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Information from Markets Near and Far:
Mobile Phones and Agricultural Markets in Niger†
By Jenny C. Aker*
Price dispersion across markets is common in developing countries.
Using novel market and trader-level data, this paper provides estimates of the impact of mobile phones on price dispersion across
grain markets in Niger. The introduction of mobile phone service
between 2001 and 2006 explains a 10 to 16 percent reduction in
grain price dispersion. The effect is stronger for market pairs with
higher transport costs. (JEL O13, O33, Q11, Q13)
“[With a mobile phone], in record time, I have all sorts of information from
markets near and far … ”
——
Grain trader in Magaria, Niger1

E

conomic theory often relies upon the assumption that market agents have sufficient information to engage in optimal arbitrage, and that this information is
symmetric. In reality, however, information is rarely costless or symmetric. Due
partly to costly information, excess price dispersion across markets is a common
occurrence (George J. Stigler 1961; Jeffrey R. Brown and Austan Goolsbee 2002)
and is especially acute in developing countries (Robert Jensen 2007). In this context, a new technology for collecting information can have important implications
for market agents’ behavior and hence the performance of nascent markets.
This paper estimates the impact of mobile phones on agricultural price dispersion in one of the world’s poorest countries, Niger. Between 2001 and 2006, mobile
phone service was phased-in throughout the country. As grain traders have traditionally traveled to markets to obtain price information for agricultural goods, mobile
phones should have reduced their search costs, allowing them to search over a larger
number of markets more quickly. This effect was supported by the grain traders
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Based upon interviews with the author between 2005 and 2007.
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themselves, one of whom stated, “[With a mobile phone], I know the price for US
$2, rather than traveling (to the market), which costs US $20.”2 In response to this
reduction in search costs, the introduction of mobile phones should reduce price
dispersion across markets.
I exploit the exogenous variation of mobile phone rollout to identify its impact
on agricultural market performance in Niger. This involves estimating a differencein-differences (DD) model with pooled treatments. This approach differs from the
existing empirical literature on search technology and market performance in two
ways. First, the quasi-experimental nature of mobile phone rollout in Niger provides an opportunity to partially distinguish the impact of mobile phone coverage
from other confounding factors. Second, to correct for potential selection bias due
to observables, I combine DD estimation with matching techniques.
For the empirical investigation, I construct two primary datasets. The first contains data on prices, transaction costs, rainfall and mobile phone coverage obtained
from a variety of primary and secondary sources. The dataset includes monthly agricultural price data over an eight year period (1999–2006) across 42 domestic and
cross-border markets. The second dataset is a detailed panel survey of traders and
transporters collected by the author between 2005 and 2007.
I find that the introduction of mobile phone coverage reduces agricultural price
dispersion across markets by 10 percent. The effect is larger for markets that are
more remote and those connected by unpaved roads. The effect is also larger when
a higher percentage of markets have coverage, suggestive of network externalities.
I also examine alternative explanations for the empirical results, such as spillover
effects and collusive behavior among traders, but find little evidence.
This paper is broadly related to the literature on the relationship between telecommunications infrastructure and market performance. Most of these papers
have examined the impact of telecommunications in high-income countries (LarsHendrik Röller and Leonard Waverman 2001; Brown and Goolsbee 2002) or on a
specific perishable commodity (Jensen 2007).3 In contrast, this paper provides new
evidence for a category of commodity that is storable and produced in a variety of
countries within sub-Saharan Africa.
The rest of this paper proceeds as follows. Section I provides an overview of
grain markets in Niger and the introduction of mobile phones into the country.
Section II presents the data, and Section III presents the empirical strategy. Section
IV discusses the main empirical results, followed by robustness checks in Section
V. Section VI concludes.

2

Based upon interviews with the author between 2005 and 2007.
Megumi Muto and Takashi Yamano (2009) examine the impact of mobile phone coverage on farmers’ market
participation for bananas and maize in Uganda. Aparajita Goyal (2010) assesses the impact of internet kiosks on
wholesale soybean price levels in India.
3
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I. Background on Niger

A. Agricultural Markets in Niger
With a per capita gross national product (GNP) of US $230 and an estimated
85 percent of the population living on less than US $2 per day, Niger is ranked last
on the United Nations’ Human Development Index (United Nations Development
Program 2009). Agriculture employs more than 80 percent of the total population and
contributes approximately 40 percent to gross domestic product (GDP). The majority
of the population consists of rural subsistence farmers, who depend on rain-fed agriculture as their main source of food and income. The main grains cultivated are millet,
sorghum, and rice, with cash crops including cowpeas, peanuts, and sesame.
A variety of market agents are involved in moving grains from the farm to rural
and urban consumers in Niger. These include farmers, who produce, sell, and buy
grains; traders, including retailers, intermediaries, semi-wholesalers, and wholesalers; and transporters. Farmers sell their production directly to intermediaries, who sell
directly to wholesalers in local markets. Wholesalers are primarily responsible for
inter-regional trade, selling the commodity to other wholesalers, retailers, or consumers. As there is only one growing season per year, both traders and farmers engage in
intra-annual storage, although inter-annual storage is limited (Aker 2008).
Traders buy and sell commodities through a system of traditional markets, each
of which is held on a weekly basis. The density of markets varies considerably by
geographic region, with inter-market distances for which trade occurs ranging from
8 kilometers to over 1,200 kilometers. The number of traders per market ranges
from 24 to 353, with retailers accounting for over 50 percent of all traders. While
an agricultural market information system has existed in Niger since the 1990s, 89
percent of grain traders surveyed by the author stated that they primarily obtain price
information through their own personal and professional networks.4
B. Expansion of Mobile Phone Coverage
Mobile phone service first became available in part of Niger in October 2001.
Although private mobile phone companies initially intended to provide universal
coverage, due to high fixed costs and uncertainty about demand, mobile phone service was rolled out gradually. The initial criteria for introducing mobile phone coverage to a location were twofold: whether the town was an urban center, and whether
it was located near an international border.5 During the first three years of mobile
phone expansion, the average distance between markets with coverage was 367 km.
Although landlines existed prior to 2001, Niger has the second lowest landline coverage in the world, with only 2 landlines available per 1,000 people, as compared to
113 landlines per 1,000 people in South Africa (World Bank 2005). Figure 1 shows
the spatial rollout of mobile phone coverage by market and by year, whereas Figure
4
The agricultural market information system (AMIS) in Niger did not change the composition of the markets
from which it collects price data between 2000 and 2007.
5
Based upon the author’s interviews with mobile phone companies in Niger.
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Figure 1. Mobile Phone Coverage by Market and Year, 2001–2008
Notes: The map shows mobile phone coverage for grain markets between 2001 and 2008. Data collected by the
author from the mobile phone companies in Niger (Celtel/Zain, Telecel, and Sahelcom).

A1 in the Web Appendix shows the number of mobile phone subscribers relative to
the total number of landlines. Mobile phone coverage and subscribers increased substantially between 2001 and 2006, with 76 percent of grain markets having coverage
by 2006. By contrast, the number of landlines remained relatively stable during this
period and their geographic coverage of grain markets did not change.6
Despite the increase in mobile phone coverage since 2001, as of 2006, Niger still
had the lowest adoption rate in Africa. There were an estimated 397,000 mobile
phone customers in 2006, representing 4 percent of the population. Nevertheless,
mobile phones spread quickly among urban residents, functionaries, and traders. As
of 2006, 29 percent of grain traders surveyed owned a mobile phone for their trading
operations, ranging from 18 to 40 percent in specific markets. Mobile phones were
initially adopted by wholesalers, who were more likely to engage in inter-regional
trade and be able to afford the phones, which initially cost US $30.
II. Data and Measurement

This paper uses two primary datasets. The first includes data on prices, transport costs, and rainfall obtained from secondary and primary sources in Niger. This

6

Among all of the markets in the sample, only one market received new landline coverage between 1999 and 2007.
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dataset includes monthly agricultural prices over an eight year period (1999–2006)
across 37 domestic markets. In addition, monthly data on gas prices, mobile phone
and landline coverage, road quality, trade flows, and district population levels were
also collected.7
The second dataset is based on a survey of traders, transporters, and market
resource persons in Niger collected by the author between 2005 and 2007. The survey includes 415 traders located in 35 markets across 6 geographic regions of Niger.
Prior to the first round of data collection, I developed a census of all grain markets,
and markets were randomly sampled based upon the criteria of geographic location
and market size. Within each market, a census of all grain traders operating on the
market was conducted, including the trader type and gender.8
III. Empirical Strategy

The consumer search literature mainly uses three measures of price dispersion:
the sample variance of prices across markets over time (John W. Pratt, David A.
Wise, and Richard Zeckhauser 1979), the coefficient of variation (CV) across markets in a particular period (E. Woodrow Eckard 2004; Jensen 2007), and the maximum and minimum (max-min) prices across markets (Pratt, Wise, and Zeckhauser
1979; Jensen 2007). In his analysis of the impact of mobile phones on the fisheries
sector in Kerala, India, Jensen (2007) uses the max-min and CV as measures of
price dispersion. Mobile phone coverage in Kerala was phased in by geographic
region, and markets were in close geographic proximity (an average of 15 km apart).
By contrast, mobile phone coverage in Niger was phased in throughout the country,
with distances between mobile phone markets ranging from 8 km to 1,262 km in a
single year. Consequently, the CV among mobile phone markets is not appropriate
for the empirical setting of this paper. My primary measure of market performance
is therefore the absolute value of the price difference between markets j and k at
month t, defined as Yjk,t= | pjt− pkt |.9
Letting Yjk,t represent the value of the outcome for millet in market pair jk at
month t, I examine the change in Yjk,t before and after the introduction of mobile
phone towers in each market pair. The regression model is the following:
(1) 	Yjk,t = β0  + β1celljk,t + X ′jk,tγ + αjk + θt + μjk,t
where celljk,tis a binary variable equal to one in month t if both markets j and k have
 is a vector of variables that affect
mobile phone coverage, and zero otherwise.10 Xjk,t
spatial price dispersion, such as transport costs and the occurrence of drought. The
7
Secondary data sources in Niger include AMIS for grain price data; the Syndicat des Transporteurs Routiers
for transport cost data; the Direction de la Météo for rainfall data; and the mobile phone service providers for mobile
phone coverage.
8
Key trader and market-level variables from the panel data survey are described in Table A1 (Web Appendix).
9
As prices are likely to change proportionally rather than by a fixed amount, I also use log transformation for
the dependent variable.
10
In this specification, treatment is defined as the presence of a mobile phone tower in both markets in a pair,
not mobile phone adoption. This assumes that once mobile phone coverage is available, traders operating in the
market have access to the technology.
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αjk’s are market-pair fixed effects, including controlling for geographic location,
urban status, and market size. The θt’s are time fixed effects. I also include market
pair-specific time trends in some specifications. μjk,tis an error term with zero conditional mean. The parameter of interest is β1. The key identifying assumption is
that trends in outcomes are the same for both treated and untreated market pairs.11
Assuming that market performance in period t depends on performance in previous
periods, I add lagged values of the dependent variable to the right-hand side of equation (1), controlling for endogeneity by using the Arellano-Bond estimator (Manuel
Arellano and Stephen Bond 1991).12 To assess the heterogeneous impact of mobile
phones across markets, I interact the mobile phone variable with distance and road
quality. Finally, to examine whether mobile phones are more useful as more markets
receive mobile phone coverage, I re-estimate equation (1) on a yearly basis.
As equation (1) is a time-series dyadic linear regression, the standard errors
must be corrected for spatial and temporal dependence. I first cluster the standard
errors at the market pair level, which allows for dependence between market pairs
over time. I then include market-specific fixed effects and cluster by quarter, which
corrects for spatial dependence and allows for some dependence between months.
As a robustness check, I employ dyadic standard errors (Marcel Fafchamps and
Flore Gubert 2007), which correct for spatial dependence, but do not allow for
temporal independence.13
IV. The Impact of Mobile Phones on Market Performance

A. Average Impact of Mobile Phones
Figure 2 summarizes the key results of this paper. The graph shows a regression of inter-market price dispersion on a series of dummy variables (D mjk,t ) for the
number of months before and after a market pair received mobile phone coverage between 2001 and 2006 (Louis S. Jacobson, Robert J. LaLonde, and Daniel
G. Sullivan 1993).14 The introduction of mobile phone coverage is associated with
a significant reduction in grain price dispersion across markets. This reduction is
strongest in the initial three months after coverage, with an average 2.5 CFA/kg
reduction in price dispersion across markets. This represents a 10.9 percent reduction in grain price dispersion as compared with pre-treatment levels. The marginal
impact remains fairly stable over time, as price dispersion in mobile phone markets
is 2.3 CFA per kg lower 6 months after coverage. Since the effect does not decline

11
While equation (1) can either be estimated via fixed effects (FE) transformation or first differencing (FD), I
use first-differencing to allow for a possible nonstationary process. Fixed effects results are presented in Table A2
for comparison.
12
I test for autocorrelation in the first-differenced errors and cannot reject the null hypothesis of no autocorrelation of order 2 in the residuals.
13
I also use a variant of the nonparametric permutation test (Bradley Efron and Robert Tibshirani 1993; Michael
L. Anderson 2008), which computes the null distribution of the test statistic under the assumptions of random
assignment and no treatment effect.
14
I strongly reject the hypothesis that the OLS coefficients are jointly equal to zero post treatment. Each of the
post-treatment OLS coefficients is statistically significant at the 1 percent level.
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Figure 2. Changes in Price Dispersion Pre- and Post-Mobile Phone Coverage
(OLS coefficients on event dummies)
Notes: Price dispersion is regressed on a series of dummy variables pre- and post-mobile phone coverage, similar to the model in Jacobson, Lalonde, and Sullivan (1993). The estimation equation is the following: Yjk,
  t
m
m
= ∑ m≥−n D jk,
 + γ Zjk, t+ αjk+ θt+ u j k, t. D jk,
tδm
t= 1 if, in period t, market pair jk received mobile phone coverage
m months earlier (or, if m is negative, market pair jk received mobile phone coverage − m months later). Upper and
lower confidence intervals are shown.

significantly ten months’ after coverage (not shown), there is little evidence that
mobile phone markets will return to their pre-treatment levels of price dispersion.
Table 1 presents the regression results of equation (1). Controlling for yearly and
market pair fixed effects, column 1 shows that mobile phone coverage reduces price
dispersion between markets by 3.5 CFA/kilogram. This indicates that price dispersion between markets with mobile phone coverage is 16 percent lower than those
without mobile phone coverage.15 Controlling for monthly fixed effects and a market pair-specific time trend decreases the point estimates (column 2). These results
are robust to the inclusion of additional covariates that also affect price dispersion
across markets, such as transport costs and drought (column 3). The estimates are
similar when including cross-border markets (column 4) or using the within-group
(fixed effect) estimator (Table A2, column 4) as opposed to the first differences estimator.16 I also redefine the treatment by including a dummy variable equal to one
when only one market in a pair has mobile phone coverage (column 5). The effect
of mobile phones is still negative and statistically significant when both markets are
treated. Using the most conservative estimate of all of the specifications, the introduction of mobile phones is associated with a 10 percent reduction in price dispersion as compared to market pairs without mobile phones in the pre-treatment period.

15
The percentage change is calculated as the effect relative to the mean price dispersion for non-mobile phone
markets in the pre-treatment period.
16
Results from fixed effects estimation of equation (1) are provided in Table A2 (Web Appendix).
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Table 1—Estimated Effects of Mobile Phone Coverage on Price Dispersion: DD Estimation
(1)

(2)

(3)

Dependent variable: | Pjt  − Pkt   |
(4)

(5)

(6)

(7)

(8)

Mobile phone − 3.51*** − 2.19*** − 2.17*** − 2.24*** − 2.44*** − 2.28*** − 1.34*
1.08
dummy
(0.732)
(0.645)
(0.555)
(0.555)
(0.512)
(0.688)
(0.732)
(0.729)
(both treated)
Mobile phone
− 0.193
dummy
(0.484)
(one treated)
Lagged dependent
0.359***
variable
(0.009)
Distance dummy
− 1.92*
× mobile
(1.17)
phone dummy
Road quality ×
− 4.83***
mobile phone
(1.05)
dummy
Other covariates
No
No
Yes
Yes
Yes
Yes
Yes
Yes
Common time
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
trend
Market-pair
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
fixed effects
Yearly time
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
dummy
Monthly time
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
dummy
Group-specific
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
time trend
Cross-border
No
No
No
Yes
Yes
No
No
No
markets
N of observations 53,820
53,820
53,820
62,223
53,820
51,698
52,290
53,820
N of cross666
666
666
777
666
666
648
666
sectional
observations
R2
0.0047
0.0904
0.0906
0.0828
0.0906
0.0935
0.0909
Joint effect
− 1.92*** − 3.25*** − 3.74***
(0.729)
(0.901)
(0.738)
Long-term
− 3.55***
effect
(1.15)
Market fixed
− 3.52** − 2.20*
− 2.17*
− 2.24*
− 2.44*
− 1.34
1.08
effects
(1.59)
(1.13)
(1.15)
(1.15)
(1.20)
(1.08)
(1.08)
clustered
by quarter
Dyadic s.e.
1.08
− 3.52*
− 2.20*
− 2.18*
− 2.24*
− 2.44*
− 1.34
(1.08)
(1.92)
(1.12)
(1.12)
(1.15)
(1.20)
(1.09)
Pre-treatment
22.11(17) 22.11(17) 22.11(17) 22.11(17) 22.11(17) 22.11(17) 22.11(17) 22.11(17)
value of
dependent
variable for
control groups
Notes: Data from the Niger trader survey and secondary sources collected by the author. For market pairs, mobile
phone dummy = 1 in period t when both markets have mobile phone coverage, 0 otherwise. Distance dummy = 1 if
market pairs are separated by a distance of greater than or equal to 375 km, 0 otherwise. Road quality is equal to 1 if
the road connecting a market pair is unpaved, 0 otherwise. Additional covariates include CFA/kg transport costs for
millet at time t and the presence of drought in one market. Huber-White robust standard errors clustered by market
pair are in parentheses. Market fixed effects with clustering at the quarterly level and cross-sectional dyadic standard errors are also provided. Missing values in the dyadic or clustered s.e. denote that this specification cannot be
used with the specific standard error correction. All prices are deflated by the Nigerien Consumer Price Index (CPI).
*** Significant at the 1 percent level.
** Significant at the 5 percent level.
   * Significant at the 10 percent level.
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The standard errors increase when including market fixed effects and clustering by
quarter, but the results are still statistically significant at the 10 percent level.17
Column 6 of Table 1 presents the results of the model with a lagged dependent
variable as an additional regressor, using the Arellano-Bond estimator. Controlling
for transport costs, drought, and monthly time fixed effects, the coefficient on the
lagged dependent variable is positive, implying that it takes approximately 2.5
months for price differences across markets to adjust.18 The coefficient on mobile
phones is still negative and statistically significant at the 1 percent level, representing the initial impact of mobile phone coverage. The long-run treatment effect is
measured as β1/(1 − ρ), where ρ is the coefficient on the lagged dependent variable.
Using this formula, mobile phones reduce price dispersion across markets by 3.6
CFA per kilogram in the long-term.
B. Heterogeneity of the Treatment Effect
To examine treatment effect heterogeneity across markets, I interact the mobile
phone treatment variable with distance and road quality between markets. Column 7
of Table 1 shows the results of interacting mobile phones with road distance between
markets, separating the sample into short-haul (less than 375 km) and long-haul
(greater than 375 km) market pairs. The interaction term between mobile phones
and distance is negative and statistically significant, suggesting that mobile phones
are more useful in reducing price dispersion when markets are farther apart. The
joint effect suggests that mobile phones are associated with a 3.25 CFA per kilogram reduction in price dispersion across markets.19 Column 8 of Table 1 shows
similar results for poor road quality. The interaction term between mobile phones
and unpaved roads is negative and statistically significant, suggesting that mobile
phones have a stronger impact on price dispersion for markets linked by unpaved
roads. The joint effect is statistically significant at the 1 percent level.
As mobile phone towers were phased in between 2001 and 2006, it is reasonable
to assume that mobile phones became more useful as a greater number of markets
received mobile phone coverage. To test whether the treatment effect varies over
time, I estimate equation (1) on a yearly basis (Table A4, Web Appendix). In the
initial years of mobile phone coverage, mobile phones are associated with a reduction in price dispersion, but the coefficients are not statistically significant. This
coincides with the periods when less than 5 percent of market pairs had mobile
phone coverage. By 2004/2005, mobile phone coverage reached 31 percent of all
market pairs, and was associated with a 2.98 CFA/kg and statistically significant
reduction in price dispersion across markets. The coefficient remains negative and
statistically significant in 2005/2006. Such findings are intuitive: mobile phones
are more likely to be useful as network coverage increases, since traders are able to
17
Transforming the dependent variable using logs, mobile phones reduce price dispersion across markets by 1.3
percent (Table A3, Web Appendix).
18
The coefficient on the lagged dependent variable can be interpreted as the speed of adjustment. The concept
of a “half-life” can be used to interpret the results, calculated as ln(0.5)/ln(1 + ρ).
19
Aker (2008) shows that there is a diminishing marginal effect of mobile phones on price dispersion after a
distance of 550 km.
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search over a larger number of markets using the new technology. These results also
support related research on network effects in information technology (Röller and
Waverman 2001; Brown and Goolsbee 2002).
V. Alternative Explanations

A. Threats to Identification of Mobile Phone Coverage
As initial mobile phone coverage in Niger was not randomly assigned, current
market outcomes can be the result of differences in markets prior to the placement
of mobile phone towers. Table 2 shows the differences in unconditional means and
distributions for pre-treatment outcomes and covariates.20 The difference in average
price dispersion for millet in the pre-treatment period (1999–2001) is small and not
statistically different from zero. Most of the differences in unconditional means for
the pre-treatment covariates are not statistically significant, with the exception of
a market’s urban status. This relationship is expected, as a market’s probability of
receiving mobile phone coverage, at least initially, depended upon whether it was
located in an urban center. Overall, the results suggest that there were no statistically
significant differences in pre-treatment characteristics between the two groups.21
As a robustness check, I combine the estimation strategy outlined in equation (1)
with techniques that match treated and untreated market pairs. The propensity score
is estimated by a probit model of regressing the treatment variable on pre-treatment
observables. I then include the propensity score as an additional control in the equation and in a weighted least squares (WLS) regression (James M. Robins and Ya’acov
Ritov 1997; Keisuke Hirano and Guido W. Imbens 2001). Using both approaches, the
results are consistent with the unmatched regressions (Table A6, Web Appendix).
Several potential sources of unobserved bias exist, such as political pressures
affecting mobile phone companies’ selection of coverage areas or broader economic factors that could simultaneously affect price dispersion and the timing
of mobile phone rollout. While it is not possible to directly test for selection on
the unobservables, I conduct a falsification check by estimating the impact of
mobile phones on price dispersion during the pre-treatment period (1999–2001)
(Imbens and Jeffrey M. Wooldridge 2009). For all specifications, the estimated
effect is close to zero and not statistically significant at conventional levels
(Table A7, Web Appendix). The results suggest a lack of direct evidence of selection on unobservable characteristics.
B. Spillover Effects and Market Collusion
A central concern with the above estimates is the possibility of alternative explanations for the empirical results, such as spillover effects or collusive behavior.
20
As mobile phone coverage was phased in over time, I also test for differences in pre-treatment trends in market outcomes. Table A5 (Web Appendix) reports these results. The trends are not statistically different from zero,
except for the market pair treated in 2001.
21
Using the Kolmogorov-Smirnov test, the differences in distributions for most covariates are not statistically significant.
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Table 2—Comparison of Observables by Treated and Untreated Groups
in the Pre-Treatment Period (1999–2001)
Unconditional mean

Difference in
means

Difference in distributions
Unconditional
Kolmogorov-Smirnov
test

Pre-treatment observables
Panel A. Market pair level data
| Pjt  − Pkt  | for millet (CFA/kg)
Distance between markets (km)
Indicator for road quality between
markets
Indicator for drought in 1999 or
2000
Indicator for urban center
(> = 35,000)
Transport costs between markets
(CFA/kg)
Panel B. Market-level data
Indicator for road quality to market
(1 = Paved, 0 = Unpaved)
Market size
Indicator for drought in 1999 or
2000
Indicator for landline service
1999–2001, (1 = Yes, 0 = No)
Indicator for urban center
(> = 35,000)

No mobile
Mobile phone phone mean
mean (SD)
(SD)
21.03
(16.9)
438.75
(275)
0.338
(0.47)
0.050
(0.22)
0.346
(0.476)
12.57
(7.3)

22.11
(17)
413.86
(247)
0.390
(0.49)
0.052
(0.22)
0.305
(0.46)
11.91
(6.6)

0.588
(0.49)
88.58
(80)
0.052
(0.22)
0.865
(0.34)
0.382
(0.486)

0.4
(0.49)
124
(77)
0.025
(0.16)
0.5
(0.51)
0
(0.00)

Unconditional
(SE)
− 1.07
(0.907)
24.89
(26.87)
− 0.052
(0.052)
− 0.002
(0.008)
0.041
(0.049)
0.656
(0.708)

0.188
(0.24)
− 35.41
(41.3)
0.027
(0.026)
0.364
(0.362)
0.382***
(0.084)

D-statistic

p-value

0.0478***

0

0.0647

0.852

0.0518

0.972

0.002

1

0.041

0.998

0.0513

0

0.1882

0.988

0.4853

0.368

0.0277

1

0.3649

0.962

0.3824

0.55

Notes: Data from the Niger trader survey and secondary sources collected by the author. In panel A, “mobile phone”
market pairs are pairs in which both markets received mobile phone coverage at some point between 2001 and 2006;
“no mobile phone” market pairs are those pairs in which either one or both markets never received cell phone coverage. The number of market pairs is 666. In panel B, “cell phone” markets are those that received coverage at some
point between 2001 and 2006, whereas “no cell phones” markets are those markets that never received coverage.
The number of markets is 37. Huber-White robust standard errors clustered by market pair (panel A) and by market
(panel B) are in parentheses. Prices are deflated by the Nigerien CPI. The Kolmogorov-Smirnov test tests for the
equality of the distribution functions.
*** Significant at the 1 percent level.

It is plausible that mobile phone coverage in market pair ij could affect price dispersion in market pair kl, especially if traders begin selling more of their goods
in mobile phone markets (a “downstream” equilibrium effect). One could also
imagine a scenario whereby mobile phone coverage affects the farm gate price for
grains, thereby influencing farmers’ production decisions and, hence, local supply
(an “upstream” equilibrium effect).22 In this context, standard policy evaluation
practices can be biased.
22
“Upstream” equilibrium effects would be a concern if mobile phones had an impact on farm-gate prices and
farmers’ grain production is elastic. Aker (2008) posits that this is not a first-order concern, as only 5 percent of
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A common approach to evaluating treatment effects in this setting is to combine
smaller treatment units into larger units that do not interfere with one another (Paul
R. Rosenbaum 1987). I therefore match mobile phone and non-mobile phone market pairs in geographically isolated regions in an attempt to address the potential
“downstream” equilibrium impacts on the treatment effect. The magnitude and statistical significance of the mobile phone coefficients are much stronger as compared
to the estimates using all market pairs (Aker 2008), thereby suggesting that the
pooled coefficients are a lower bound on the treatment effect.23
An additional concern is whether mobile phones facilitated collusive behavior
among traders, specifically by facilitating communication and coordination. If this
were the case, a reduction in price dispersion could be an indication of convergence
toward the monopoly price.24 While I am unable to directly rule out this hypothesis, an analysis of the grain market structure provides evidence of the plausibility
of collusive behavior. The most commonly used measure of market power in the
agricultural marketing literature is the market concentration index, which measures
the percentage of traded volume accounted for by a given number of participants
(Richard L. Kohls and Joseph N. Uhl 1985). Figure A3 (Web Appendix) shows the
four-firm concentration ratios (CR4s) for grain markets in Niger. The CR4s suggest
that the grain market structure is fairly competitive. Nationally, the largest traders
accounted for 23 percent of grain traded in 2005/2006, and 26 percent of all grain
traded in 2004/2005.25 Markets are fairly competitive across regions as well, with
most regions having a CR4 less than 25 percent. These results suggest that reductions in price dispersion across markets are not driven by collusive behavior.
VI. Conclusion

This paper provides empirical evidence of the nature and magnitude of the effects
of mobile phone coverage on agricultural market performance in Niger. The introduction of mobile phones is associated with a 10 to 16 percent reduction in price dispersion across markets, with a larger impact for those market pairs with higher transport
costs. The paper also provides evidence of a network effect, as mobile phones have
a stronger effect on price dispersion once a critical mass of market pairs has mobile
phone coverage. While the magnitude of the impact is smaller than the results found
in Jensen (2007), this is not surprising, as grains are a storable commodity.
The reduction in price dispersion across markets in Niger does not appear to be
driven by selection on observable or unobservable characteristics, spillover effects
or collusive behavior. Rather, Aker (2008) finds that the primary mechanism through
villages had mobile phone coverage by 2006, and related research suggests that grain production is highly price
inelastic in Niger.
23
Market equilibrium effects are still possible if trade occurs among markets that link the regions. I posit that
these effects dissipate with distance. In addition, by focusing on geographically isolated regions, it is possible
that the approach has introduced a new bias of different trends among regions. I cannot reject the equality of pretreatment means or trends between the regions.
24
In this case, reductions in price dispersion would still be attributed to mobile phone coverage, but would have
different welfare implications.
25
Kohls and Uhl (1985) suggest that a CR4 less than or equal to 33 percent is indicative of a competitive market
structure, while a CR4 of 33–50 percent, and above 50 percent, may indicate a weak and strongly oligopolistic
market structures, respectively.
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which mobile phones affect market-level outcomes is a reduction in search costs, as
grain traders operating in mobile phone markets change their search and marketing behavior as compared to their non-mobile phone counterparts. The reduction in
search costs and inter-market price dispersion is associated with improvements in
trader and consumer welfare (Aker 2008).
More broadly, this paper provides empirical evidence of the importance of
information for market performance, suggesting that the “I” is as important as the
“T” in information technology. Information provision is necessary, but not sufficient, for welfare improvements, especially in the presence of other market failures. Nevertheless, mobile phones appear to be a particularly effective and low-cost
means of providing such information, and are well-suited to social and commercial
norms in sub-Saharan Africa.
These issues are central to the current debate concerning the role of information
technology in promoting economic development. Mobile phone infrastructure can have
positive spillover effects on markets, thereby serving as an effective poverty reduction
tool for poor rural households. However, it cannot replace investments in other infrastructure necessary for sustainable development, such as power, roads and electricity.
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