns out that these factors account for all of the symmetries in weight space
(except for possible accidental symmetries due to specific choices for the weight val-
ues). Furthermore, the existence of these symmetries is not a particular property of
the ‘tanh’ function but applies to a wide range of activation functions (Ku̇rková and
Kainen, 1994). In many cases, these symmetries in weight space are of little practi-
cal consequence, although in Section 5.7 we shall encounter a situation in which we
need to take them into account.

5.2. Network Training

So far, we have viewed neural networks as a general class of parametric nonlinear
functions from a vector x of input variables to a vector y of output variables. A
simple approach to the problem of determining the network parameters is to make an
analogy with the discussion of polynomial curve fitting in Section 1.1, and therefore
to minimize a sum-of-squares error function. Given a training set comprising a set
of input vectors {xn}, where n = 1, . . . , N , together with a corresponding set of

Capacidad de aproximación de una red: las lineas punteadas
son las salidas de cada una de las dos neuronas
(hipersuperifices). Funciones de activación tanh y salida
logistica sigmoid.

La ĺınea verde es el clasificador Bayesiano. La roja el
clasificador de la red.
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Introducción
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Interpretación probabiĺıstica, funciones de error y activación

Vamos a considerar tres casos que nos permitirán tener cierta
intuición sobre qué funciones de activiación y función de error
son adecuadas para utilizar en la redes.

Esto depende del tipo de problema:
1 Problemas de regresión: salidas lineales y sumas de errores

cuadráticos.
2 Clasificación binaria: salidas loǵısticas sigmoid y error entroṕıa

cruzada.
3 Para variables categoricas: salidas softmax y error la

generalizacion de la entropia cruzada a multiples clases. Esto
ofrece una alternativa para el caso de clasificación binaria.
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Interpretación probabiĺıstica, funciones de error y activación

Optimización de los parámetros
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Problema de regresión: una variable de salida

Supongamos que la muestra τ = {(x1, t1), ..., (xN , tN)} es
i.i.d. y que la distribución condicional p(t | x ,w , β) de t es de
la forma:

p(t | x ,w , β) = N(t | y(x ,w), β−1)

Es decir, la distribución condicional de las salidas a las
entradas es una distribción normal con una media que depende
de la salida de la red y(x ,w) y β es el parámetro de precisión.
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Problema de regresión: una variable de salida
En este caso la función de verosimilitud es:

L(t,X ,w , β) =
∏

p(tn | xn,w , β)

Si escribimos la función negativa de la función log
verosimilitud obtenemos:

β

2

N∑

n=1

(y(x ,w)− tn)2 − N

2
log(β) +

N

2
log(2π)

Luego la maximización de la función de verosimilitud es
equivalente a minimizar:

E (w) =
1

2

N∑

n=1

(y(xn,w)− tn)2

y β satisface:

1

β
=

1

N

N∑

n=1

(y(xn, ŵ)− tn)2

Esta aproximación se generaliza al caso de regresión con
varias salidas.
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Problema de clasificación binario

Supongamos ahora que usamos como función de activación de
salida la función loǵıstica: y = 1

1+exp(−a) .

La distribución condicional p(t | x ,w) es:

p(t | x ,w) = y(x ,w)t(1− y(x ,w))1−t

Suponiendo que la muestra es i.i.d entonces la función
negativa de la función de verosimilitud es:

E (w) = −
N∑

n=1

(tn log(yn) + (1− tn)(1− log(yn)))

donde yn = y(xn,w). Esta función es también conocida como
entropia cruzada.
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Interpretación probabiĺıstica, funciones de error y activación

Optimización de los parámetros
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salida la función loǵıstica: y = 1

1+exp(−a) .

La distribución condicional p(t | x ,w) es:

p(t | x ,w) = y(x ,w)t(1− y(x ,w))1−t

Suponiendo que la muestra es i.i.d entonces la función
negativa de la función de verosimilitud es:

E (w) = −
N∑

n=1

(tn log(yn) + (1− tn)(1− log(yn)))

donde yn = y(xn,w). Esta función es también conocida como
entropia cruzada.
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Problema de clasificación binario

En este caso no existe un análogo a la precisión (del caso de
regresión) pero se puede extender el modelo para permitir
errores en la marca.

Usar la la entropia cruzada es más eficiente
computacionalmente que usar error cuadrático y generaliza
mejor (Simard et.al (2003)).

Todo generaliza de forma natural al caso de varias
clasificaciones binarias independientes.
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Múltiples problemas de clasificación binarios
(independientes)
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Problema de clasificación en varias categorias

Supongamos que una instancia puede esta en una de K
categorias mutuamente excluyentes.

La función de error en este caso es:

E (w) = −
N∑

n=1

K∑

k=1

(tkn log(yk(xn,w))

y la función de activación de salida es:

yk(x ,w) =
exp(ak(x ,w)∑
j exp(aj(x ,w))
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Optimización de los parámetros

Las redes neuronales tiene una multiplicidad de
representaciones derivadas de las simetŕıa con respecto a los
parámetros. Esto explica que existan muchos ḿınimos
equivalentes.

También pueden existir ḿınimos locales.

Los métodos numéricos todos se basan de algun forma en una
iteración de la forma:

w τ+1 = w τ + ∆w τ
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Gradiente descendente

El error, en un punto cŕıtico w∗ puede aproximarse localmente
por:

E (w) ≈ E (w∗) +
1

2
(w − w∗)TH(w − w∗)

y una estrategia para aproximarse al punto cŕıtico es usar la
información del gradiente. La implementación más sencilla de
esta idea es el método del gradiente descendente:

w τ+1 = w τ − η5 E (w τ )

donde η se conoce como la tasa de aprendizaje.

Obsérvese que para calcular 5w τ es necesario usar toda la
muestra de entrenamiento (i.e., se conoce como método
batch).

Alvaro J. Riascos Villegas Uniandes y Quantil | Matemáticas Aplicadas
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Gradiente descendente secuencial o estocástico

El error en muchos problemas es de la forma:
E (w) =

∑N
i=1 En(w), donde En(w) depende únicamente del

error que se tiene con el ejemplo (xn, tn).

La idea del método del gradiente descendente es iterar
estocásticamente sobre n en la ecuación:

w τ+1 = w τ − η5 En(w τ )

Obsérvese que en cada actualización solo se usa un punto de
la base de entrenamiento elegido aleatoriamente.

Se conoce como un método en ĺınea (online).

Alternativamente se puede elegir un muestra pequeña (mini
batch) para calcular el 5Eni (w

τ ).

Una tercera alternativa es iterar secuencialmente sobre la
muestra (elegir aleatoriamente puntos sin reemplazo de la
muestra).
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estocásticamente sobre n en la ecuación:

w τ+1 = w τ − η5 En(w τ )

Obsérvese que en cada actualización solo se usa un punto de
la base de entrenamiento elegido aleatoriamente.

Se conoce como un método en ĺınea (online).
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Gradiente descendente secuencial o estocástico

Es un método útil porque evita calculos redundantes (e.g.,
suponga que se hacen dos copias de la base de datos).
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Back propagation

El método más popular de entrenamiento de una red es
conocido como back propagation y es una forma eficiente de
estimar 5E .

Dada una función de error: E (w) =
∑N

i=1 En(w) vamos a
concentrarnos en estimar el gradiente de En.
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Back propagation
Aprovechando la estrutura recursiva del modelo se puede
demostrar que:

1 Deltas:

δ[L] = h′(a[L]) · (zL − y)

δ[l ] = h(z [l ]) · (W [l+1])T δ[l+1]

2 Derivadas parciales:

∂E

∂b
[l ]
j

= δ
[l ]
j

∂E

∂w
[l ]
jk

= z
[l−1]
k

Osérvese que se pueden estimar todos los z y a haciendo una
simulación hacia adelante del modelo (forward pass). Con esto
valores se obtiene los delta.
Con una simulación hacia atrás se obtienen las derivadas
parciales del error con respecto a los parámetros.
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Estimación de la Pobreza usando Aprendizaje de Máquinas

Muchos páıses no tienen estimaciones confiables de la riqueza
(activos) o consumo.

Es es un problema más pronunciado a nivel local.

Basado en: Combining satellite imagery and machine learning
to predict poverty. 2016. Science.

La estrategia del art́ıculo es:
1 Pre-entrenar una red neuronal convolucional.
2 Estimar una red convolucional para predecir la luminosidad de

una región usando imagenes satelitales. Esta red permite
caracterizar en baja dimensión los aspectos relevantes de las
imágenes que caracterizan la luminosidad (features).

3 Entrenar para páıses (comparables), con mediciones de
pobreza confiables, un modelo de aprendizaje de máqinas que
(regresión de Ridge), usando los features de la red del segundo
paso, caracterice medidas de riqueza (activos) y consumo.
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Motivación

from 1000 different categories (18). In learning to
classify each image correctly (e.g., “hamster”
versus “weasel”), the model learns to identify low-
level image features such as edges and corners
that are common to many vision tasks (19).
Next, we build on the knowledge gained from

this image classification task and fine-tune the
CNN on a new task, training it to predict the
nighttime light intensities corresponding to input
daytime satellite imagery. Here we use the word
“predict” to mean estimation of some property
that is not directly observed, rather than its com-
monmeaning of inferring something about the
future. Nightlights are a noisy but globally
consistent—and globally available—proxy for
economic activity. In this second step, the model
learns to “summarize” the high-dimensional input
daytime satellite images as a lower-dimensional
set of image features that are predictive of the
variation in nightlights (see Fig. 2). The trained
CNN can be treated as a feature extractor that
has learned a nonlinearmapping from each input
image to a concise feature vector representation
(supplementarymaterials 1.1). Both daytime imag-
ery (drawn here from the Google Static Maps
API) and nightlights (20) are available at relatively
high resolutions for the entire global land surface,
providing a very large labeled training data set.
Finally, we use mean cluster-level values from

the survey data along with the corresponding
image features extracted from daytime imagery
by the CNN to train ridge regressionmodels that
can estimate cluster-level expenditures or assets.
Regularization in the ridgemodel guards against
overfitting, a potential challenge given the high
dimensionality of the extracted features and the
relatively small survey data sets. Intuitively, we
expect that some subset of the features that ex-
plain variation in nightlights is also predictive of
economic outcomes.
How might a model partially trained on an

imperfect proxy for economic well-being—in this
case, the nightlights used in the second training
step above—improve upon the direct use of this
proxy as an estimator of well-being? Although
nightlights display little variation at lower ex-
penditure levels (Fig. 1, C to F), the survey data
indicate that other features visible in daytime
satellite imagery, such as roofing material and
distance to urban areas, vary roughly linearly with
expenditure (fig. S2) and thus better capture
variation among poorer clusters. Because both
nightlights and these features show variation
at higher income levels, training on nightlights
can help the CNN learn to extract features like
these that more capably capture variation across
the entire consumption distribution.
Nightlights also have difficulty distinguishing

betweenpoor, denselypopulatedareasandwealthy,
sparsely populated areas, an added motivation
for not using nightlights to estimate per capita
consumption. Our approach does not depend on
nightlights being able to make this distinction,
and instead uses nightlights only as intermediate
labels to learn image features that are correlated
with economic well-being. The final step of our
analysis, in which we train a model to directly

estimate local per capita outcomes from daytime
image features, does not rely on nightlights.
Visualization of the extracted image features

suggests that the model learns to identify some
livelihood-relevant characteristics of the landscape
(Fig. 2). The model is clearly able to discern se-
mantically meaningful features such as urban
areas, roads, bodies ofwater, andagricultural areas,
even though there is no direct supervision—that
is, the model is told neither to look for such fea-
tures, nor that they could be correlated with eco-
nomic outcomes of interest. It learns on its own
that these features are useful for estimating

nighttime light intensities. This is in contrast
to existing efforts to extract features from sat-
ellite imagery, which have relied heavily onhuman-
annotated data (21).

Results

Our transfer learningmodel is strongly predictive
of both average household consumption expend-
iture and asset wealth as measured at the cluster
level across multiple African countries. Cross-
validated predictions based on models trained
separately for each country explain 37 to 55% of
the variation in average household consumption

SCIENCE sciencemag.org 19 AUGUST 2016 • VOL 353 ISSUE 6301 791

Fig. 1. Poverty data gaps. (A) Number of nationally representative consumption surveys occurring in
each African country between 2000 and 2010. (B) Same as (A), for DHS surveys measuring assets. (C to
F) Relationship between per capita consumption expenditure (measured in U.S. dollars) and nightlight
intensity at the cluster level for four African countries, based on household surveys. Nationally repre-
sentative share of households at each point in the consumption distribution is shown beneath each panel
in gray. Vertical red lines show the official international extreme poverty line ($1.90 per person per day),
and black lines are fits to the data with corresponding 95% confidence intervals in light blue.
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Caracterización Pobreza

across four countries for which recent survey
data are available (Fig. 3), and 55 to 75% of the
variation in average household asset wealth across
five countries with recent survey data (fig. S3).
Models trained on pooled consumption or asset
observations across all countries (hereafter “pooled
model”) perform similarly, with cross-validated
predictions explaining 44 to 59% of the overall
variation in these outcomes (fig. S4).
This high overall predictive power is achieved

despite a lack of temporal labels for the daytime
imagery (i.e., the exact date of each image is un-
known), as well as imperfect knowledge of the
location of the clusters, as up to 10 km of random
noise was added to cluster coordinates by the
data collection agencies to protect the privacy
of survey respondents. Predictive power for assets
is nearly uniformly higher than for consumption,
perhaps reflecting the larger sample sizes avail-
able in the asset surveys; that the asset index is
thought to serve as a better proxy for households’
longer-run economic status (16, 17) (which could
be better correlated with landscape features that
change slowly over time); and/or the possibility
that certain assets in the index (such as roof type)
are directly identified in extracted features (see
supplementarymaterials 2.1).We investigate these
potential explanations by constructing our own
asset index from variables available in theUganda
LSMS and comparing predictive performance for
that index relative to performance for consump-
tion measured in the same survey. We find that
differences in the outcome being measured, rather
than differences in survey design or direct identi-
ficationofkeyassets indaytime imagery, likelyexplain
these performance differences (see supplementary
materials 2.1 and fig. S5). Finally, asset-estimation
performance of our model in Rwanda surpasses
performance in a recent study using cell phone data
to estimate identical outcomes (11) (cluster-level r2 =
0.62 in that study, and r2 = 0.75 in our study; r2 is
the coefficient of determination), again with the
added advantage that our predictions can be con-
structed entirely from publicly available data, ob-
viating the need to obtain and evaluate proprietary
data sets when scaling across countries.
To test whether our transfer learning model

improves upon the direct use of nightlights to
estimate livelihoods, we ran 100 trials of 10-fold
cross-validation separately for each country and
for the pooled model, each time comparing the
predictive power of our transfer learning model
to that of nightlights alone. To understand rel-
ative performance on different subsets of the
consumption distribution, trials were run sep-
arately with the sample of clusters restricted to
those whose average consumption fell below
each quintile of the consumption distribution.
The same procedure was repeated for assets.
Despite being trained partially on nightlights,

our model is on average substantially more pre-
dictive of variation in consumption and assets
than nightlights alone. For expenditures, our
model outperforms nightlights at nearly all points
in the consumption distribution, for both the
pooledmodel and for countries run independently
(Fig. 4A and fig. S6). In the pooled setting, for

792 19 AUGUST 2016 • VOL 353 ISSUE 6301 sciencemag.org SCIENCE

Fig. 2. Visualization of features. By column: Four different convolutional filters (which identify, from left
to right, features corresponding to urban areas, nonurban areas, water, and roads) in the convolutional
neural network model used for extracting features. Each filter “highlights” the parts of the image that
activate it, shown in pink. By row: Original daytime satellite images from Google Static Maps, filter ac-
tivation maps, and overlay of activation maps onto original images

Fig. 3. Predicted cluster-level consumption from transfer learning approach (y axis) compared to
survey-measured consumption (x axis). Results are shown for Nigeria (A),Tanzania (B), Uganda (C), and
Malawi (D). Predictions and reported r2 values in each panel are from fivefold cross-validation. Black line is the
best fit line, and red line is international poverty line of $1.90 per person per day. Both axes are shown in
logarithmic scale. Countries are ordered by population size.
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Estimación Pobreza

across four countries for which recent survey
data are available (Fig. 3), and 55 to 75% of the
variation in average household asset wealth across
five countries with recent survey data (fig. S3).
Models trained on pooled consumption or asset
observations across all countries (hereafter “pooled
model”) perform similarly, with cross-validated
predictions explaining 44 to 59% of the overall
variation in these outcomes (fig. S4).
This high overall predictive power is achieved

despite a lack of temporal labels for the daytime
imagery (i.e., the exact date of each image is un-
known), as well as imperfect knowledge of the
location of the clusters, as up to 10 km of random
noise was added to cluster coordinates by the
data collection agencies to protect the privacy
of survey respondents. Predictive power for assets
is nearly uniformly higher than for consumption,
perhaps reflecting the larger sample sizes avail-
able in the asset surveys; that the asset index is
thought to serve as a better proxy for households’
longer-run economic status (16, 17) (which could
be better correlated with landscape features that
change slowly over time); and/or the possibility
that certain assets in the index (such as roof type)
are directly identified in extracted features (see
supplementarymaterials 2.1).We investigate these
potential explanations by constructing our own
asset index from variables available in theUganda
LSMS and comparing predictive performance for
that index relative to performance for consump-
tion measured in the same survey. We find that
differences in the outcome being measured, rather
than differences in survey design or direct identi-
ficationofkeyassets indaytime imagery, likelyexplain
these performance differences (see supplementary
materials 2.1 and fig. S5). Finally, asset-estimation
performance of our model in Rwanda surpasses
performance in a recent study using cell phone data
to estimate identical outcomes (11) (cluster-level r2 =
0.62 in that study, and r2 = 0.75 in our study; r2 is
the coefficient of determination), again with the
added advantage that our predictions can be con-
structed entirely from publicly available data, ob-
viating the need to obtain and evaluate proprietary
data sets when scaling across countries.
To test whether our transfer learning model

improves upon the direct use of nightlights to
estimate livelihoods, we ran 100 trials of 10-fold
cross-validation separately for each country and
for the pooled model, each time comparing the
predictive power of our transfer learning model
to that of nightlights alone. To understand rel-
ative performance on different subsets of the
consumption distribution, trials were run sep-
arately with the sample of clusters restricted to
those whose average consumption fell below
each quintile of the consumption distribution.
The same procedure was repeated for assets.
Despite being trained partially on nightlights,

our model is on average substantially more pre-
dictive of variation in consumption and assets
than nightlights alone. For expenditures, our
model outperforms nightlights at nearly all points
in the consumption distribution, for both the
pooledmodel and for countries run independently
(Fig. 4A and fig. S6). In the pooled setting, for
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Fig. 2. Visualization of features. By column: Four different convolutional filters (which identify, from left
to right, features corresponding to urban areas, nonurban areas, water, and roads) in the convolutional
neural network model used for extracting features. Each filter “highlights” the parts of the image that
activate it, shown in pink. By row: Original daytime satellite images from Google Static Maps, filter ac-
tivation maps, and overlay of activation maps onto original images

Fig. 3. Predicted cluster-level consumption from transfer learning approach (y axis) compared to
survey-measured consumption (x axis). Results are shown for Nigeria (A),Tanzania (B), Uganda (C), and
Malawi (D). Predictions and reported r2 values in each panel are from fivefold cross-validation. Black line is the
best fit line, and red line is international poverty line of $1.90 per person per day. Both axes are shown in
logarithmic scale. Countries are ordered by population size.
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