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"Worth a Thousand Words"
Figure 4.5. Largest Trade Flows, 1995 Versus 2015

(Billions of US dollars)

 
"A focus on the largest bilateral trade flows in 1995 and 2015 suggests that global production is broadly organized around three poles, though 
with changing intensity: the North America pole organized around the United States with Canada and Mexico; the European factory centered 
around Germany; and the Asian factory. There are also important links between the three production poles, in particular between the United 
States and Asia. While poles remained broadly intact from a regional perspective between 1995 and 2015, they changed within and intensified 
over time—with Asia experiencing the most notable changes. In 1995, Japan was at the center of factory Asia, whereas China now plays a 
central role, and some goods that Japanese firms used to ship directly to the United States are now first shipped to China for further process-
ing" (p.108).

Sources: Organisation for Economic Co-operation and Development, Trade in Value Added database; and IMF staff calculations.
Note: Countries with largest export in year (> = 1 percent of world GDP in 1995 and 2015, respectively), deflated by the US GDP deflator. 
The size of the bubbles represents the world share of a country's GDP. Data labels use International Organization for Standardization (ISO) 
country codes.

Citation
Figure 4.5 from International Monetary Fund. 2019. World Economic Outlook:Growth Slowdown, Precarious Recovery. Washington, DC, 
April.
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From the President

Kanchan Chandra
kanchan.chandra@gmail.com

I am grateful to the editors of the Political Economy Newsletter, John Ahlquist, Megumi 
Naoi and Christina Schneider, for putting together this issue on “Geography, Remote 
Sensing, & Political Economy.”

The Fall 2019 issue of the Political Economy Newsletter will be the last issue 
published by this editorial team. The search for a new editorial team is now open. We 
welcome proposals/expressions of interest by or before September 15, 2019 (Please see 
the announcement in this issue of the newsletter). The new editorial team will be named 
by October 1, 2019, and publish their first issue of the newsletter in Spring 2020.

Our next annual meeting, on the theme of “Populism and Privilege”, will be held in 
Washington D.C. from August 29-September 1, 2019. The Program Chairs of the Politi-
cal Economy Section are Scott Abramson (University of Rochester) and Alisha Holland 
(Princeton University).

At that meeting, the Political Economy Section will announce the winners for our 
four section awards: the William H. Riker Book Award, the Michael Wallerstein Article 
Award, the McGillivray Best Paper Award and the Mancur Olson Best Dissertation Award. 
The deadline for nominations was April 20, and our award committees are now in the 
process of evaluating the nominated work. 

We look forward to seeing you in Washington D.C.

APSA Section 25/Political Economy seeks proposals to edit the section’s newsletter, The 
Political Economist.  Proposals should identify the editor or editorial team and include 
a description of how the editorial team will collaborate, ideas about future newsletters 
or other initiatives, and a discussion of institutional support (if any).  Proposals should 
not exceed 500 words.

For full consideration, please submit proposals electronically to Isabela Mares, 
Committee Chair, isabela.mares@yale.edu by September 15, 2019.  The committee will 
make a selection by October 1, 2019.

The Political Economist is published twice per year.  It typically consists of a letter 
from the editors, a message from the section chair, three essay contributions on a particular 
theme (750-1,250 words each), and information about award deadlines and awardees. 

The editorial team is normally appointed for a two-year term. The editors exercise 
discretion over the contents and layout. They choose the issue theme and recruit the 
contributors. They work with the section chair to make sure that all relevant section infor-
mation is included. A copy editor formats the newsletter; the editors oversee this process. 
The editors are in charge of uploading the newsletter to the APSA section webpage and 
The Political Economist google webpage (links below). 

APSA section webpage: https://www.apsanet.org/section25

The Political Economist google webpage: https://sites.google.com/a/umich.edu/politi-
cal-economist-newsletter/

The outgoing team (John Ahlquist, Megumi Naoi, and Christina Schneider) will produce 
their final issue for Fall 2019. The new team will take over on Jan 1, 2020.  The outgoing 
editors will provide all relevant information and answer any questions as the new team 
produces its first issue for Spring 2020.

Call for Editors

https://www.apsanet.org/section25
https://urldefense.proofpoint.com/v2/url?u=https-3A__sites.google.com_a_umich.edu_political-2Deconomist-2Dnewsletter_&d=BQMF-g&c=8hUWFZcy2Z-Za5rBPlktOQ&r=-UzlFbOVsHWMCTijdODrgp3tvYOu2WLR2K5L-jLBeNg&m=I_fnkwdCY2PcoZ4HZImoWZ9J54O3G-BJ_YHn04F2ppU&s=TLI9GbYJ5j2V14G7QwTWPHYARQtYgourWL0qgr_Z15o&e=
https://urldefense.proofpoint.com/v2/url?u=https-3A__sites.google.com_a_umich.edu_political-2Deconomist-2Dnewsletter_&d=BQMF-g&c=8hUWFZcy2Z-Za5rBPlktOQ&r=-UzlFbOVsHWMCTijdODrgp3tvYOu2WLR2K5L-jLBeNg&m=I_fnkwdCY2PcoZ4HZImoWZ9J54O3G-BJ_YHn04F2ppU&s=TLI9GbYJ5j2V14G7QwTWPHYARQtYgourWL0qgr_Z15o&e=
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Christina Schneider
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From the Editors
We chose “Geography, Remote Sensing, & Political Economy” for our Spring 2019 theme, in recognition of the growing troves 
of geo-located data and remote sensing tools (i.e., satellite and drone imagery).  As our contributors make clear, exploiting these 
tools requires assembling research teams with new combinations of skills and knowledge.  These include deep contextual under-
standing of place, basic familiarity with the physics of light in the atmosphere, digital image processing and computer vision, 
mapping and Geographic Information Systems (GIS), and statistical models for spatial dependence and discontinuity.  

Such granular data, however, also advance concept formation and theory.  This is most pronounced when dealing with the 
problem of aggregation which goes by the arcane-sounding name of  “modifiable areal unit problem” (MAUP). When decid-
ing how to aggregate observations from discrete units - houses, conflict sites, individuals - into groups or regions, what is the 
underlying theory of political or social geography? Can we link aggregate statistics (precinct or district vote totals, measures 
of inequality) with observations at the geo-referenced level?  At what point are specific observations sufficiently far apart that 
we might consider them independent?  How does this change over time as human transportation and communication networks 
evolve?

We are pleased to assemble reports from three sets of scholars currently using remote sensing tools to the study foundational 
political economy questions.  Gordon McCord (UC San Diego) describes how geography (and new tools to work with geographic 
data) connect to old political economy questions. He goes on to provide an overview of studies using remote sensing in develop-
ment economics, highlighting how remote sensing tools are being brought into policymaking.  Jennifer Alix-Garcia (Oregon 
State University) & Emily Sellars (Yale University) reflect on their work using geographic data to study development over the 
long term.  They make the important point that the political and social effects of “geography” are not fixed and exogenous, even 
if major geographic features evolve only slowly with respect to human societies. For example, due to advances in medicine 
and public health infrastructure, formerly disease-prone coastal areas of Mexico are no longer economically disadvantaged.  
“Geographic conditions that were an asset in some eras thus became a liability in others and vice versa.” David Dow & Erik 
Wibbels (Duke University) argue that remote sensing data will require us to devise theories and research designs at “the scale 
at which the actual human beings…live,” rather than simply relying on data aggregated into arbitrary units.  They illustrate the 
point - and concomitant challenges - using their experiences studying slums in India.

In sum, remote-sensing tools and geo-located data are not simply an advancement in measurement technology. They provide 
deeper and broader opportunities for us to rethink fundamental questions in political economy, such as development, redistribu-
tion and diffusion and interdependence of policies.  

mailto:jahlquist@ucsd.edu
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Feature Essay
Persistence and Place: History and Geography in Political Economy
Jennifer Alix-Garcia, Oregon State University and Emily A. Sellars, Yale University

continued on page 5 

What accounts for differences in long-run development across countries and regions? Geography plays a central role in many theories 
of political and economic development, from early works emphasizing land productivity and proximity to markets (e.g., Baldwin 1956, 
von Thünen 1966) to more recent arguments about resource endowments (e.g., Engerman and Sokoloff 1997), disease burdens (e.g., 
Sachs and Malaney 2002), and terrain ruggedness (e.g., Nunn and Puga 2012). Even works that do not directly engage with geography 
frequently rely on proxies of geographic advantage - soil quality, slope, elevation, distance to important places, and climate conditions 
- as control variables to rule out alternative explanations for both historical and contemporary patterns of development. 
 In this essay, we highlight some of the empirical and theoretical challenges associated with studying geography and political 
economy over the long term, drawing on some of our recent work (Sellars and Alix-Garcia 2018, Alix-Garcia and Sellars 2018) and 
that of others.

Physical characteristics may not change, but their effects do
Scholars often think of geographic fundamentals as remaining constant over time. Though humans may transform their natural 

environment in various ways, the baseline characteristics of a location - for example, whether the terrain is uneven or the soil fertile - 
are usually thought of as “exogenous” and causally prior to any human-created changes.  After all, mountains do not usually move, soil 
quality evolves in geologic time, and climate conditions, until recently, tended to shift slowly relative to most political and economic 
outcomes of interest. However, technology and policy can alter the consequences of time-invariant geographic factors, which poses 
some challenges for empirical work.   

Consider the two sets of maps below, taken from our study on Mexican urbanization (Alix-Garcia and Sellars 2018). A motivating 
question of our work is whether and how the influence of geography on urban development has changed over time. That is, are the 
places that were “geographically advantaged” during the colonial era still benefiting from superior geography, or have policies and 
technology succeeded in restructuring the nature of geographic advantage? In Map (a), we plot the predicted probability that each 
225-km2 grid cell contains a city in 1900 given its geographic characteristics. In these models, we allow the geographic fundamentals 
of each grid-cell - elevation, potential maize productivity, distance to coast, and distance to fresh water source - to shift, holding all 
other variables constant at the mean. In Map (b), we show the change in the predicted probability that a grid-cell contains a city given 

its geographic characteristics in 2010 relative to 1900.
For simplicity, focus on one time-invariant geographic characteristic: whether the grid cell is located along the coastline. For 

much of Mexico’s history, areas along the disease-prone coasts were underdeveloped relative to the central altiplano. By 2010, the 
geographic disadvantage of being in low-lying coastal areas had diminished substantially due to improvements in sanitation and the 
disease environment, and the government had invested large sums of money in the development of tourist areas in coastal regions. 

Figure 1: The Changing Role of Physical Geography Over Time

Figure a: Probability of urbanization in 1900, based on geo-
graphic covariates

Figure b: Probability of urbanization in 2010, relative to 
1900, as predicted by geographic covariates
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Alix-Garcia & Sellars Feature Essay...continued from page 4

Figure 2: Urbanization and Subnational Boundaries

Conversely, by 2010, and unlike earlier eras, terrain ruggedness had begun to act as a drag on urban development. Geographic condi-
tions that were an asset in some eras thus became a liability in others and vice versa. 

We are not the first to recognize that the effects of geography are not immutable and that technology conditions geographic ad-
vantage (e.g., Bosker et. al 2013; Henderson et. al 2018). However, the evolving relationship between geography and development has 
implications for empirical work that sometimes go unnoticed. For example, when examining the long-term effects of policy shocks or 
institutions, it may be not be enough to “control for” time-invariant factors through fixed effects or other strategies that do not flexibly 
change with time. What it means to be near a coast changes, and often so does the covariance between the distance to coastline and 
most outcomes of economic or political interest.

Selecting the appropriate unit of analysis can be challenging
Our research on long-term development and institutional change in Mexico has also changed the way we think about a seemingly 

simple topic: selecting the appropriate unit of analysis. Subnational territorial units are seldom stable over time; in fact, boundaries 
change endogenously based on political conflicts, population growth, and other factors that may be of direct empirical interest (e.g., 
Grossman and Lewis 2014). This can make it challenging to identify the correct unit of analysis in long-term studies, where important 
variables may be reported at different levels of analysis.

In our paper on the effects of Mexico’s 16th-century population collapse on past and present land institutions (Sellars and Alix-
Garcia 2018), we were faced with the problem of tracing continuities and changes in Mexico’s land system over more than 400 years, 
through numerous changes in political structure and subnational territorial divisions. Mexico’s 20th-century political boundaries, the 
level at which our outcomes and many covariates were measured, do not nest into the colonial administrative units at which colonial 
population data were reported. Even more complicated, a central contribution of this paper was in tracing how the historical legacy 
of the population shock changed over time, requiring us to examine intermediate outcomes measured at yet another level of aggrega-
tion. We ultimately decided to conduct the analysis at the level of disaggregation of the main outcome variable and key conditioning 
variables, addressing spatial dependence in various ways. Though our results ended up being insensitive to our choice of aggregation, 
the process of writing this paper highlighted the theoretical and empirical challenges associated with studying the long-term effects 
of historical events or institutions. Should we measure historical persistence at the level at which the initial shock was recorded, at 
which modern outcomes are measured, at which mediating factors either built upon or undermined the early legacies of the shock, or 
some combination of these?

For our paper on urbanization (Alix-Garcia and Sellars 2018), we had a dizzying array of choices for how to measure population 
concentration over time, from the over 100,000 localities of modern Mexico to the intendencies of the late colonial period. Even just 
since 1990, there have been considerable changes locality and metropolitan area designations, driven by population growth, urban 
consolidation, government policy, and other factors. Though somewhat more stable, municipalities (akin to counties in the U.S. context) 
and states vary greatly in size, in part because of past and present population concentration (Figure 2). The number of options forced 
us to think about which unit of analysis best reflected the data-generating process we wished to capture. In examining city emergence, 
we conceived country as an open canvas where population centers could theoretically emerge at any place or time. We thus opted to 



'19THE POLITICAL ECONOMIST

THE POLITICAL ECONOMIST6

Alix-Garcia & Sellars Feature Essay...continued from page 5

examine 15 x 15 km grid cells (the size of the median municipality in contemporary Mexico) projected across the space of country for 
most of our analysis. However, this choice raised other questions about measurement and spatial dependence, as we discuss below.

The choice of aggregation poses measurement challenges
Even where the appropriate unit of analysis is clear, aggregating geographic data to this level can pose further challenges. Modern 

remote sensing data can now record geographic information at levels smaller than a square meter. Though these high-resolution data 
can be a goldmine for both natural and social scientists, researchers need to think carefully about the level at which decisions are made 
that generate these data (seldom as small as 1-meter), how to address spatial dependence, and how to merge data with information 
from other sources. 

Figure 3 illustrates some of the difficulties with measuring geographic fundamentals at different levels of aggregation.  Panel a. 
shows elevation measures in 30-m pixels for a portion of northwestern Mexico. Panel b. shows the average elevation within the 15 x 
15 km grid cell units used in our urbanization paper, and panel c. shows elevation aggregated to the level of the 1900 municipality, or 
the smallest subnational unit that can be traced to 1900 (Sellars and Alix-Garcia 2018).  Neither grid cells nor municipalities measure 

Figure 3: Elevation at Various Levels of Aggregation

continued on page 7 

Figure a: Original digital elevation 
model

“elevation” accurately, and the discrepancy gets worse at higher levels of aggregation. Several municipalities in Figure 3 contain cells 
in the first two quintiles of elevation, while municipal averages put the entire area in the first quintile. Aggregating up thus introduces 
non-classical measurement error into the elevation measure, an example of the modifiable areal unit problem. 

Is the answer to always use smaller units when possible? Though smaller grid cells more accurately reflect variation in elevation, 
selecting a unit that is too small can also be problematic. If other data are recorded with less precision, or if relevant decision-making 
really occurs at a higher level, using units that are too small can also introduce bias and inefficiency in statistical estimates. For example, 
consider using the elevation data to ask how terrain ruggedness (the standard deviation of elevation) has influenced patterns of urbaniza-
tion over time. While elevation data are available for extremely small units, theories on how ruggedness influences urbanization (such 
as work on defensive position or urban infrastructure costs) typically operate at levels much higher than 1- or 5-meter pixels. Attempts 
to study this question at the level of units that are “too small” introduce noise by honing in on sources of variation that have little to do 
with the theory being evaluated, such as minute differences in ruggedness caused by fallen rocks or human-made ditches. Researchers 
exploiting highly disaggregated satellite data also need to remember not to treat these tiny units as independent observations. Ignoring 
broader spatial correlation can lead researchers to dramatically underestimate standard errors, leading to incorrect inference.

For an excellent overview of these technical issues, see Avelino et al. (2016). There is no simple solution, illustrating why it is 
important to think carefully about the units at which theories are thought to operate, spatial dependence, and measurement. In our 

Figure b: 15 x 15 km grid cells Figure c: Historical municipal 
boundaries



7

'19THE POLITICAL ECONOMIST

Spring 2019

case, we thought about the scale or scales at which decision-making related to institutions or urbanization takes place and used this to 
guide our thinking. We also examined whether and how results changed at different levels of aggregation and using different methods 
to account for temporal and spatial dependence between units. In addition to illustrating the robustness of our empirical results, this 
exercise also required us to clarify our thinking about the theories we were hoping to evaluate and their empirical implications. 

Works cited
Alix-Garcia, Jennifer and Emily A. Sellars. 2018. “Locational Fundamentals, Trade, and the Changing Urban Landscape of Mexico.” Unpublished 
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Feature Essay
Imagery, Machine Vision and Political Economy
David Dow, Duke University and Erik Wibbels, Duke University 
In the last ten years, new data sources have proliferated, allowing researchers to explore political economy questions at more granular 
levels. The data oftentimes come in the form of images, yet social scientists are only scratching the surface in their use. Most applica-
tions of satellite imagery, for instance, have revolved around the use of night-time lights as measures of electrification (e.g. Min 2015) 
and economic growth (e.g. Michalopoulos and Papaioannou 2013). There are enormous opportunities for political economists to take 
advantage of a wider array of images that are being collected ever more frequently and at ever higher resolution. 

High-resolution data has important implications for one of the key challenges for all researchers working with data above the 
scale of the individual: the modifiable areal unit problem (MAUP). The MAUP refers to the fact that measures typically change de-
pending on the scale at which data are aggregated. Thus, indicators of income inequality or ethnic heterogeneity can vary enormously 
depending on whether we aggregate to the level of a city block, a city, a municipality, a state or a country.  For the sake of convenience, 
researchers often rely on data that is aggregated into geographic units of arbitrary size, shape, and location (census tracts, districts, 
regions, countries, etc.) with little relationship to the scale of the actual data generating process or the social processes relevant to 
testing hypotheses (Openshaw 1984). Since empirical results are sensitive to the way the data is aggregated across space, the problem 
is almost certainly pervasive in political economy.    

Here is an example to fix thoughts. Several years ago, one of us began a project aimed at studying India’s slums. Are they engines 
for social mobility or poverty traps? Why do households move to the neighborhoods that they do? Why is contracting in property so 
common despite the lack of formal property rights? Addressing these questions required us to actually identify slums. After field work 
made it clear that official registries of informal settlements were hopelessly incomplete, we turned to census data. Unfortunately, the 
Indian government aggregates census data to the level of districts. Figure 1a shows the district in the state of Karnataka that encompasses 
Bangalore, where many of our sampled slum communities are located. According to the census, this is among the wealthiest districts 
in India. Figure 1b shows the field-generated boundaries of 205 of the communities we studied in the broader district. Obviously, 
these polygons are tiny compared to the district. Figure 1c zooms in. In many of these neighborhoods, households have no savings, 
no access to formal finance, no access to piped water or a toilet. Figure 1d shows what one of the settlements look like at the scale at 
which the actual human beings (and most of our social scientific theorizing) live. Depending on the scale at which one analyzes the 
data in Figure 1, one is looking at either some of the most deprived urban Indian households or one of the richest places in the country. 
Our inability to rely on official data for work at the scale we needed led us down a long path that combined intense field work, high-
resolution satellite imagery and artificial intelligence to identify the households and communities we wanted to study.

Figure a: Bangalore Within Karnataka State Figure b: Slum Boundaries at District Scale



9Spring 2019

'19THE POLITICAL ECONOMIST
Dow & Wibbels Feature Essay...continued from page 8

continued on page 10 

 Figure c: Slum Boundaries at Higher Resolution1  
                           

Gone is our reliance on national and administrative unit measures of GDP, inequality, and ethnic diversity - replaced instead by data 
at the level of the boundaries, people, cars, and infrastructure that define day-to-day realities. Machine vision data is hardly a panacea 
for the MAUP. Reliance on coarse, aggregated data has made us analytically lazy. Theory is insufficiently clear about whether mecha-
nisms operate at the level of individuals, neighborhoods, cities, regions or even countries—and the appropriate level of aggregation 
is ultimately a matter of theory.2 But imagery does provide an opportunity to bring the resolution of data closer to the scale of our 
proposed analytical mechanisms and to gauge the sensitivity of our findings to the scale at which they are measured. In this note we 
outline characteristics of the data, sources for accessing it, a handful of promising applications that help address the MAUP, and chal-
lenges that remain inherent in the use of imagery.

Data Types and Sources
Digital imagery is now collected in abundance and is increasingly accessible to researchers. This data includes both aerial imagery 
captured via satellites and drones as well as street-level imagery produced through technologies like Google Street View. Satellite im-
agery is the most readily available, and both recent and historical data can be accessed through a variety of government and commercial 
sources. 3 For example, the US government provides a wealth of freely accessible pre-processed imagery on land cover, vegetation, 
atmosphere, night lights, environment, and more. There are also important opportunities to analyze multispectral imagery that captures 
bands of the electromagnetic spectrum not visible to the eye. Multispectral imagery allows analysts to see through smoke, clouds, and 
darkness, as well as capture soil moisture and crop changes. Working with this data entails its own set of opportunities and challenges 
but is beyond the scope of this essay.  

Beyond aerial imagery, digital images of streets, neighborhoods, people, and objects are also becoming more accessible and useful 
as possible data sources. For example, the systematic collection of street imagery in Google Street View provides a wealth of poten-
tial data on cars, buildings, accessibility, and neighborhood environments. Furthermore, there are a growing number of open source 
repositories and datasets that link language to large amounts of imagery that may have applications in political economy.4 Finally, the 
ubiquity of imagery published on social and news media platforms makes it another intriguing source of data. 

1  Background is 30cm imagery from 2016 via DigitalGlobe. 
2  Plus, researchers using high resolution data will often still need to combine it with other data that are not disaggregated for multivariate  
analysis. Further, the need to think carefully about how to model spatial dependencies will remain.  
3  Government sources are USGS Earth Explorer; NOAA, NASA; ESA Sentinel, INPE.  Digital Globe and Planet are commercial sources of 
high-resolution imagery that have extensive grant opportunities for academics.
4  See for instance a collection of data sets here: https://www.visualdata.io/. An example with potential significance for social scientists is the 
Labeled Ancestral Origin Faces in the Wild (LAOFIW) dataset, which has been shown to help remove racial bias and improve classification 
accuracy (Alvi et al. 2018). 

Figure d: Slum at Ground Level

https://www.google.com/streetview/#!/
https://earthexplorer.usgs.gov/
https://www.bou.class.noaa.gov/saa/products/welcome
https://earthdata.nasa.gov/earth-observation-data/imagery
https://scihub.copernicus.eu/dhus/#/home
http://www.dgi.inpe.br/CDSR/
https://www.digitalglobe.com/
https://www.planet.com/
https://www.planet.com/markets/education-and-research/
https://www.visualdata.io/
http://www.robots.ox.ac.uk/~vgg/data/laofiw/
http://www.robots.ox.ac.uk/~vgg/publications/2018/Alvi18/alvi18.pdf
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Dow & Wibbels Feature Essay...continued from page 9
Applications
We provide three examples of how imagery can be used to study foundational problems of political economy: 

1) Identifying populations, poverty and infrastructure; 
2) Measuring inequality and distributive politics; and 
3) Studying the relationship between ethnic diversity and development.

Locating populations at a granular level is a major challenge. Standard census enumeration begins with historical base maps and 
enumeration areas. Revisions typically involve redrawing boundaries through and around previously identified population centers. 
However, in poor countries, base maps and enumeration areas can be decades old, since the census process is expensive and infrequent. 
Yet research often calls for frequent, high quality data on both the location of populations and their characteristics. Remotely sensed 
imagery has the potential to improve our ability to locate, survey, and forecast populations for social science purposes.

Combining high-resolution satellite imagery with machine learning has helped us better understand the geographies of poverty in 
developing countries. Using only publicly available data, Jean et al (2016) develop a model to predict levels of consumption expenditure 
and asset wealth at high spatial resolution in five African countries. Further work in this area has also shown that satellite imagery can 
aid in the identification of communities when official lists of informal settlements are outdated and incomplete. Our own work (Rains 
et al 2018) uses satellite imagery to identify and classify informal settlements in urban India. We then use this information to develop 
a satellite-based sampling methodology to conduct household surveys of slum neighborhoods. 

Beyond populations, satellite data can also help us to measure local infrastructure quality (Min et al 2013, Min & Golden 2014). 
This has important implications for the study of governance, distributive politics, and inequality in poor countries where this kind of 
data is again scarce and it is expensive to field surveys. For example, Oshri et al (2018) train convolutional neural networks (CNNs) to 
predict measures of infrastructure quality from Afrobarometer Round Six using the publicly-available Landsat 8 and Sentinel 1 satellite 
imagery.5 Their model has promising predictive performance for measures of electricity, sewage, piped water, and roads.6 Their approach 
outperforms baseline models using Open Street Map and night lights imagery and thus represents a step forward, while also providing 
an avenue for studying important questions on distributive politics and inequality. Furthermore, better geo-located infrastructure data 
can help aid agencies, NGOs, and researchers to design and target interventions that are well matched with a community’s needs. 

Image data also has the potential to improve our measures of inequality. Research on inequality and redistribution has overwhelm-
ingly focused on national measures that hide huge local heterogeneities that might be more impactful for citizen attitudes and behavior. 
Satellite and street-level imagery can produce measures of inequality much closer to the day-to-day experiences of people. Such an 
approach would begin to help address the dreaded MAUP by reducing aggregation. 

Marx et al. (forthcoming) provide one promising example of using imagery as a tool for measuring inequality and analyzing dis-
tributive politics. They seek to understand how coethnicity between households, landlords and chiefs in a huge slum in Nairobi, Kenya 
impacts investment behavior. They use high-resolution satellite imagery to measure housing investments off changing reflectivity of 
the metal roofs that cover buildings. They find that coethnics pay lower rent and live in better housing (as proxied by brighter, newer 
roofs), which they chalk up to ethnic patronage. Given ongoing work in agricultural sciences aimed at measuring crop productivity 
from imagery (e.g. Lobell et al 2015), it is possible to do related work on how different forms of rural property tenure, conflict and 
coethnicity impact investments in land. 

Emerging work in this area harnesses street-level imagery to predict local income, demographics, voting patterns, housing prices, and 
urban change (Gebru et al. 2017, Naik et al. 2017, Glaeser et al. 2018). Gebru et al. (2017) provide an intriguing approach to measuring 
local incomes in the U.S. Building on a U.S. government census of 22 million automobiles, they apply computer vision techniques to 
50 million Google Street View images in 200 U.S. cities to accurately predict precinct-level estimates of socioeconomic characteristics 
and voting patterns. Obviously, these data on cars could also be used to estimate local inequalities at a very disaggregated level. 

Finally, we conclude with an example of how satellite imagery has been used to address the MAUP in studying the relationship 
between ethnic diversity and economic development. García-Montalvo and Reynal-Querol (2017) use night light imagery as a proxy 
for economic growth to show how the relationship between ethnic diversity and economic growth changes depending on the unit of 
analysis. At the level of a country, greater diversity is associated with lower levels of growth. However, as they disaggregate into 
smaller and smaller grid cells, they show a positive effect of ethnic diversity on economic growth. This strategy for confronting the 
MAUP would not be possible without access to this kind of high-resolution data, and the results challenge those at the country level 
that probably have little bearing on the human scale at which ethnic diversity actually operates. 

5  They rely on 10m and 30m resolution imagery. This imagery is far from cutting-edge, as the authors also state, and using similar approaches 
with higher resolution imagery could improve their model’s performance.  
6  Their results also highlight the difficulty in estimating measures for types of infrastructure with less defined features like health clinics and 
police stations, for which their model performs poorly (as one might expect).  

continued on page 11 
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Challenges
Taking full advantage of the frontier of imagery-as-data entails challenges. For one, effectively working with it often requires extensive 
preprocessing of the data. When our interests do not neatly match with the existing preprocessed data sources, social scientists will 
need to collaborate with geospatial and computer scientists who share similar interests or pursue a substantial amount of additional 
training. Simply rectifying image layers can be very time consuming for the uninitiated.  

Furthermore, using machine learning to analyze imagery requires extensive field validation to ensure that our algorithms and 
imagery are telling us what we think they are. Gathering training data for, and field validation of, machine learning approaches can 
be time, resource, and computationally intensive. For instance, to classify cars from Google Street View, Gebru et al. (2017) recruited 
110 experts to annotate images, resulting in approximately 2000 hours of work and 70,000 car category annotations. They required 
additional annotation to initially develop car categories and to detect and locate cars within the images. We suffered similar challenges 
in collecting hundreds of polygons of urban settlements to feed our own machine learning approach to slum identification in India. 

Cost is also a consideration. While the availability of free or low-cost remote sensing data has increased, the cost of high-resolution 
imagery is still expensive. While $20,000 for one sub-meter resolution image of a single city is certainly expensive, most political 
economy applications will probably work well with lower resolution, cheaper data.  Note that while drones do offer a lower cost/higher 
frequency option, the regulations that govern their flight vary drastically across countries.  

Finally, there are also ethical questions we must consider when relying on this kind of data. How should we balance our desire for 
better data with the possibilities of misuse and concerns for privacy? Improving service delivery is part of the rationale and benefit of 
using remote sensing data to find informal and “missing” communities. However, governments and city developers may be driven by 
politics and profit to use this information for a very different purpose: to remove communities from an area altogether. These questions 
and many like them will be very important as we push the frontiers of applying machine vision in political economy.  
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Feature Essay
GIS, Remote Sensing and Lessons for Economic Development
Gordon C. McCord, University of California, San Diego
The advent of desktop Geographic Information Systems (GIS) in the 1990s has allowed social scientists to quantify and study the 
disparities in well-being across space with ever-higher spatial precision.  Among governments and NGOs, the spread of data analysis 
capability has enhanced service provision and targeting as more operational ministries map out risk populations and ecosystems, and 
update spatial products with ever-higher frequency.
 Newer data sources such as satellite imagery, cellular phone use, and social media gather information at the level of the individual 
and her exact location in ways never before available, and in near real time.  Governments and non-governmental organizations may 
no longer have to wait 5 or 10 years for survey or census data to inform policy choices.  Means-testing eligibility of public welfare 
programs could update more frequently and target more accurately to reduce wasteful expenditure.  Open data platforms could even 
lead to a citizenry that frequently receives mapped data updating them on the efforts and consequences of the government’s choices.  
Indeed, efforts are underway to use cutting edge data gathering tools to revolutionize reporting on the indicators of the Sustainable 
Development Goals.1  
 One of the exciting possibilities is in using remote sensing (analysis of satellite imagery) to better map poverty and target govern-
ment programs, particularly in contexts where government data collection is limited.  Economists have confirmed that nightlight data 
can accurately proxy for economic activity at large geographic scales (such as countries) (Henderson, et al. 2012), but evidence is mixed 
as to whether the predictive power holds at smaller geographic units and in the time series (Mellander, et al. 2015 and Bickenbach, et 
al. 2016).  This may limit the use of year-on-year changes in lights as a way for the government to see changes in economic activity or 
population density.  Moreover, two challenges limit the usefulness of nightlights in informing policy-making at high spatial resolution.  
First, the spatial resolution of nightlights is too low to resolve much within large neighborhoods or small cities (the more recent NOAA 
Visible Infrared Imaging Radiometer Suite, or VIIRS, has a resolution of around 0.5 km, while the older NOAA Defense Meteorological 
Program Operational Line-Scan System, or DMSP-OLS, has a resolution of around 1 km).  Secondly, lights tend to have a blooming 
effect as they scatter in the atmosphere on their way to the satellite sensor, reducing the spatial accuracy of the signal.
 Recent work has begun using daytime satellite imagery to augment nightlights in order to proxy for poverty levels.  Data from 
satellites such as Landsat (USGS), Sentinel (ESA), and MODIS (NASA/USGS) offer multi-band imagery within and beyond the human 
visible spectrum, at resolutions as low as 10 meters (Sentinel-2) and revisit times as low as 1 day (MODIS).  In the area of mapping 
human welfare, Jean et al. (2016) use geolocated World Bank Living Standards Measurement Study (LSMS) and Demographic and 
Health Survey (DHS) data from five sub-Saharan African countries, on which they train a convolutional neural network using nightlight 
and Google Static Maps daytime imagery.  The method identifies features that can explain 75% of the variation in the consumption 
or asset index of households (Jean, et al. 2016).  These results mean that governments can use satellite imagery to monitor economic 
indicators in households at a spatial resolution of around 1 km.   
 With the increasing prevalence of even higher resolution satellite imagery (e.g. DigitalGlobe’s WorldView at 0.31 meters, or 
Planet’s SkySat at 0.9 meters), future work must test whether remotely sensed imagery and machine learning algorithms can proxy for 
socioeconomic indicators measured at higher spatial resolution (e.g. down to the exact property address).  In parts of the world with 
under-developed government statistical agencies, or lack of funds to deploy frequent censuses or surveys, such estimates generated 
through remote sensing can help target public funding to provide infrastructure or transfers to households.  
 Governments and NGOs are catching on to the potential of remotely sensed data for policy-making.  Public and private entities 
in developed countries like the United States have been using remote sensing for decades to generate land cover maps that guide land 
use policy for agriculture, pasturelands, and protected areas.  Other applications have included wildfire tracking and delineation of risk 
zones, mapping flooded and hurricane-impacted areas, and monitoring health of crops.   

Developing countries are just beginning to leverage these possibilities.  When an outbreak of Rift Valley Fever threatened Yemen 
in 2000, the Ministry of Health teamed up with NASA scientists to model mosquito breeding sites and target them for environmental 
management.2  After the U.S. government removed fees for accessing Landsat imagery in 2008, countries such as Colombia began 
using it to map urban growth to inform land use policy.  The Ugandan Bureau of Statistics is creating poverty proxies using image 
processing that classifies homes according to what roofing materials they have.3  In a project with the World Bank and the Government 
of Angola, we have deployed a household survey in Luanda to serve as training data for high-resolution imagery classification using 
machine learning, to see whether one can accurately classify households in an urban context for the purposes of targeting household 
water subsidies.  

1  http://unsdsn.org/what-we-do/thematic-networks/trends/
2   https://landsat.gsfc.nasa.gov/mapping-rift-valley-fever-outbreak-risk-areas/
3   https://www.unglobalpulse.org/projects/measuring-poverty-machine-roof-counting 
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NGOs are moving in the same direction.  The innovative GiveDirectly unconditional cash transfer initiative uses thatched roofs 
density as a criterion to select villages for the program, and has experimented with using remote sensing to facilitate the process.4   Last 
year, we set up a mapathon at the School of Policy and Strategy to support Project Concern International’s AfriScout program, during 
which students used remotely sensed imagery to locate footpaths and roads for herders in the Horn of Africa.  The information could 
serve to augment PCI’s crowd-sourced maps of pasture and water for pastoralists.

As demand for these tools expand, universities need to do better to train social scientists in spatial data methods and in remote 
sensing.  There is less consensus on a data management platform for spatial analysis than what we have for statistical analysis (for 
which R has become the norm in political science, while Stata remains the norm in economics).  Many academics and NGOs will 
prefer open-source options like R and QGIS, but the reality is that many universities favor ESRI’s ArcGIS, and that software is still the 
dominant product on the market place.  On the remote sensing side, data has become freely available only recently (the Landsat series 
became available in 2008).  Before that, research was constrained by the image acquisition expense and the lack of computing power 
to operate at scales of interest to social scientists.  The advent of Google Earth Engine as a free cloud-based platform for analysis is 
catalyzing an explosion of remote sensing projects beyond the traditional remote sensing community.

Moreover, we need to move towards a shared curriculum in spatial methods for the social sciences at undergraduate and graduate 
level, as we have in statistical analysis and econometrics.  Standard GIS curricula are much too broad (the GIS tools that an economist 
and an urban planner use are completely different) and too basic for sophisticated applications in political science and economics.  We 
will also have to push students to cross disciplinary boundaries, since manipulating and understanding remotely sensed data requires 
a basic understanding of the physics of light.  The Certificate in Spatial Analysis we have created at UC San Diego teaches GIS and 
Spatial Data Analysis specifically for social science applications, and then moves on to teach Remote Sensing in the Google Earth Engine 
platform.5  Such a curriculum tailor-made for graduate students in the social sciences could serve as a model for other institutions.

On a final note, academics need to be thoughtful about the risks that come with these exciting techniques and sources of data.  
The trend toward higher spatial and temporal resolution risks a loss in the anonymity and privacy that could be guaranteed under best 
practice in previous generations of data.   High-resolution spatial and remotely sensed data will allow for exciting research opportuni-
ties and gains in public resource efficiency, but also for governments or the private sector to better monitor citizens and use the data in 
objectionable ways.  Institutional Review Boards will need to update standards given newly available data acquisition technologies. 
Moreover, social scientists pushing this frontier of knowledge forward should explicitly incorporate ethical concerns - and scholars 
of ethics - into their work.
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APSA Section 25/Political Economy seeks proposals to edit the section’s newsletter, The Political Economist.  Pro-
posals should identify the editor or editorial team and include a description of how the editorial team will collaborate, 
ideas about future newsletters or other initiatives, and a discussion of institutional support (if any).  Proposals should 
not exceed 500 words.

For full consideration, please submit proposals electronically to Isabela Mares, Committee Chair, 
isabela.mares@yale.edu by September 15 2019.  The committee will make a selection by October 1, 2019.

The Political Economist is published twice per year.  It typically consists of a letter from the editors, a message 
from the section chair, three essay contributions on a particular theme (750-1,250 words each), and information 
about award deadlines and awardees. 

The editorial team is normally appointed for a two-year term. The editors exercise discretion over the contents 
and layout. They choose the issue theme and recruit the contributors. They work with the section chair to make sure 
that all relevant section information is included. A copy editor formats the newsletter; the editors oversee this process. 
The editors are in charge of uploading the newsletter to the APSA section webpage and The Political Economist 
google webpage (links below). 

APSA section webpage: https://www.apsanet.org/section25

The Political Economist google webpage: https://sites.google.com/a/umich.edu/political-economist-newsletter/

The outgoing team (John Ahlquist, Megumi Naoi, and Christina Schneider) will produce their final issue for Fall 
2019. The new team will take over on Jan 1, 2020.  The outgoing editors will provide all relevant information and 
answer any questions as the new team produces its first issue for Spring 2020.
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