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Abstract

In value chains where quality of the underlying commodity is hard

to observe and track, quality upgrading my be challenging. We test two

barriers to the development of a market for quality in Ugandan dairy

value chains using a �eld experiment with treatments at di�erent levels.

At the farmer level, we conjecture that farmers are paying attention to the

wrong quality attributes and design a video-based information campaign

to point out what the quality parameters are that matter for processors.

We also provide them with a small incentive to put what they learned

into practice. Midstream, at milk collection centers where milk is bulked

and chilled, we provide technology aimed at facilitating quality discovery

and tracking. We look at impact of both interventions at both farmer and

milk collection center level and consider outcomes such as milk quality,

prices received and quantities transacted.

JEL: O13, O17, Q13
Keywords: value chain upgrading, dairy, quality assurance, information

Motivation

Quality of products transacted within value chains, and the preservation of
quality throughout the chain, is central to value chain development. Work-
ing with quality inputs often reduces production costs further down the value
chain. Quality inputs and safeguarding quality while processing, storing, and
transporting commodities is also important from a food safety perspective. In
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general, transformation of value chains often coincide with signi�cant quality
upgrading.

Over the past decade, the dairy sub-sector in Uganda has changed dra-
matically. Particularly in the areas around Mbarara, commonly referred to as
the southwestern milk shed, an in�ux of foreign direct investment has created
the preconditions for modern dairy value chains to emerge (Van Campenhout,
Minten, and Swinnen, 2021). The area now has an extensive network of milk
cooling and collection centers that link smallholder farmers to a cluster of pro-
cessors. In the dairy value chain, quality is particularly important. Milk quality
determines how much end product (eg cheese, caseine, milk powder,..) can be
obtained from a given quantity of milk. Furthermore, it goes without saying
that the protection of milk from dirt and contamination is important for food
safety, as milk is very unstable.

At the same time, it is surprising that there seems to be no market for
quality in the sub-sector (while this is generally the case in more developed
dairy value chain where the price is not a �xed price per liter of milk supplied.
Generally, payment di�ers per dairy farmer, depending on the protein and fat
and lactose content of the milk supplied by the farmer1). For instance, using
recently collected survey data, we �nd that of a sample of 200 farmers that sold
to milk collection centers, only 6 percent indicated that they received a quality
premium. From 114 milk collection centers that were included in the survey, we
found that only about 18 percent (sometimes) paid a price premium to farmers.
At the same time, expert interviews with processors indicate that their main
challenge is related to sourcing milk of su�cient quality, pointing out issues
related to butter fat content and solid non-fat content of the milk. They also
say that the would be willing to pay for it.

When asked about what farmers need to do to increase quality, farmers
mainly refer to practices that a�ect milk sanitation. Most training and exten-
sion activities in the area focus on the importance of using proper equipment
(stainless steel milk churns as opposed to plastic jerry cans) and simple prac-
tices such as washing hands and udders. These technologies and practices do
not a�ect the milk quality attributes that processors seem to care most about.
To increase butter fat content and solid non-fat content, it is especially feeding
practices that matter.

The above points to at least two problems which constrain the development
of a market for quality milk. First, at a technological level, instruments nec-
essary to make the desired quality attributes visible are lacking. Most milk
collection centers only engage in rudimentary testing for adulteration (using a
gravity based test with a device called a lactometer) and freshness (using the
alcohol test). Farmers do not have access to testing equipment. Second, at
the knowledge level, farmers do not seem to know what quality parameters are
important further downstream the value chain.

In this research, we will test various hypothesis using a randomized control
trial with interventions at both the level of the milk collection centers and at

1https://www.frieslandcampina.com/owned-by-farmers/milk-price-system/
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the farmer level. At the level of the milk collection center, we work with the
Uganda Dairy Development Authority (DDA) to scale up their Quality-Based
Milk Payment Scheme (QBMPS) that was piloted by last year in Uganda's SW
milkshed. It involves installing lactoscans at milk collection centers that allows
testing of individual milk deliveries for quality parameters desired by processors.
We want to test what the impact of visualizing these quality attributes at this
level is on both farmers and milk collection centers. We then use a split plot
design to mix in a second intervention at the level of the farmers. Here, we
provide a video-based information treatment where farmers are informed about
what quality parameters processors deem important and how they can improve
on these parameters.

This document serves as a pre-analysis plan for the study that will be reg-
istered in a public repository. It provides background information, outlines
hypotheses which will be tested, tools that will be used in the �eld, power
calculations and sample size projections on which sampling is based, outcome
variables that will be used to assess impact, and speci�cation that will be esti-
mated. As such, it will provide a useful reference in evaluating the �nal results
of the study (Humphreys, Sanchez de la Sierra, and van der Windt, 2013; Du�o
et al., Working Paper).

Related Literature

Our study is related to a large literature. Some of the most recent articles
include:

� Rao and Shenoy (2021) explore the e�ect of collective incentives on group
production among rural Indian dairy cooperatives. In a randomized eval-
uation, they �nd village-level cooperatives can solve internal collective
action problems to improve production quality. However, some village
elites decline payments when they cannot control information disclosure.
Opting out re�ects frictions in allocating surplus within a social network,
and suggests some transparency-based e�orts to limit elite capture may
undermine policy goals.

� Treurniet (2021) uses matching on observable farmer characteristics to
study how individual quality incentives provided by private actors can
help smallholders to improve milk quality. In the Indonesian dairy value
chains they study, individual quality incentives increased the composi-
tional quality of milk quickly after its introduction. Together with phys-
ical inputs and training, individual quality incentives also increased the
hygienic quality of milk.

� Saenger et al. (2013) use framed �eld experiment to evaluate the impact of
two incentive instruments: a price penalty for low quality and a bonus for
consistent high quality milk on farmers' investment in quality-improving
inputs among contract farmers in the Vietnamese dairy sector. Statistical
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analysis suggests that the penalty drives farmers into higher input use,
resulting in better output quality. The bonus payment generates even
higher quality milk.

Hypotheses and impact pathways

One potential reason why a market for quality does not develop may be related
to the fact that milk from individual farmers is poured together, making it hard
to track quality. In general, at the start of the cold chain in milk collection
centers, only rudimentary testing is done, and equipment to track quality pa-
rameters that are most relevant for the development of a market for quality is
lacking. Only when milk reaches the processor, these quality parameters are
revealed.

In a �rst hypothesis, we expect that reducing the cost of quality discovery at
the level of the milk collection center (such that it is easy to accurately determine
the quality of each individual supplier before it is aggregated in milk tanks)
will increase outcomes at that level for several reasons. For instance, it will
enable collection centers to turn down suppliers with low quality, which should
increase the overall quality of milk aggregated. When milk collection centers
are able to independently assess the quality of the milk, they may actively
search for processors that are prepared to pay a premium for a particular quality
parameter.2 In addition, accurate information about the quality of the milk
may also strengthen the bargaining position of the milk collection center vis-a-
vis the buyer. The ability to accurately monitor incoming milk may also enable
milk collection centers to engage in product di�erentiation at an early stage,
by for instance using one tank to collect high protein milk destined for casseine
extraction and using another tank to collect milk that is high in butter fat, to
supply to a cheese maker.

In a second hypothesis, we also expect that dairy farmers will bene�t from
this intervention at the level of the milk collection centers. Making quality
visible midstream should enable milk collection centers to reward farmers for
supplying superior milk and increase the overall quality of the milk that the
collection center aggregates. If dairy farmers know that the milk collection
center has the equipment to test milk at a reasonable cost, farmers may also
demand milk collection centers to test their milk in case there is discussion
related to the quality.

Another potential reason why a market for quality does not develop may be
related to the fact that farmers do not have adequate knowledge about what is
meant by milk quality. In particular, farmers seem to focus most on food safety
related quality aspects of milk, and less on the compositional aspect. As a result,
even when the technology to assess quality is available, farmers may not be able

2As mentioned earlier, milk quality determines what products can be produced. If the milk
collection center discovers their milk has a particularly high butter fat content, it may decide
to deliver to a cheese producer who is prepared to pay more for high fat milk than a processor
that extracts caseine who is more interested in SNF.
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to improve without additional knowledge on what parameters to improve upon.
Furthermore, it may be that farmers do not have a good understanding of how
these compositional parameters can be a�ected.3 A third hypothesis is thus
that providing information on what the desired milk quality parameters are,
and what a�ects these parameters, increases outcomes for farmers.

In value chains, it is not always clear whether upgrading is driven by push
(eg a productivity increasing technological innovation at the farm level) or pull
factors (eg in increase in demand due to opening up of export markets). Often,
it is a combination of both, and push and pull factors endogenously reinforce
each other in a virtuous cycle (Van Campenhout, Minten, and Swinnen, 2021).
In a �nal hypothesis, we thus also test if making quality visible at the milk
collection center level and at the same time providing information on what the
desired milk quality parameters are increases outcomes for farmers.

Experimental design

The �eld experiment consists of two cross-randomized interventions that are
implemented at di�erent levels. Outcomes may be measures at di�erent levels.
The design is illustrated in Figure 1, which provides a stylized representation
of the dairy value chain. We randomly allocate quality testing equipment to a
random subset of milk collection centers (MCCs), while another random subset
of milk collection centers functions as the control group for this treatment. In
the catchment area of each milk collection center, we then take a sample of dairy
farmers, stratifying the sample on whether the farmer is an active supplier to
the milk collection center or not. In this sample, we then randomly assign half
of the farmers to the information treatment (blocking on whether the farmer is
an active supplier to the milk collection center or not).

With this design, we can then test if the intervention at the milk collection
center improved outcomes for milk collection centers. We can also test if the
intervention at the milk collection center a�ects outcomes at the farmer level by
comparing outcomes of the farmers in catchment areas of treated Milk Collection
Centers (MCCs) to outcomes of farmers in catchment areas of control MCCs.
The intervention at the farmer level can only be evaluated at the farmer level.
At the level of the farmers, we can also look at the interaction between the
two treatments by looking at outcomes of farmers that received the information
treatment in catchment areas of milk collection centers that also received a
lactoscan in relation to outcomes of farmers that are di�erently exposed to the
treatments.

In sum, and in reference to the equation we will estimate in the next section,
the four main hypotheses that we will test with this design are:

3Being a non-rival good, information is generally undersuplied by the private sector. Agri-
cultural extension and advisory services are therefore often organized by governments or non-
governmental organizations who tend to prioritize food safety concerns over pro�tability. As
a result, farmers are mostly trained on how to maintain milk sanitary standards and less on
ways to improve quality in terms of butter fat and Solid Non-Fat.
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Figure 1: Design

� Hypothesis 1: making quality visible at the MCC level increases outcomes
for the milk collection centers (βH1 > 0).

� Hypothesis 2: making quality visible at the MCC level increases outcomes
for the farmers in the catchment areas of these MCCs (βH2 > 0).

� Hypothesis 3: providing information on what the desired milk quality
parameters are and what a�ects this parameter increases outcomes for
farmers (βH3 > 0).

� Hypothesis 4: making quality visible at the MCC level and providing
information on what the desired milk quality parameters are to farmers
increases outcomes for farmers (βH4 > 0).

Additional research questions, based on the strati�cation, tests for di�erences in
average treatment e�ects between farmers that are connected to milk collection
centers versus those that are not. Testing for this treatment heterogeneity allows
us to explore if the interventions only strengthen existing value chains or whether
they can also draw in actors from informal value chains.

� Does the MCC level intervention a�ect farmers that are already connected
to the milk collection center di�erently than farmers that are not already
connected to an MCC (βH2C = βH2).

� Does the information treatment a�ect farmers that are connected to
an MCC di�erently than farmers that are not connected to an MCC
(βH3C = βH3)

� Does the combined treatment (making quality visible at the MCC level
and providing farmers with information on the desired quality dimension)
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a�ect farmers that are connected to an MCC di�erently than farmers that
are not connected to an MCC (βH4C = βH4)

Interventions

To make relevant quality parameters visible at the level of the milk collection
centers, we focus on a technology bundle. In close collaboration with DDA, we
install milk analyzers at a random sample of milk collection centers. These can
be used to test milk samples of individual farmers or traders that supply to the
milk collection centers to establish quality of incoming milk, as well as to test
samples from the milk tankers when milk is picked up by traders or processors.
Milk analyzers show butter fat, solid non-fats, added water, temperature of
milk, protein content, and corrected lactometer coe�cient. Taking a sample is
non-destructive and takes about 30 to 50 seconds depending on the temperature
of the milk. Figure 2 shows a milk analyzer during piloting.

The milk analyzers will be delivered with clear Standard Operating Proce-
dure advising MCCs and MCC sta� will be trained. We collaborate with the
DDA to set up a system to monitor the milk analyzers and its use. In particu-
lar, DDA technicians will visit treatment MCCs at set periods. We also set up
a hotline that MCCs can contact in case of problems with the milk analyzers.
We also make sure that, over the course of the project, equipment is adequately
cleaned and calibrated.

In addition to the milk analyzers, the MCC level treatment also consists of
a digitized system to keep track of milk quantity and quality delivered to the
MCC. To do so, we developed a custom Android application that MCCs can use
to register farmers that deliver milk. For these farmers, MCC managers can then
record milk deliveries, including quantities delivered and price agreed, as well as
a range of quality parameters that can be read from milk analyzer, such as butter
fat and protein content. The application can also provide MCC managers with
simple reports, such as the average butter fat (weighted by quantities supplied)
over a di�erent period (today, yesterday, last week, last two weeks and custom
data range). Reports by farmer are also possible, such that MCC managers can
determine the total sum to be paid to a farmer for milk delivered in the last
14 days. The application, which is pre-installed on a Samsung galaxy tab A7
with sim-card for mobile internet, backs up data in the cloud, but is designed
following an o�-line �rst principle as some MCCs may not have coverage. A
screenshot of the application can be found in Figure 3.

Finally, for the MCC intervention, we also developed a poster to be displayed
at MCCs informing farmers that the MCC now has a milk analyzer that can
determine milk quality for free. The poster was designed by a local artist.

To provide information to dairy farmers on the parameters and character-
istics that processors are looking for and how farmers can produce milk that
adheres to these standards, we use a short engaging video that demonstrates
the inputs and practices that can be used to increase milk quality. The use of
video has been found to increase technology adoption in di�erent settings, al-
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Figure 2: Milk analyzer
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Figure 3: Application
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though the e�ectiveness also depends on a range of design attributes (Spielman
et al., 2021). The ability to depict role models in videos seems important to
increase both aspirations of the person targeted, as well as creating an enabling
environment for adoption in that it may challenge world views and stereotypical
thinking (Riley, 2019; Lecoutere, Spielman, and Van Campenhout, 2020).

To design the video based extension intervention, we �rst identi�ed the top
�ve practices and inputs that are known to raise butter fat and Solid Non Fats
in milk. This was done through consultations of experts. We found the top 5
practices and inputs were: selection of breed and genetic potential, selection of
grasses for high-quality forage, best practice in silage and hay making, correct
mixing and dosage of feed, and feed supplements like Methionine and Lysine.
To make the information intervention more actionable, we also provide farmers
with some free inputs (1 kg of Chloris Gayana also known as Rhodes grass). The
video will be screened a �rst time during baseline data collection and a second
time just before the distribution of the milk analyzers. We also developed an
appealing handout that summarizes some of the main points from the video
using cartoons drawn by a local artist.

Estimation and inference

We will estimate two equations using Ordinary Least Squares. One equation is
at level of the milk collection centers, the second equation is at the level of the
dairy farmers.

Denote milk collection centers by m, running from 1 to M. Tm is a treatment
indicator at the MCC level that is one if the MCC (in who's catchment area the
farmer resides) was allocated to the lactoscan treatment. ym is the outcome at
the level of the milk collection center you want to estimate the treatment e�ect
for and εm is an error term.

ym = α+ βH1.Tm + εm (1)

The parameter of interest in this equation is βH1, which tests Hypothesis 1.
The second equation is at the individual level. Here, Ti is a treatment

indicator at the farmer level that is one if the farmer was allocated to the
information treatment (with i indicating the farmer running from 1 to I ). Ci,m

is an indicator variable at the farmer level that is one if the farmer i is connected
to MCC m and zero otherwise. yi,m is the outcome of interest at the level of
the individual farmer living in the catchment area of milk collection center m
and εi,m is an error term (which may be correlated within catchment area).

yi,m = α+ αCCi,m + βH2.Tm + βH3Ti + βH4Ti.Tm

+ βH2C .Tm.Ci,m + βH3CTi.Ci,m + βH4CTi.Tm.Ci,m + εi,m (2)
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Standard errors in equation 2 are clustered at the milk collection level. The
parameter of interest in this equation is βH2, which tests Hypothesis 2, βH3,
which tests Hypothesis 3 and βH4, which tests for the interaction e�ect. We also
add a full set of interactions with the connection indicator to look at treatment
heterogeneity.

Factorial designs have recently been criticized for the proliferation of under-
powered studies and replication failure (Muralidharan, Romero, and Wüthrich,
2019). While in the next section we will run power calculations based on mod-
els with a complete set of interactions (equation 2), we may still want to try
boosting power by pooling observations across the orthogonal treatment in the
event that we �nd a treatment e�ect that appears smaller than the minimal
detectable e�ect size that we assumed during power calculations. To do so,
we will consider the orthogonal treatment as a co-variate we adjust for, and
interact the treatment variable with the demeaned orthogonal treatment. This
give a more robust version of the treatment estimate that corresponds to the
coe�cient estimate of the treatment of interest after dropping the interaction
with orthogonal treatment.

Finally, to increase precision of the estimates of the treatment e�ects, one
often includes baseline outcomes as controls and estimate ANCOVAmodels (Du-
�o, Glennerster, and Kremer, 2007). However, recent research has shown that
with covariate adjustment, 1) the conventional OLS standard error estimator
is inconsistent and 2) adjustment can sometimes hurt precision asymptotically.
The former can be �xed by using a sandwich estimator; we will use HC3 sand-
wich estimator which performs better in small samples. The latter can be �xed
by including baseline outcomes as deviations from their mean value and inter-
acting them will the treatment variable (Lin, 2013). This will lead to another
full set of interactions in equation 2.

We will use simulation to account for multiple comparisons. Simulation
methods provide a �exible and intuitive way to think about multiple hypothesis
testing. It accommodates the extent to which the multiple comparisons are
correlated with one another and allows us to integrate design speci�c elements
such as blocking and multiple arms. This leads to a study-speci�c correction
that will generally be more powerful than other methods to control the FWER.
In particular, to determine target p-value cuto�s, we use the family-wise sharp
null of no e�ect for any unit on any dependent variable and for any hypothesis.
We will also combine primary outcomes into an index following Anderson (2008),
which also guards against the dangers of multiple comparisons (See Section ).

Power calculations

We also use simulation to determine sample size. The primary outcome variable
that we use in our statistical power calculations is the price of milk.

We start at the level of the milk collection center and assume that at this
level, the price at which milk collection centers sell their aggregated milk is
normally distributed with mean 1000 UGX per liter and standard deviation of
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50 (which is half of what we will assume at the farmer level). From these N
observations (with N denoting the number of milk collection centers recruited
for our study and hence the �rst key variable to be determined by the power
calculations) we then generate N times n observations. These are the n dairy
farmers that are located in the catchment areas of the N milk collection cen-
ters. The outcome variable at this level, prices that farmers obtain from milk
collection centers, are generated again as random normal, but with the mean
the value that was drawn for the MCC the n farmers are connected to, and with
a slightly higher standard deviation (100 � since, as the milk is not aggregated
yet, extreme values are not yet averaged out). This procedure gives us a total
sample with N prices at the MCC level and N.n prices at the farmer level, the
latter being clustered at the MCC catchment area level by design.

We assume that the intervention at the level of the milk collection centers
leads to an increase in the price of UGX30 per liter. This seems reasonable in
light of the fact that processors told that they either pay a 10 percent premium
for quality milk, or UGX100 per liter. However, as we assume a pretty narrow
distribution of prices, even though this e�ect is only a 3 percent increase, this
is considered a medium to large e�ect according to Cohen's D. At the level of
the farmers, for the intervention at the MCC level, we expect an e�ect size of
UGX40. While this represents a 4.4 percent increase, the larger variance at
this level means that according to Cohen's D, this e�ect is considered small to
medium. Finally, at the level of the farmers, the individual level randomization
of the information treatment intervention allows us to estimate small e�ects. For
our power simulation, we assumed and e�ect size of UGX25, which corresponds
to a small e�ect according to Cohen's D. For the interaction, we assume a large
e�ect (UGX50 per liter).

We calculate power for the joint test that the three hypotheses are true at
the 5 percent signi�cance level. To do so, we run the exact two regressions from
Section and run 1000 simulations for each n*N combination. For each n*N
combination, we calculate the share of simulations at which all coe�cients of
interest in Equations 1 and 2 (βH1 to βH4) are signi�cant at the 5 percent level
to determine power.

Results of the simulation are summarized in Figure 4. Instead of the usual
power curves that plot power against sample size, we obtain a power plane as
we determine both the number of clusters (between 100 and 130 MCCs) and the
number of farmers per cluster (between 10 and 40 farmers). Power is measured
on the z axis and is the proportion of cases (out of the 1000 simulations) in
which all three coe�cients were found signi�cant at p<0.05.

The �gure, which can be found as an interactive �gure here, shows the trade-
o� between more clusters and more individuals per cluster. With about 125
MCCs and 20 farmers per cluster we �nd power just above .80. This corresponds
to a sample of 2500. Note that the requirement to detect minimum e�ect sizes
for all three hypotheses simultaneously is very strict. For instance, if we require
only one hypothesis to be signi�cant, we obtain power of .99 for a sample with
125 MCCs and 20 farmers. Similarly, if we consider each hypothesis separately,
we get power levels of .87 for the MCC level intervention with outcome at the
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Figure 4: Power plane
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MCC level, .93 for the MCC level intervention with outcome at the farmer level,
and .94 for the farmer level intervention with outcome at the farmer level. For
the interaction e�ect, we obtain power of .99.

Timeline

We plan to collect baseline information in November-December 2022. During
that time, we will also implement the intervention at the level of the farmer. Im-
mediately after baseline data collection, we will also start installing lactoscans in
the selected milk collection centers. This is expected to take about three months,
such that all lactoscans are install towards the end of March 2023. Midline data
will be collected about half a year after the last lactoscan was installed, so this
will be in September-October 2023. Endline data will be collected one year after
the intervention, which is April 2024.

Data collection and outcomes of interest

Sampling

We start from a list of registered milk collection centers that was obtained from
the Dairy Development Authority. From this list, we randomly selected 130 milk
collection centers, half of which were assigned to the treatment group using a
computer algorithm. We then travel to these 130 milk collection centers and
use systematic sampling to get a sample of 10 farmers that are delivering to
the MCC. In particular, we will visit the MCC early in the morning and get an
estimate of the expected number of farmers that will visit during the course of
the day. This will be used to determine the interval at which farmers will be
picked to participate in the study. These farmers will be interviewed at home
the next day. We will also contact the immediate neighbor of this farmer and,
if this farmer is not delivering to the MCC, the farmer will also be included in
the study.

Demonstrating balance

During baseline data collection, we will collect information on the following 10
variables at each level to demonstrate balance (although we may only report a
subset - indicated with a star - in the paper for space considerations) At the
milk collection center level, we will collect the following characteristics:

1. Is this milk collection center (part of a) cooperative? (yes/no)*

2. Number of people employed (full-time) at this MCC? (number)

3. Number of farmers/traders that supply on an average day during the rainy
season. (number)

4. Total Capacity of MCC (in liters)*
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5. Capacity use during dry season (percentage)

6. Does the MCC pay a premium for quality (yes always or yes, sometimes
= 1)*

7. Years Experience in MCC*

8. Number of milk cans owned by the MCC

9. Supplies credit/loans to cooperative members and regularly supplying
farmers? (yes=1)

10. Facilitates supply of acaracides to cooperative members and regularly sup-
plying farmers? (yes=1)*

At the level of the farmer household, we will collect information on the following
10 characteristics:

1. Household Members (number)

2. Household Head Age* (years)

3. Current Total herd size (cows+heifers+calves) (number)*

4. Number of improved animals in total herd (share) *

5. Liters Produced Total Per Day (average during rainy season) (liters)

6. Liters milk sold per day (on average in the rainy season) (liters)*

7. Normally during the rainy season sells most of its milk to a milk collection
center? (yes=1)

8. Uses only steel can/bucket during sales transactions in the last 7 days
before survey? (yes=1)

9. Member of dairy cooperative? (yes=1)

10. What is your average monthly expense (UGX) on chemical purchases to
�ght ticks (acaracides)? (average during rainy season)*

Primary outcomes

We de�ne �ve primary outcomes at each level. These �ve primary outcomes
will be combined in a covariance weighted index to assess overall impact at that
level following (Anderson, 2008). As dairy is a continuous activity, we need to
de�ne a time frame for measurement. We will use the last full week before the
interview. The �ve primary outcomes at MCC level are:

1. average milk quality level of milk sold. This will be sampled from the
milk tanks, and based on an index of di�erent quality parameters (at
least butter fat content and SNF).
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2. average prices at which milk was bought from farmers (during last 7 days)

3. volumes collected in last 7 days

4. sold to top 5 processors (Pearl, Amos, Lakeside, GBK, Vital tomosi) (in
last 7 days)

5. price at which milk was sold (in last 7 days)

Outcomes of interest at farmer level, measured in the last seven days:

1. Milk quality (butter fat content and SNF)

2. Production investment and management (based on index of �ve recom-
mended practices to improve milk quality)

3. Volumes sold (liters on an average days in the week preceding the survey)
(liters)

4. Sold to milk collection center in the week preceding the survey? (1=yes)

5. Price received for milk sold (inclusive of any quality premium that may
have been obtained) (average day in the week preceding the survey, UGX
per liter)

Secondary outcomes

Secondary outcomes at the milk collection center level include:

1. local sales - previous research found that milk collection centers are also
important for local milk supply, often doubling as milk shops. Does the
intervention crowd out the local market?

2. reason for selling to buyer (in particular if the buyer pays premium for
quality, but also payment modalities)

3. Impact pathway: did MCC measure quality of aggregated milk before sell-
ing? In particular butter fat and SNF using a lactoscan? What equipment
was used?

4. Who decided on the price? buyer made o�er and MCC accepted, MCC
made o�er and buyer accepted, negotiation � use likert scale slider to get
an idea of power balance.

5. Did the buyer pay a quality premium? What was it based on? What
is the quality premium? How much passes through to farmers? How is
it distributed to farmers? Does every farmer get the same share of this
premium? What share stays in the MCC (eg for cooperative activities,
for management, etc).

6. Does the MCC pay a quality premium to suppliers? What was it based
on? What is the quality premium?
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7. Does market for quality lead to additional investment in quality preserva-
tion - milk cans, etc

8. Does the development of a market for quality lead to more formaliza-
tion (eg written contracts) between farmer and MCC? Between MCC and
processor?

9. Changes in mid-stream service provision: Does the MCC provide ser-
vices related to arti�cial insemination? Transport? Access to acaracides?
Training on milk sanitation? Training on feeding practices?

10. Information on lactoscan use (for ITT-TOT analysis).

11. Does the intervention lead to formalization (eg. better record keeping,
payment of taxes, registration with DDA,...)

Secondary outcomes at the farmer level include:

1. Home consumption of dairy products (liters, in what form, and who con-
sumes diary products) - test if the development of a market for quality
milk crowds out animal sourced food intake within the family.

2. Reason for selling to buyer (in particular pays premium for quality, pay-
ment modalities,...)

3. Test if intervention leads to quality based market segmentation (with less
rejection and more instances of lowering of price when farmer supplies
substandard milk)

4. Does the buyer pay for higher quality milk.

5. Buyer checks for quality during last transaction (lactoscan, lactometer,
alcohol test).

6. Number of dairy animals (improved/local) - does a market for quality
lead to technology adoption for intensi�cation? Is this stronger for the
subgroup of farmers that receives the training video, where we explicitly
mention that genetics also a�ect quality parameters?

7. Feed and pasture management - a more detailed analysis than the com-
posite primary outcome 2 at the farmer level. This includes changes in
grazing system (paddocking, strip grazing, free range, mixed or zero graz-
ing), over-sowing of natural pastures, restoration of degrading pastures,
and use of di�erent dairy feed types (hay, silage, improved forages, com-
mercial feeds like (brewers) bran, salt and mineral blocks, multivitamin).
We will di�erentiate between practices in the rainy season and the dry
season.

8. Price of dairy animals (improved/local) - test if the development of a
market for quality has an impact on the price of animals.
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9. Gendered decision making outcomes - test if the development of a market
for milk impacts who within the household makes the decisions to sell to
a particular buyer.

10. Does the development of a market for quality lead to more formalization
and less relational contracting?

11. Does the intervention also increases milk sanitation (use of milk cans)?

12. Does the intervention leads to changes in bargaining power? farmer made
o�er and MCC accepted, MCC made o�er and farmer accepted, negotia-
tion � use likert scale slider to get an idea of power balance.

13. Gendered labour outcomes (milking, marketing, feeding and herding or
cleaning)

14. Does the intervention a�ect home processing? Does this have gendered
e�ects?

Ethical clearance

This research received clearance form Makerere's School of Social Sciences Re-
search Ethics Committee (MAKSSREC-10.2022.594/AR) as well as from IFPRI
IRB (DSGD-22-1057). The research was also registered at the Ugandan National
Commission for Science and Technology (SS1520ES).

Transparency and replicability

To maximize transparency and allow for replicabiliy, we use the following strate-
gies:

� pre-analysis plan: the current document provides an ex-ante step-by-step
plan setting out the hypothesis we will test, the intervention we will imple-
ment to test these hypotheses, the data that will be collected and speci�-
cations we will run to bring the hypotheses to the data. This pre-analysis
plan will be pre-registered at the AEA RCT registry.

� revision control: the entire project will be under revision control (that is
time stamped track changes) and committed regularly to a public reposi-
tory (github).

� mock report: After baseline data is collected, a pre-registered report will
be produced and added to the AEA RCT registry and GitHub. This
report will di�er from the pre-analyisis plan in that it already has the
tables �lled with simulated data (drawn from the baseline). The idea
is that after the endline, only minimal changes are necessary (basically
connecting a di�erent dataset) to obtain the �nal result, further reducing
the opportunity of speci�cation search.
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