
chain disruptions. The estimated relationship is stable if we restrict our sample to the post-

lockdown period when supply chain disruptions due to travel restrictions were less acute.

In Uganda, the negative impact of local workplace activity on prices increases with distance to

the product origin. An important caveat to the last result is that we are only able to track

the product origin of branded products, a subset of products for which we do not observe a

significant link between mobility and prices in our baseline specification.

The ongoing pandemic has fundamentally altered economic and social interactions across the

globe and shifted market interactions in ways that reflect people’s mobility patterns and the level

of activity at workplaces and retail localities. We show that these dynamics matter for retail

prices - even beyond periods with major government restrictions to passenger travel, market

closures, and restrictions for the service sector. We benchmark prices from the survey against

other sources like FEWs and KNBS in Kenya and UBoS in Uganda and find that the trend of

price fluctuations from the different sources is generally similar during the survey period. The

data collection serves as a proof of concept showing that it is possible to collect high-quality,

high-frequency price data at scale through a crowd-sourcing approach. Such data can be used

as a supplementary source of information for inflation. The methodology can be useful to policy

makers and researchers to acquire real time price data and serve as a more frequent alternate

source for national prices as well. A limitation of our approach lies in the challenge of collecting

data in particularly remote regions that have limited internet connectivity. This can be addressed

in future data collection endeavors through more targeted recruiting of volunteers in relevant

areas. In addition, more crude measures (e.g. number of fruits) instead of standardized measures

(e.g. kilogram) have to be used for items like fruits and vegetables. This is an important aspect

to keep in mind for the interpretation of the data. Nevertheless, the study report shows that

the trends in the data on fruits and vegetables prices closely align with those collected through

traditional channels by the Uganda Bureau of Statistics and the Kenya Bureau of Statistics.
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Appendix

8.1 Market closure maps

Figure 8: Map of 2020 market closures and reopening dates in Kenya

March April

August

The maps highlights counties with officially announced market closures and re-opening dates in response to
Covid-19. Announcements were usually made by the County Government.
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8.2 Appendix material: data collection and sample description

Figure 9: Daily number of collected price quotes

Kenya Uganda

The above histogram plots the daily number of collected price quotes. The regular spikes correspond to weekends
- in particular Saturdays.
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Figure 10: Comparison of national average prices with KNBS

Sugar (kg) Wheat flour (2 kg)

Tomatoes (kg) Mango (kg)

Onion (bulb, kg) Cabbage (one)

This graph compares the average prices in Nairobi from the price survey to average prices reported by the Kenya
National Bureau of Statistics. Note that KNBS only publishes item-level national average prices for a selected
number of items each month. In addition, the specific items reported vary from month to month. For the price
survey we report the unweighted national average prices. The vast majority of respondents reported prices per
piece for mangoes, cabbage and tomatoes. We therefore standardise all prices accordingly. However, as KNBS
report kilo prices only, we re-scale the price for mango and tomatoes for the purpose of this graph. KNBS reports
prices for onion bulbs and leeks as one item. In the price survey we specifically collected prices for bulbs.
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Figure 11: Comparison of national average prices with FEWS and KNBS

Maize flour (2 kg) Cooking oil (1 litre)

Milk, pasteurized (500 ml) Bread (400g)

This graph compares the average prices from the price survey to average prices reported by the Kenya National
Bureau of Statistics and the Famine Early Warning Systems Network (FEWS). Here we restrict the sample to
items for which FEWS reports monthly prices for Nairobi (disregarding gasoline and diesel). Note that KNBS only
publishes item-level national average prices for a selected number of items each month. In addition, the specific
items reported vary from month to month. For the price survey we report the unweighted national average price.
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Figure 12: Comparison of Nairobi average prices with FEWS and KNBS

Maize flour (2 kg) Cooking oil (1 litre)

Milk, pasteurized (500 ml) Bread (400g)

This graph compares the average prices in Nairobi from the price survey to average prices reported by the Kenya
National Bureau of Statistics and the Famine Early Warning Systems Network (FEWS). Here we restrict the
sample to items for which FEWS reports monthly prices for Nairobi (disregarding gasoline and diesel). Note that
KNBS only publishes item-level national average prices for a selected number of items each month. In addition,
the specific items reported vary from month to month. For the price survey we report the unweighted average
price for Nairobi.
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Figure 13: Comparison of national average prices with UBoS I

Beans (kg) Maize flour (kg)

Rice (kg) Egg (one)

Bread (kg) Sugar (kg)

The graphs compare national average prices from the price survey prices collected by the Uganda National Bureau
of Statistics (UBoS). UBoS prices are collected from 10 centers across the country namely Arua, Fortportal,
Masaka, Mbarara, Kampala lower, middle higher income, Jinja, Mbale, and Gulu. In the UBoS data, prices
for salt are reported per 500g while avocado, tomatoes and bananas are reported per kg. For proper comparison
with the price survey, we standardised all UBoS prices by rescalling to price per/kg and price/piece respectively.
Bread was also standardized to 1 kg as it was reported in various forms. Nonetheless, the trend of banana prices
was not so comparable as UBoS prices comprised of more and various types of ripe bananas compared to the
price survey.
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Figure 14: Comparison of national average prices with UBoS II

Groundnuts (kg) Tomatoes (one)

Bananas (one) Avocado (one)

Salt (kg)

The graphs compare national average prices from the price survey prices collected by the Uganda National Bureau
of Statistics (UBoS). UBoS prices are collected from 10 centers across the country namely Arua, Fortportal,
Masaka, Mbarara, Kampala lower, middle higher income, Jinja, Mbale, and Gulu. In the UBoS data, prices
for salt are reported per 500g while avocado, tomatoes and bananas are reported per kg. For proper comparison
with the price survey, we standardised all UBoS prices by rescalling to price per/kg and price/piece respectively.
Bread was also standardized to 1 kg as it was reported in various forms. Nonetheless, the trend of banana prices
was not so comparable as UBoS prices comprised of more and various types of ripe bananas compared to the
price survey.
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8.2.1 Geographic coverage of the price survey data

The number of collected price quotes highly correlates with population density. In Figure 16 we

plot population size for each district (Uganda) and county (Kenya) against the number of price

quotes collected (both on a log scale). Each marker represents a district/county and their size

is proportional to their population. Clearly, larger administrative units increasingly reported a

higher number of price quotes.

Darker spots on the maps in Figure 1 and 15 can be easily mapped back to major towns in

Kenya and Uganda. Admittedly so, most of our respondents were more likely to report prices

paid in urban areas. This was partly due to the sample of our respondents, majority being

university students and NGO workers as well as due geographic variation in internet coverage

particularly in Uganda.

Using additional information from Kenya’s latest census (Economic Survey, 2019), we further

link the number of collected price quotes to population density, mobile phone and internet access.

In Figure 17, we show the correlation of population density and the number of price quotes per

square kilometre, as well as the correlation of the number of price quotes per million people and

mobile phone and internet penetration in Kenya. Each marker again represents a county. The

graph on the left panel takes in consideration the number of reported price quotes per square

kilometre while in the right panel, the percentage of population with access to internet/mobile

phone is considered. We note that the fitted line is noticeably steeper than a 45° line implying

a disproportionate higher concentration of price quotes in densely populated counties.
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Figure 15: Geographic dispersion of price quotes for rice over time

June

October

February

The above maps plot the geographic dispersion of the collected rice prices for the months June 2020, October
2020, and February 2021. Darker colours indicate a greater density of price quotes. Lighter colours indicate fewer
price quotes.
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Figure 16: Population and the number of collected price quotes across space

Kenya Uganda

The above graphs plot log population on the x-axis and the log number of price quotes collected in each county
(Kenya) and district (Uganda) on the y-axis. Each marker represents one of Kenya’s 47 counties or Uganda’s
135 districts. The size of each marker is proportional to the county’s/district’s population. The population data
for Kenya are sourced from the 2019 Population and Housing Census (KNBS, 2019). For Uganda the data are
sourced from the Uganda Bureau of Statistics (UBOS, 2020). Population figures for 2020 are projections.

Figure 17: Population density, Internet access and the number of collected price quotes across
space

Population Density Mobile phone and Internet access

The above graphs plot the log number of price quotes (per km2 or million people) collected in each Kenyan
county on the y-axis. In the left graph we plot it against population density and in the right graph against the
percentage of the population with access to a mobile phone and Internet respectively. Each marker represents
one of Kenya’s 47 counties. The size of each marker is proportional to the county’s population.The slope of the
fitted line is slightly steeper than a 45° line, suggesting a dis-proportionally higher concentration of price quotes
in densely populated counties. The population data and information on Internet access and mobile phone access
are sourced from the 2019 Population and Housing Census (KNBS, 2019).

8.3 Price dynamics across retail categories

As noted, our sample of respondents might be dis-proportionally likely to shop at supermarkets

and less likely to shop at open air markets. We also take note that different items would more
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likely be sold in certain shop types. For instance, fruits and vegetables are more likely to be

found in a kibanda as opposed to a general shop. In addition, some item brands and varieties

thereof are likely to be found in certain types of shops. Here we show by what extent prices

varied with shop type. Figure 18 shows the variation in prices across different types of shops,

controlling for item fixed effects in the left column and item as well as brand fixed effects in the

right column. The residual variation in prices across shop types is drastically reduced once we

control for brand fixed effects.

Figure 18: Variation in prices by shop type

Kenya

Item FE Item and brand FE

Uganda

Item FE Item and brand FE

The above graphs show the variation retail prices by shop type. In the left column we control for item fixed effects
only. In the right column we add brand fixed effects. The grey error bars show the 95% confidence intervals.
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8.4 Additional summary statistics from the price data

Table 8: Kenya - detailed summary statistics

Item Quantity N N/month Avg. price Sd price #brands #counties #counties/month N mobility Avg.price mobility Sd price mobility #counties mobility N origin Avg. distance to origin Shop type
Rice 2,072 1 kg 156 123 44 11 39 23 1,841 124 44 34 985 168 General shop
Bread (white) 2,061 400 g 153 49 6 15 38 22 1,823 49 6 33 1,713 175 General shop
Sugar 1,556 1 kg 109 112 14 8 37 19 1,367 112 14 33 578 188 General shop
Eggs 1,556 one 163 13 3 1 42 28 1,352 13 3 36 General shop
Wheat flour 1,338 2 kg 96 128 15 13 39 19 1,166 128 15 34 1,192 352 General shop
Maize flour (sifted) 1,323 2 kg 98 121 18 17 39 19 1,182 120 17 34 1,066 175 General shop
Milk (fresh, packaged) 1,246 500 ml 88 51 9 14 39 19 1,135 51 9 33 1,010 167 General shop
Bread (brown) 1,104 400 g 82 49 7 11 40 18 1,001 49 7 36 878 133 General shop
Tomatoes 1,070 one 111 7 3 1 38 23 961 6 3 32 Kibanda
Banana (ripe) 967 one 100 8 4 1 39 24 850 8 4 33 Kibanda
Cooking oil 777 1 litre 52 170 39 10 40 16 687 170 39 34 562 373 General shop
Onions (bulbs) 770 1 kg 80 66 34 1 33 21 684 66 34 30 Kibanda
Cabbage 672 one 73 46 30 1 38 22 586 45 29 31 Open air market
Avocado 657 one 73 19 10 1 35 21 580 20 10 31 Kibanda
Mango 628 one 72 18 10 1 35 20 576 18 10 31 Kibanda
Soda/Soft drink 576 300 ml 64 30 8 1 37 21 506 30 8 33 General shop
Salt 352 1 kg 21 39 15 5 32 10 315 39 15 29 345 515 General shop

Prices are denoted in Kenyan Shilling.

Table 9: Uganda - detailed summary statistics

Item Quantity N N/month Avg. price Sd price #brands #districts #districts/month N mobility Avg.price mobility Sd price mobility #districts mobility N origin Avg. distance to origin Shop type
Rice 1 kg 1,224 264 3,740 1,751 9 58 5 819 3,982 1,991 14 160 65 General shop
Bread (loaf) 400 g 838 134 4,543 719 5 49 5 692 4,553 659 14 621 85 General shop
Beans (dry) 1 kg 771 132 3,587 761 2 48 5 511 3,657 770 14 0 General shop
Sugar 1 kg 761 190 3,357 520 7 51 4 480 3,376 541 13 671 143 General shop
Eggs one 526 81 413 99 1 42 6 376 399 96 13 0 General shop
Avocado one 425 70 649 323 1 41 5 306 711 344 15 0 General shop
Groundnuts 1 kg 348 45 5,700 1,190 1 37 5 266 5,849 1,202 14 0 General shop
Maize flour (sifted) 2 kg 333 76 2,020 567 11 37 3 225 2,084 602 11 245 86 General shop
Tomatoes one 318 54 248 171 1 37 4 245 258 180 11 0 Open air market
Banana (ripe) one 192 44 337 277 1 39 4 223 376 274 13 0 General shop
Salt 1 kg 182 45 2,128 1,040 6 37 2 129 2,074 1,024 11 3 102 General shop

Prices are denoted in Ugandan Shilling.
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8.5 Google mobility data

We use the Google Mobility data to track changes in mobility patterns during our study period.

Related studies often rely on fine-grinned high-frequency smartphone data to track changes

in consumption patterns and mobility during the Covid-19 pandemic (Couture et al., 2020).

However, such data are only available for a limited number of contexts. We therefore rely on

more aggregated mobility data published by Google (Aktay et al., 2020). The data has, for

example, been used by other researchers to provide cross-country evidence on the link between

mobility and the transmission of SARS-CoV-2. Similar to other smartphone data, the data is

likely bias towards picking up mobility patterns for certain demographics - typically the younger

and wealthier in the context of Kenya (Gollin et al., 2020) and Uganda. Despite the skew

towards higher income groups and higher educated , Gollin et al. (2020) provide detailed insight

into smartphone ownership and mobility patterns in Kenya, showing that especially in urban

areas smartphone data gives insights into mobility patterns of a relatively broad subset of the

wider population. Nevertheless, we want to highlight that this skew is be particular relevant

for the purpose of our study given those groups might also have been better positioned to work

from home during the lockdown period and their mobility patterns have been affected more

drastically as a result.

The Google mobility index documents how Android smartphone users’s movement and time

spent at certain locations has been affected by the pandemic relative to a baseline period in

January and February 2021. Figure 19 depicts the changes in activity at grocery and pharmacy-

related locations for April and November 2020. The maps are color coded such that dark red

colour means a reduction in activity of up to 80% relative to the baseline. Dark blue colour

means an increase in activity of up to 50% relative to the baseline. To some considerable

extent, activities reduced significantly in most parts of Kenya for which Google has data on.

Counties that were targeted by the lockdown measures are seen to reduce activities the most.

Data coverage in Uganda is more spares and largely centred around the major urban centres,

in particular Greater Kampala. Here the lockdown had the most pronounced impact (dark red

region in the top map of Figure 19). In November of 2020, there was improved movement in

Kenya even though the coastal region with Mombasa remained constrained.32 One limitation

is that data availability is highly correlated with internet and mobile phone coverage. Google

requires a certain number of data points for it to publish an index for a specific administrative

unit. For the blank regions in we do not observe any data throughout the sample period. In

Kenya this mostly affects the sparsely populated counties, while large areas of Uganda are not
32This could be partly driven by the drastic reduction in tourist numbers on the coast.
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observed in the data. For the grey areas we observe data for at least one of the indices in a given

month, but not the one mapped here. Figure 20 highlights the more comprehensive geographic

coverage of the workplace index. Looking at the workplace index in Figure 20, we find even more

convincing evidence that workplaces were significantly affected in April of 2020. This was at a

time when non-essential workers were advised to work from home. By June of 2020 there was

considerable improvements in mobility in some counties/districts. By February 2021 we observe

fewer extreme values - darker shades of red or blue - and most values fluctuate around zero.

However, the overall tendency still seems to suggest lower activity levels than in January and

February 2020. In Uganda, this trend might be partly driven by the aftermath of the January

2021 election.
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Figure 19: Mapping mobility: Grocery and pharmacy index

April 2020

November 2020

The maps shows the spatial variation in the availability of Google mobility data in Kenya and Uganda for the
month of April and November 2020 as well as February 2021. Districts/counties marked in grey are administrative
units for which any mobility data is available at some point, however, not in the shown period. Blank areas indicate
that mobility data are missing for the time period studied. The colour scheme further indicates the percentage
change in activity relative to Google’s baseline in January and February 2020. Dark red means a reduction in
activity up to 80% relative to the baseline, dark blue means an increase in activity of up to 50% relative to
the baseline. The lighter the colour, the closer mobility is to the baseline. The Google mobility data can be
downloaded here: https://www.google.com/covid19/mobility/
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Figure 20: Mapping mobility: Workplace index

April 2020

June 2020

February 2021

The maps shows the spatial variation in the availability of Google mobility data in Kenya and Uganda for the
month of April and November 2020. Districts/counties marked in grey are administrative units for which any
mobility data is available at some point, however, not in the shown period. Blank areas indicate that mobility
data are missing for the time period studied. The colour scheme further indicates the percentage change in
activity relative to Google’s baseline in January and February 2020. Dark red means a reduction in activity up
to 80% relative to the baseline, dark blue means an increase in activity of up to 50% relative to the baseline.
The lighter the colour, the closer mobility is to the baseline. The Google mobility data can be downloaded here:
https://www.google.com/covid19/mobility/ 53
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8.6 Results on mobility and data collection patterns

Table 10: Mobility and data collection - using variation across space and time

Kenya Uganda
Full sample Post scale up Full sample Post scale up

Mobility 0.055*** 0.095*** 0.098*** 0.114***
(0.017) (0.021) (0.024) (0.031)

Constant 0.899*** 0.898*** 0.896*** 0.898***
(0.004) (0.004) (0.010) (0.011)

No. observations 138652 127931 27879 23411
R2 adj. 0.012 0.015 0.024 0.025
R2 adj. within 0.001 0.002 0.002 0.003
Item FE Yes Yes Yes Yes

The outcome variable captures whether a price quote was recorded for a given day, item, and administrative
unit for which Google mobility data were available. The variable takes a value of one if the price was quote
was missing. The independent variable captures the change in activity relative to January and February 2020 in
percentage points. It takes a value of zero if the observed activity is similar to the baseline period, positive values
represent an increase in activity levels, negative values a decline. In Kenya observed values range from -0.7 to
0.4. In Uganda they range from -1 to 0.3. Standard errors are clustered at the item-location level (counties in
Kenya, districts in Uganda). *; **; and *** denote significance at the 10; 5; and 1 percent levels respectively.

Table 11: Mobility and data collection - using variation across space

Kenya Uganda
Full sample Post scale up Full sample Post scale up

Mobility 0.071*** 0.072*** 0.155*** 0.136***
(0.020) (0.021) (0.032) (0.033)

Constant 0.900*** 0.896*** 0.901*** 0.899***
(0.004) (0.004) (0.009) (0.010)

No. observations 138652 127931 27879 23411
R2 adj. 0.024 0.024 0.035 0.033
R2 adj. within 0.001 0.001 0.005 0.004
Item FE Yes Yes Yes Yes
Month FE Yes Yes Yes Yes

The outcome variable captures whether a price quote was recorded for a given day, item, and administrative
unit for which Google mobility data were available. The variable takes a value of one if the price was quote
was missing. The independent variable captures the change in activity relative to January and February 2020 in
percentage points. It takes a value of zero if the observed activity is similar to the baseline period, positive values
represent an increase in activity levels, negative values a decline. In Kenya observed values range from -0.7 to
0.4. In Uganda they range from -1 to 0.3. Standard errors are clustered at the item-location level (counties in
Kenya, districts in Uganda). *; **; and *** denote significance at the 10; 5; and 1 percent levels respectively.
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Table 12: Mobility and data collection - using variation across time

Kenya Uganda
Full sample Post scale up Full sample Post scale up

Mobility -0.021* 0.080*** -0.174*** -0.104***
(0.012) (0.010) (0.030) (0.019)

Constant 0.894*** 0.897*** 0.874*** 0.883***
(0.002) (0.002) (0.006) (0.006)

No. observations 138652 127931 27879 23411
R2 adj. 0.092 0.107 0.136 0.176
R2 adj. within 0.000 0.001 0.006 0.002
Admin FE Yes Yes Yes Yes
Item FE Yes Yes Yes Yes
Day of the week FE Yes Yes Yes Yes

The outcome variable captures whether a price quote was recorded for a given day, item, and administrative
unit for which Google mobility data were available. The variable takes a value of one if the price was quote
was missing. The independent variable captures the change in activity relative to January and February 2020 in
percentage points. It takes a value of zero if the observed activity is similar to the baseline period, positive values
represent an increase in activity levels, negative values a decline. In Kenya observed values range from -0.7 to
0.4. In Uganda they range from -1 to 0.3. Standard errors are clustered at the item-location level (counties in
Kenya, districts in Uganda). *; **; and *** denote significance at the 10; 5; and 1 percent levels respectively.
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