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Abstract Despite recent progress, Malawi continues to 
perform poorly on key health indicators such as child 
mortality and life expectancy. These problems are exac-
erbated by a severe lack of access to health care. Health 
Surveillance Assistants (HSAs) help bridge this gap by 
providing community-level access to basic health care 
services. However, the success of these HSAs is lim-

ited by a lack of supplies and long distances between 
HSAs and patients. To address this issue, we used large-
scale weighted p-median and capacitated facility loca-
tion problems to create a scalable, three-tiered plan for 
optimal allocation of HSAs, HSA designated medical 
backpacks, and backpack resupply centers. Our analy-
sis uses real data on the location and characteristics of 
hospitals, health centers, and the general population. In 
addition to offering specific recommendations for HSA, 
backpack, and resupply center locations, it provides 
general insights into the scope of the proposed HSA 
backpack program scale-up. In particular, it demon-

strates the importance of local health centers to the 
resupply network. The proposed assignments are robust 
to changes in the underlying population structure, and 
could significantly improve access to medical supplies 
for both HSAs and patients. 
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1 Introduction 

Malawi is an African nation whose citizens face severely 
limited health care access: only 2 physicians/100,000 
people, compared to 267 physicians/100,000 people in 
the United States [3]. With only 7,264 nurses and no 
midwives in the entire country, Malawi is well below 
the minimum density of 228 health workers (physicians, 
nurses, and midwives) per 100,000 people required to 
provide adequte primary health care to its people [2]. 
Malawi’s performance on key health indicators, includ-
ing an under-five mortality rate of 13.4% and an infant 
mortality rate of 7.7% [13], reflects this lack of access 
to care. 

Malawi’s well-established network of community health 
workers, or Health Surveillance Assistants (HSAs), is 
key to addressing this crisis. Since the 1980s, the Malawi 
Ministry of Health (MOH) has trained and paid HSAs 
to provide primary care and health education to remote 
regions in Malawi [12]. HSAs are responsible for immu-

nization, growth monitoring, health talks, and sanita-
tion in their assigned villages. Some HSAs also provide 
HIV counseling and testing, family planning services, 
and treatment of minor diseases. There are currently 
about 11,000 HSAs in Malawi, each serving an average 
of 1,200 people [13] and typically working in groups 
of two or more. Overall, HSAs have played a signifi-
cant role in bridging the gap between formal preventive 
health services and Malawian villages [12]. 

However, the success of the HSA program is threat-
ened by a lack of transport and supplies. HSAs are typi-
cally based out of one village, and routinely travel 5 km 
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or more on foot to patients in other villages [12]. Fifty-
four percent of mothers sampled in 2001 said lack of ac-
cess prevented them from consulting HSAs about their 
children’s health. Furthermore, 88% of HSAs sampled 
said they had never been issued any drug stocks [12]. 
To improve patients’ access to HSAs, the Malawi MOH 
is planning to scale up the current HSA program to 
achieve a ratio of 1 HSA to 1,000 people (approximately 
13,000 HSAs, or an increase of 18%) [13]. Additionally, 
Rice University’s Beyond Traditional Borders initiative 
(BTB) has developed a Health Surveillance Assistant 
backpack over the last four years to supply these HSAs 
with the tools necessary to perform their jobs. These 
backpacks contain basic diagnostic, treatment, and pre-
vention tools designed specifically to address the re-
sponsibilities of the HSAs. Fourteen of such backpacks 
have been successfully field tested at St. Gabriel’s Hos-

pital in Namitete, Malawi since 2009, where each back-
pack is shared by between five and twenty community 
health workers. BTB hopes to eventually scale up the 
backpack program to provide every HSA in Malawi with 
access to a backpack, with no more than six HSAs shar-
ing a single backpack. We assumed that each backpack 
would be based with one pair of HSAs, who would be 
responsible for taking the backpack to be resupplied 
once a month, and that the other HSAs would travel 
to retrieve and then return the backpack approximately 
once a week. We expect that the backpacks would travel 
with HSAs during the day and be stored in a village 
leader’s house overnight for safekeeping. 

To improve the effectiveness of both the HSA and 
backpack programs, we sought a scale-up plan for the 
HSA and HSA backpack programs that would opti-
mally 

– place HSAs across Malawi, with the total number 
of HSAs based on a ratio of 1 HSA to 1000 people; 

– assign backpacks to HSAs and estimate the total 
number of backpacks required; 

– choose backpack resupply centers from the existing 
network of hospitals and health centers. 

We initially formulated the problem as three facil-
ity location problems, specifically a weighted p-median 
problem for HSA assignment and two capacitated fa-
cility location problems (CFLPs) for backpacks and 
resupply centers. Our primary goals for this stage of 
the analysis were to determine the scope of the pro-
posed backpack scale-up and the potential impact of 
the backpacks on the HSAs’ access to medical supplies. 
We solved the optimization models using extensive real-
world data and were able to determine the total cost for 
providing HSA backpacks across Malawi; quantify the 
effects the backpacks would have on Malawi’s health 

system; and gain insights into the optimal backpack 
resupply network. Implemented according to our mod-

els, the backpack program could decrease the distance 
between HSAs and their nearest supply sources from 
5.2 km to 1.8 km. Our models estimate that 2188 back-
packs would be needed to sufficiently cover all of Malawi, 
at a cost of $765,800. This high cost persuaded BTB to 
focus its initial scale-up plans on Lilongwe District, the 
district in which our model predicted the greatest need 
for backpacks. We therefore have included the results 
of our initial models for both Lilongwe District (not 
including the city of Lilongwe) and the entire country 
of Malawi in this paper. We provide additional sensi-
tivity analyses and model refinements specifically for 
Lilongwe District. In particular, we used a weighted p-
center problem to assess the fairness of the HSA assign-
ments and the two-echelon CFLP to verify the efficiency 
of the backpack and resupply center assignments; nei-
ther change led to substantial improvement in our ini-
tial results. To our knowledge, this is the first analysis 
of the optimal dissemination of technology among com-

munity health workers in Malawi. The quantitative and 
graphical results included in this paper have already 
been used by BTB to facilitate talks with Malawian of-
ficials, and our analysis will provide a basis for soliciting 
support from international aid agencies for the scale-up 
of the HSA backpack program. 

2 Optimization Problems in Global Health 
Resource Allocation 

Other researchers have successfully applied operations 
research techniques to different aspects of the distri-
bution of health resources in developing countries. In 
particular, several modeling papers have sought to op-
timally utilize community health workers and locate 
health care facilities in countries with problems simi-

lar to those in Malawi. 
Several researchers have examined health system ef-

ficiency at the community health worker level. Brun-
skill and Lesh [5] suggested house visits be treated as 
a routing and scheduling problem that could be ap-
proached as a traveling salesman problem with time 
windows, with additional complexity caused by the pos-
sibility of future follow-up visits. Meanwhile, Parker et 
al. [16] presented a simple model to prioritize tasks for 
community health workers in Haiti. Finally, Doerner et 
al. [7] helped bridge the gap between community health 
workers and physical health center locations by using a 
multiobjective combinatorial optimization formulation 
for mobile health centers and evaluating that model 
within the Thies region of Senegal. Like these studies, 
our model is interested in improving the performance 
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of community health workers; however, it attempts to 
do so specifically by improving their access to medical 
supplies. This distinction makes our work more simi-

lar to studies focused on locating health facilities than 
those focused on managing health care workers. 

We found a number of such studies on health care fa-
cility location within developing countries. For example, 
Cocking et al. [6] proposed a coverage model for locat-
ing new health facilities in Burkina Faso, Africa. Simi-

larly, Reid et al. [19] used a location set covering algo-
rithm to determine optimal locations of medical supply 
centers in Ecuador. Rahman and Smith [17] provided 
a review of articles using location-allocation models for 
locating health centers in developing nations, focusing 
on their use in locating new sites, measuring effective-
ness of past decisions, and improving existing systems. 
Many but not all of the studies discussed focused on 
a single tier of facilities and did not consider capacity 
constraints. While Murawski and Church [15] proposed 
an integer programming model taking into account pos-
sible future improvements in road infrastructure, we re-
tained a static structure within our models, made nec-
essary by the lack of data available about even cur-
rent road conditions in Malawi. Nevertheless, many of 
these models followed an integer programming formu-

lation similar to our approach, and they helped provide 
a conceptual basis for our mathematical analysis. 

3 Methods 

In this section, we provide a brief summary of the math-

ematical models used in our analyses along with data 
and computational details. More detailed modeling de-
scriptions are provided within the Project Assessment 
and Model Analysis sections. 

3.1 Mathematical Models 

We selected two mathematical models, the p-median 
problem and the capacitated facility location problem 
(CFLP) for our three-tiered distribution problem of 
HSAs, backpacks, and resupply centers. The p-median 
problem, which minimizes the average weighted dis-
tance between demand points and providers, is appro-
priate when travel distance is a main concern, such as 
in locating emergency medical facilities [11], and is one 
of the most commonly used models for locating health-
care facilities in developing countries [17]. We therefore 
chose this model to assign HSAs to population centers. 
The CFLP, meanwhile, is used when there are explicit 
constraints on the number of demand nodes a facility 
can serve but no designated number of facilities [10]. 

Within the context of our problem, the CFLP was most 
appropriate for assigning backpacks and resupply cen-
ters, both of which have space and equipment limits 
which could be exhausted if overextended. We initially 
maintained separate models for each tier of the analysis 
to make the problem more computationally tractable 
and simplify future analyses, should new data become 
available. Additional details about these models are de-
scribed in Section 4, Project Assessment. In Section 5, 
Model Analysis, we compare the results of these mod-

els for Lilongwe District to a p-center formulation of the 
HSA assignment problem and a two-echelon CFLP for 
backpack and resupply center allocation. 

3.2 Data Sources 

We obtained geographical information system (GIS) files 
delineating the location and border of enumeration ar-
eas (EAs, the smallest census unit in Malawi) from the 
International Food Policy Research Institute (IFPRI). 
This dataset originated from the 1998 Malawi Hous-

ing and Population Census conducted by the National 
Statistical Office in Malawi. To ascertain the accuracy 
of the data, these files were compared to a set of GIS 
files donated to us by University of North Carolina at 
Chapel Hill based on the 2008 Malawi Housing and 
Population Census [1]. Though the second set of files 
did not contain EA-level data, which excluded it from 
our main analysis, the two sets of files were extremely 
similar at the level of Traditional Authorities (or TAs, 
an administrative level above EAs). Both contained 367 
TAs, and the centroids of the same TA taken from the 
two datasets were an average of less than 10−4 meters 
of one another. While this result is somewhat reassur-
ing, it could also indicate a common source for the two 
data sets. 

IFPRI also provided us with population data at the 
EA level. To compensate for the age of the data, the 
population of each EA was adjusted to approximate 
2008 levels according to the “Annual Population Inter-
censal Growth Rates and Increase 1998-2008” [1] from 
the 2008 Malawi Population and Housing Census for 
the district containing the EA. Additionally, we esti-
mated the number of children under five years of age in 
each EA using the percentage of the population com-

prised of under-5 children for the TA containing that 
EA in the 2008 Malawi Census [1]. 

The locations of hospitals and health centers were 
also obtained from IFPRI and were compared with data 
from the Health Information Systems Programme for 
accuracy. The IFPRI data came from approximately 
1998, based on our correspondence. There was 100% 
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agreement in the number of central and district hospi-
tals and 92% agreement in the number of total hos-
pitals between the data from IFPRI and that from 
the Health Information Systems Programme. This dis-
crepency, while small, reflects the fluidity of the health 
care system in Malawi and the necessity that BTB fol-
low up our recommendations with their own research 
on the ground. 

With the location of EAs and hospitals, we were 
then able to calculate the distances between them and 
use integer programming to optimize the locations of 
HSAs, backpacks, and resupply centers. 

3.3 Implementation 

We used ArcGIS, a commercially available GIS data 
processing program, to process all the geographic and 
population data used in this project. In particular, Ar-

cGIS was used to find the centroid of each EA; calculate 
the distance between the centroids of each EA; and cal-
culate the distance from each EA centroid to each of 
the hospitals and the health centers. 

Three C++ routines were then written to interface 
with Gurobi 4.0.1, a commercially available, large-scale 
integer program solver, to solve each of the distribu-
tion problems [4]. All programs were run on a ma-

chine with a memory of 16 GB and a processing speed 
of 2.83 GHz. After our initial run attempts exceeded 
the available memory, several strategies were used to 
limit memory usage. First, we solved the models se-
quentially rather than simultaneously, the consequences 
of which are discussed in Section 5. We also set a hard 
distance threshold of 100 km for each model, allowing 
us to generate only variables corresponding to connec-
tions of less than 100 km. Finally, we set the Gurobi 
Threads parameter to use only one core, modified the 
Gurobi NodefileStart parameter to write nodes to disk, 
and increased the Gurobi MIPGap parameter for our 
largest models. Gurobi uses a Branch-and-Cut algo-
rithm, whereby it tries to drive down the gap between 
the best known objective value for a feasible solution 
and the best bound known. As the optimal solution al-
ways lies between these two values, the smaller the gap, 
the higher confidence we have in the optimality of our 
results. The gap percentages are listed with the results 
of each model, and range from no gap to 2%. While 
heuristic methods exist for both the p-median problem 
and CFLP [20][10][14], these memory-reducing strate-
gies used allowed us to reach near-optimal solutions to 
each problem without heuristic methods. 

Model outputs were analyzed and visualized using 
a combination of ArcGIS, Microsoft Excel, and MAT-

LAB. 

4 Project Assessment 

In this section, we describe our initial assessment of the 
potential scope and impact of the proposed backpack 
scale-up based on the p-median problem and CFLP. 
We provide the results for both the entire country and 
specifically for Lilongwe District, the location of the 
pilot backpacks and likely site of the initial backpack 
scale-up. Note that the distances described throughout 
represent straight-line distances, as we were unable to 
obtain sufficiently detailed data about road locations 
and conditions to include these details within our mod-

els. 

4.1 HSA Assignments 

We used the p-median problem to assign HSA pairs to 
EAs. HSAs in Malawi are generally assigned to work 
in pairs to improve their safety and accountability. We 
represented EA locations by their centroids and used 
these same spots as possible HSA locations. Our results 
for Malawi resulted in an average distance of 0.39 km 
and maximum of 12.7 km between each EA and its 
assigned HSA. For comparison, a naive strategy that 
placed HSAs randomly across Malawi and assigned each 
EA to the nearest HSA resulted in an average distance 
of 0.62 km and maximum of 20.3 km between EAs and 
HSAs. 

4.1.1 p-Median Problem 

In the p-median problem, the goal is to find the p loca-
tions that minimize the average distance in a network 
of n vertices [9]. A p-median problem can be formu-

lated and solved as a binary integer program [18]. Let 
Wij = widij be the weighted distance matrix, where 
wi represents the weight assigned to each vertex i and 
dij is the shortest distance between vertices. Let xij be 
an allocation variable that describes whether vertex i 
is assigned to vertex j, such that xii = 1 if a facility is 
located at vertex i. We then seek 

n nXX 
min Wij xij 

i=1 j=1 

such that 
nX 

xij = 1, for all i = 1, . . . , n 
j=1 

nX 
xii = p 

i=1 

xij ≤ xjj for all i, j = 1, . . . , n 
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xij ∈ {0, 1} for all i, j = 1, . . . , n 

For our problem, the nodes represent EA centroids 
and the associated weights wi represent the demand 
assigned to each node. Specifically, the demand at each 
EA reflects: 

– General and Under-Five Population 
Children under age five were given a weight of 0.55, 
whereas the rest of the population was given a weight 
of 0.45. This weighting reflects the design of the 
HSA backpack, which assumed HSAs would spend 
55% of their time on under-five children. 

– Rural or Urban Setting 
We used population density to arrive at a proxy 
for rural versus urban setting. Rural populations, 
defined as EAs with population densities below a 
natural cutoff of 0.0035 people per square meter in 
the data, were weighted upward by 1.5 to reflect the 
lack of adequate infrastructure in these areas. 

– Proximity to Health Center 
If an EA was within 1 km of a health center, its de-
mand was reduced to 10% of its original level. That 
is, we assumed the health centers could provide ad-
equate care to 90% of people within these EAs. 

The dij , distance of shortest path between the nodes, 
was represented by the shortest distance between cen-
troids of the EAs. 

4.1.2 HSA Assignment Results 

We first used the p-median problem to assign 615 HSA 
pairs, based on a 1:1000 ratio of HSAs to population, to 
the 861 EAs with nonzero population in Lilongwe Dis-

trict. We then calculated the average distance between 
each EA and the location of the HSA pair serving it. 
All HSAs were considered to be 0 km from their base 
EA, and all results represent distance to the centroid of 
the population areas served rather than actual patient 
locations. This distinction was necessary given the un-
known population distribution within each EA, but as 
most EAs are only a few square kilometers in area, it 
does not lessen the value of our results. 

Our model resulted in an average distance from EA 
to HSA pair of 0.46 km and a maximum of 4.4 km, rea-
sonable even for HSAs traveling on foot. A maximum of 
five EAs were assigned to one HSA pair. These HSA as-
signments were calculated with no gap in Gurobi and in 
a runtime of 81 seconds. For comparison, a naive strat-
egy that placed HSAs randomly across Lilongwe Dis-

trict and assigned each EA to the nearest HSA resulted 
in an average distance of 0.59 km and a maximum dis-
tance of 3.9 km between EAs and HSAs. While these 

unweighted distances are similar, the average and maxi-

mum weighted distances produced by the naive strategy 
were 582 and 7540, respectively, compared to average 
and maximum weighted distance of 304 and 1580 from 
our model. 

In the nationwide case, we assigned 6500 HSA pairs 
to the 9147 EAs in Malawi with nonzero population. 
Again, the number of HSAs assigned was based on an 
assumed 1:1000 HSA to population ratio. The distance 
results for the entire country are similar to those for Li-
longwe District and again represent reasonable walking 
distances. For Malawi, our model resulted in an average 
distance from each EA centroid to its assigned HSA of 
0.39 km and a maximum distance of 12.7 km. For com-

parison, a naive strategy that placed HSAs randomly 
across Malawi and assigned each EA to the nearest 
HSA resulted in an average distance of 0.62 km and 
maximum of 20.3 km. 

The number of EAs served by each HSA pair in 
Malawi is shown in Table 1. As in Lilongwe District, 
most HSA pairs are assigned to only one or two EAs. 
However, our Malawi model assigned some HSAs to 
serve 10 or more EAs, with the maximum number be-
ing 35. We found that the HSAs assigned to serve many 
EAs were those centered in urban areas and located 
near health centers. This discrepancy can be explained 
by the smaller size of EAs located in urban areas along 
with our assumption that EAs located near a health 
center would have the majority of their needs met by 
that health center. These results were calculated with 
a Gurobi gap percentage of 0.01% in 11.5 hr. 

Table 1 Number of Malawi HSAs by the number of EAs 
they serve. 

Number of EAs 
per HSA 

Number of 
HSA pairs 

1 
2 
3 
4 
5–9 
10–19 
20+ 

4909 
1073 
335 
95 
71 
14 
3 

Total 6500 
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4.2 Backpack and Resupply Center Allocation 

The single tier CFLP was used to allocate HSAs to 
backpacks and select resupply centers from the existing 
network of health centers and hospitals. For the resup-
ply center problem, we considered two versions of the 
model: one that allowed both hospitals and health cen-
ters to act as resupply centers, and one that allowed 
only hospital resupply centers. Our results suggest that 
2188 backpacks would be necessary to adequately cover 
the entire country, suggesting that a country-wide scale-
up may be cost prohibitive. However, deploying the 
backpacks thusly could have a substantial impact, re-
ducing the average distance between each HSA and the 
nearest supply source (healthcare facility or backpack) 
from 5.2 km to 1.8 km. Finally, our results demonstrate 
the importance of smaller health centers to the Malaw-

ian healthcare network and the need to include them 
as potential backpack resupply sites. 

4.2.1 The Capacitated Facility Location Problem 

In the general CFLP, a set of potential facility loca-
tions i = 1, . . . ,m and a set of customers j = 1, . . . , n 
are given. The problem is to minimize the total cost of 
locating facilities and assigning them to customers. The 
total cost includes the variable travel cost between cus-
tomers and facilities, cij , and the fixed cost of opening 
new facilities, fi. This problem is “capacitated” because 
each possible location has an upper limit on its supply-
ing capacity bi. A CFLP with each customer assigned to 
only one facility can be formulated as a binary integer 
program with two decision variables: xij , whether cus-
tomer j is served by facility i, and yi, whether facility 
i if picked. We seek: 

m n mXX X 
min cij xij + fiyi 

i=1 j=1 i=1 

such that 
nX 

xij ≤ biyi for all i = 1, . . . ,m 
j=1 

mX 
xij = 1 for all j = 1, . . . , n 

i=1 

xij ≤ yi for all i = 1, . . . ,m, and j = 1, . . . , n 

xij , yi ∈ {0, 1} for all i = 1, . . . ,m, and j = 1, . . . , n 

When assigning backpacks to HSAs, we considered 
backpacks as our facilities and HSAs as customers. For 
the backpack to resupply center problems, we consid-
ered hospitals and health centers as facilities and back-
packs as customers. The parameter values for each of 

these models are shown in Table 2. Note that the fixed 
and variable costs for each backpack, fi and cij , are cho-
sen such that the fixed cost of adding a new backpack 
is equivalent to a 30 km HSA-backpack distance. This 
measure allowed us to directly compare the financial 
cost of introducing a new backpack to the accessibility 
costs of large distances between backpacks and HSAs, 
and was chosen to reflect the maximum distance be-
tween HSAs and health centers in a 2001 survey [12]. 
The effects of this parameter are explored in more detail 
in Section 5.2.1. 

4.2.2 Optimal Backpack Assignments 

We used the capacitated facility location problem to 
allocate backpacks to HSAs and, in the process, deter-
mine the number of packs needed to cover the region. 
In Lilongwe District, our model assigned 205 backpacks 
across the 615 HSAs allocated to Lilongwe. These val-
ues indicate that 100% of the backpacks were assigned 
to serve a full capacity of 3 HSA pairs. We explore 
the importance of this constraint, which BTB felt accu-
rately represented the backpacks’ true capacities, in the 
Model Analysis section. At an initial cost of $350 per 
backpack, 205 backpacks corresponds to a total start-
up cost of $71,750 to cover Lilongwe District. 

Under these backpack assignments, the average dis-
tance between each HSA pair and the backpack serving 
it was 1.6 km, with a maximum of 9.1 km. As with the 
HSA assignments, these distances appear reasonable 
even for HSAs with no transportation options other 
than walking. The assignments are displayed visually 
in Figure 1, which highlights the short average travel 
distances. The backpack assignments were calculated 
with a Gurobi gap percentage of 0.01% and a runtime 
of approximately 2 hours. 

The second tier of our model assigned 2188 back-
packs to the 6500 HSA pairs across Malawi. This cor-
responds to a total start-up cost of $765,800. While 
this cost is not unreasonable considering the poten-
tial of the HSA backpacks to improve health care, it 
was high enough to encourage BTB to focus on suc-
cessfully scaling up in Lilongwe District first. Of these 
2188 backpacks, 2129 (97.3%) were assigned to serve at 
the full capacity of 3 HSA pairs, again indicating the 
importance of this constraint. Distances between back-
packs and HSAs were similar to those in the Lilongwe 
case, with an average distance between each HSA pair 
and its assigned backpack of 1.8 km and maximum of 
21.7 km. These results were calculated with a Gurobi 
gap of 0.80% in a runtime of 12.5 hr. 
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Table 2 Parameters for the CFLPs assigning backpack and resupply center locations. These parameters were determined 
through consultation with BTB, based on their experiences with the pilot backpacks at St. Gabriel’s Hospital in Namitete, 
Malawi. The number of customers for the resupply center problems were obtained from the output of the backpack problems. 

Backpacks Resupply Centers 
Parameter Description to HSAs to Backpacks 

n Number of Customers (Lilongwe) 615 HSA pairs 205 backpacks 
m Potential Facilities (Lilongwe) 615 HSA pairs 2 hospitals, 37 health centers 
n Number of Customers (Malawi) 6500 HSA pairs 2188 backpacks 
m Potential Facilities (Malawi) 6500 HSA pairs 49 hospitals, 661 health centers 
bi Facility Capacity 3 HSA pairs 80 (hospitals) or 10 backpacks 
Dij Customer-Facility Distance (km) - -

cij Variable Cost Dij km Dij km 
fi Fixed Cost 30 km 0 km 

Distance (km)
Mean:    1.6
Max:     9.1

Distance (km)
Mean:    4.9
Max:     11.5

Fig. 1 (Left) Map showing backpack-to-HSA assignments in Lilongwe District. X’s represent the location of each backpack. 
Lines indicate connections between backpacks and additional HSAs served. (Right) Map showing each HSA in Lilongwe District 
assigned to the nearest health center or hospital. X’s represent the location of each healthcare facility. Lines indicate connections 
between healthcare facilities and HSAs. Both plots are overlaid on a map of Lilongwe District, with darker areas representing 
EAs with higher population density. 

4.2.3 Optimal Resupply Center Assignments 

Next we assigned the backpacks allocated in the sec-
ond tier of our model to existing hospitals or health 
centers which could act as resupply centers for dispos-
ables within the packs. We calculated these assignments 
for two cases: one using hospitals only as resupply cen-
ters, and one in which both hospitals and health centers 
were considered. The advantage of using hospitals only 
is that they are generally more reliable than smaller 
health centers, which are prone to frequent stock-outs; 

however, our results indicate that this increase in reli-
ability would come at a cost. Only two hospitals exist 
in rural Lilongwe District, which required us to set the 
capacity of each above the original 80 backpacks to 150 
backpacks. With this arbitrary threshold, our model 
resulted in one hospital serving 89 backpacks and the 
other serving 116. While BTB believed these numbers 
to be feasible, the resulting travel distances between 
these backpack and hospital pairings are prohibitively 
high. The hospital-only approach resulted in an aver-
age distance between backpacks and resupply centers 
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of 28 km with a maximum of 62 km. As walking is the 
only travel option for most HSAs, a one-way distance 
of 28 km could translate to unreasonably high travel 
times for even a single backpack refill trip. 

When health centers were included in the model, 
these distances between backpacks and resupply cen-
ters fell sharply to an average distance of 5.4 km and 
a maximum of 25.7 km. These represent much more 
reasonable travel times for HSAs, who would need to 
take time away from patients to refill the packs. In the 
hospital and health center case, 37 of 37 health centers 
and both hospitals were chosen. The hospitals served 6 
and 2 backpacks respectively, while the health centers 
served a mean of 5.3 backpacks and a maximum of 10. 

Results were similar for the nationwide version of 
our model, shown in Figure 2. We again compared a 
hospital-only resupply case with a hospital and health 
center resupply case. In the hospital and health cen-
ter case, 46 of 49 hospitals and 574 of 661 health cen-
ters were chosen as resupply centers. The mean number 
of backpacks served by each hospital was 4.09, with a 
maximum of 12; for health centers, the mean was 3.48 
backpacks, with a maximum of 10. The large number 
of facilities chosen led to short distances between each 
backpack and its resupply site, with a mean of 5.1 km 
and a maximum of 28.4 km. 

In the hospital-only case, all 49 hospitals were cho-
sen as resupply centers. This led to a mean number of 
backpacks served by each hospital of 40, with a max-

imum of 80. As Figure 2 shows, the distances HSAs 
would need to travel in this case were again prohibitively 
higher than in the health center and hospital case, with 
an average distance of 19.8 km and a maximum of 
70.5 km. The hospital-only case also exposed a few 
other complications, including the lack of hospitals avail-
able to serve HSAs based in the islands of Lake Malawi. 
Given the poor infrastructure and high fuel cost in 
Malawi, these HSAs might not be able to refill their 
backpacks at all if assigned to a hospital resupply cen-
ter. 

Based on these results, BTB determined that they 
could not plan to use only hospitals as resupply centers 
when deploying the HSA backpacks. The small num-

ber of hospitals and long distances between hospitals 
and HSAs demonstrate the importance of health centers 
within the Malawian health care system. However, the 
potentially irregular supply of health centers remains 
a concern. Our results suggest that the ideal solution 
would include hospitals and the most reliable health 
centers as resupply centers, striking a balance between 
concerns about distance and supply chain vulnerabil-
ity. More detailed data about which health centers are 
most reliable and how often stock-outs occur is needed 

Distance (km)
Mean:    5.1
Max:     28.4

Distance (km)
Mean:    19.8
Max:     70.5

Fig. 2 Resupply Center-to-Backpack assignments across 
Malawi, when either (left) both hospitals and health centers 
or (right) hospitals only are allowed as potential resupply 
sites. These assignments are overlaid on a map of Malawi, 
with darker areas representing EAs with greater population 
density. 

to determine the combination of resupply centers that 
best meets these concerns. 

4.2.4 Potential Impact of Backpacks 

The models above allowed us to determine not only the 
optimal number and locations of the backpacks, but 
also their potential impact. Inadequate access to med-

ical supplies is one of the primary factors limiting the 
current success of HSAs in Malawi. Optimizing the de-
ployment of HSAs using the first tier of our model would 
not be enough to solve the problem. HSAs deployed in 
this manner in Lilongwe District would be at an average 
distance of 4.9 km from the nearest health center or hos-
pital, with a maximum of 11.5 km, as shown in Figure 
1. Assuming the HSAs walk at a pace of 3 km/hour [12], 
this distance corresponds to an average round trip of at 
least 3 hours to the nearest health center; note that this 
estimate assumes that the nearest health center is fully 
stocked, which in many cases may be unrealistic. If we 
assume that HSAs would travel to the health centers 
with the same frequency that we assumed they would 
travel to the backpack locations (twice per week), HSAs 
would spend at least 6 hours per week retrieving sup-
plies rather than treating patients. 
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As described earlier, our proposed deployment of 
the HSA backpacks in Lilongwe would place backpacks 
at an average distance of 1.6 km from the HSAs they 
serve, with a maximum of 9.1 km (Figure Figure 1). 
This would lower the distance that the average HSA 
needed to travel for supplies by more than half and, un-
der the assumptions described above, free up approx-
imately three hours per week to patient care. While 
the backpacks would still need to be refilled periodi-
cally, these trips could be made once a month, allowing 
HSAs to spend the majority of their time helping pa-
tients rather than searching for supplies. HSAs would 
see similar gains if the backpacks were extended to cover 
all of Malawi; instead of walking an average distance of 
5.2 km and maximum of 28.4 km to a hospital or health 
center for supplies, HSAs would need to travel only an 
average distance of 1.8 km and maximum of 21.7 km to 
reach their assigned backpacks. 

Improved access to supplies would allow HSAs to 
provide medical care to patients who otherwise may be 
unable to receive medical treatment. The HSA back-
packs contain supplies used to treat acute childhood 
illnesses such as diarrhea and malaria. For children with 
these conditions, receiving medications a few hours ear-
lier could mean the difference between life and death. 
This improved access to lifesaving medical care is espe-
cially important in Malawi, which in 2006 had an under-
5 mortality rate of 134 deaths per 1,000 live births [13]. 
Our models therefore provide not only an optimal strat-
egy for deploying the HSA backpacks in Malawi, but 
also increased evidence of the impact they could have 
there. 

5 Model Analysis 

We initially used the p-median problem to determine 
optimal HSA assignments and the CFLP to assign back-
packs to HSAs and resupply centers to backpacks. The 
results of these analyses provided several insights into 
the scope and potential impact of the proposed back-
pack scale-up. However, these analyses relied on several 
strong modeling assumptions and data sources with po-
tential inaccuracies. In this section, we describe addi-
tional analyses used to assess and refine our primary 
models. Because our initial analyses suggested that the 
initial backpack scale-up should center on Lilongwe Dis-

trict, we focus our analysis on that region. 

5.1 HSA Assignments 

In our analysis of the HSA assignment model, we ex-
amined two potential concerns: first, that our model 

could be sensitive to uncertainties in the EA weights, 
and second that our model might not fairly distribute 
HSA workloads. Each of these concerns are addressed 
below. 

5.1.1 Sensitivity Analysis 

Within the HSA assignment problem, demand weights 
were assigned to each EA based on its population, under-
five population, urban/rural setting, and proximity to a 
health center. These variables were chosen in consulta-
tion with BTB, but their respective weights were some-

what arbitrary. Furthermore, our estimates of the pop-
ulation and under-five population of each EA were sub-
ject to considerable uncertainty. We therefore wished 
to quantify how much our results depended on each of 
these factors. 

Because our EA-level population estimates were based 
on the projection of 1998 census data to 2008 levels, the 
accuracy of our EA-level population estimates was un-
clear. To determine the potential impact of this uncer-
tainty, we ran a sensitivity analysis on the population 
distribution within Lilongwe District. The total popu-
lation of Lilongwe, which was obtained from the 2008 
Malawi Census, was assumed fixed. We then varied the 
population of each EA according to a uniformly dis-
tributed random variable with endpoints ranging from 
± 10% to ± 50%. The results are shown in Table 3. The 
columns labeled “Original Objective Value” and “Orig-

inal Max Weighted Distance” were calculated using the 
perturbed weights and original HSA assignments; the 
remaining columns compare the optimal solution given 
the perturbed weights to these original assignments. 
The results suggest that the HSA locations are fairly ro-
bust to changes in the population distribution, and that 
our original HSA assignments remain near optimal for 
moderate changes in the population distribution. The 
number of backpacks is very robust to these changes, 
but the optimal backpack locations change dramatically 
for even small changes in HSA locations. Both of these 
characteristics can be explained by the importance of 
the capacity constraint in determining backpack loca-
tions. The large changes in backpack locations, how-
ever, do not affect the number or location of resupply 
centers; because there is no fixed cost of opening a new 
resupply center, the optimal solution consistently uses 
every potential site to resupply the backpacks. 

Next, we analyzed the sensitivity of our results to 
the estimated under-five population of each EA. Our 
estimates of the number of under-five children in each 
EA were based on the percentage of under-five children 
for the Traditional Authority containing that EA in the 
2008 Malawi Census. We assumed the total number of 
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under-five children in Lilongwe District was fixed and 
then varied the under-five population of each EA ac-
cording to a uniformly distributed random variable with 
endpoints ranging from ± 10% to ± 50%. The results 
are shown in Table 3. These results suggest that the 
HSA locations are very robust to changes in the distri-
bution of the under-five population, and that our origi-
nal HSA assignments remain very near optimal for even 
large changes in the under-five population distribution. 
As in the sensitivity analysis for the overall population, 
the optimal backpack locations are highly sensitive to 
HSA positions, but the optimal number of backpacks 
and optimal resupply sites are not. 

Our relative weightings of the under-five and over-
five population reflects the design of the HSA backpack, 
which assumed HSAs would spend 55% of their time 
on under-five children. However, our weights for EAs 
located near health centers or with low population den-
sity were chosen more arbitrarily, in consultation with 
BTB. We therefore wished to determine the sensitivity 
of our results to these weights. Changing the weight for 
rural EAs from 1.5 to 1 or 2 resulted in no change in 
any aspects of the optimal solution for Lilongwe Dis-

trict; this insensitivity reflected the homogeneity of Li-
longwe District, with only 3 urban EAs. The results 
of changing the weight for EAs near health centers are 
shown in Table 3. The optimal solution did not change 
when the health center weight was changed from 1/10 
to 1/5 or 1/15. Even when the weight was set to 1, so 
that EAs near health centers were weighted the same 
as those that were not, only 2.9% of HSA locations dif-
fered between the original and optimal solutions, and 
the original solution remained within 4.8% of optimal. 
As in the other sensitivity analyses, the optimal back-
pack locations are highly sensitive to HSA positions, 
but the optimal number of backpacks and optimal re-
supply sites are not. 

Overall, our results appear fairly robust to uncer-
tainty in the weights assigned to each EA. Unlike the 
optimal number of backpacks, however, the optimal back-
pack locations are highly sensitive to changes in HSA 
locations. This likely reflects the importance of the ca-
pacity constraint to the backpack problem, as is dis-
cussed in more detail later. Fortunately, the recom-

mended HSA locations remain near optimal for moder-

ate to large changes in EA demand weights, suggesting 
that changing HSA (and consequently backpack) loca-
tions may be unnecessary. 

5.1.2 Fairness 

The p-median model, which minimizes the average weighted 
distance between servers and customers, is among the 

models most commonly used for locating healthcare fa-
cilities in the developing world [17]. However, the p-
median model does not explicitly address the fairness 
of these locations. We therefore sought to compare our 
results with those obtained from a model with equity 
considerations. 

One possible approach to improving model fairness 
is to introduce explicit distance or capacity constraints [17]. 
The role of distance and capacity thresholds in our 
backpack assignment model are addressed in the next 
section. However, we chose not to implement similar 
thresholds within our HSA assignment model. HSA work-
load depends on a combination of many factors, in-
cluding travel distances, the size of the population, and 
other characteristics of the area served. Therefore, thresh-
olds based on only some of these factors could improve 
the workload for some HSAs while worsening it for oth-
ers. Additionally, the results of our original model did 
not raise any obvious concerns that would need to be 
addressed by threshold constraints. The maximum dis-
tance between HSAs and EAs in our nationwide model 
was less than the maximum distance between HSAs and 
their farthest village served in a 2001 survey (17 km), 
and our maximum distances for Lilongwe District were 
less than the average distance between HSAs and their 
farthest village served (6 km) in the same survey [12]. 
While our model assigned some HSAs to serve many 
EAs, this aspect of our results reflects the smaller size 
and increased access to healthcare of many urban EAs 
and is not necessarily a sign of inequity in overall HSA 
workload. We therefore doubted whether introducing 
threshold constraints into our weighted p-median model 
would improve the equity of our results, and instead 
chose to reanalyze our data using the weighted p-center 
problem. 

The p-center problem minimizes the maximum weighted 
distance between servers and customers, as opposed to 
the average weighted distance. The p-center problem 
can be solved as a binary integer program, with the tra-
ditional formulation highly comparable to that of the 
p-median problem [8]. As for the p-median problem, let 
Wij = widij be the weighted distance matrix between 
EAs and potential HSA sites. We assume that each of 
the n EA centroids is also a potential HSA location. Let 
xij be an allocation variable indicating whether EA i 
is allocated to HSA j. Finally, let z represent the max-

imum weighted distance between EAs and HSAs for a 
particular feasible solution. We seek 

min z 

such that 
nX 

xij = 1, for all i = 1, . . . , n 
j=1 
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Table 3 Robustness of EA-to-HSA assignments. The total and under-5 population of each EA was varied according to a 
uniformly distributed random variable with endpoints ranging from 10%-50%. Mean values are presented for 10 runs at each 
level. The weight given to EAs near health centers was varied from the baseline weight of 1/10. All models were solved in 
Gurobi with a maximum gap of 1% 

Change in Original Max Original Optimal Change in Change in Change in 
Input 
Values 

Weighted 
Distance (∗103) 

Objective 
Value (∗105) 

Objective 
Value (∗105) 

HSA 
Locations 

Pack 
Numbers 

Pack 
Locations 

0% 1.58 2.62 2.62 - - -

10% 1.69 2.62 2.60 3.7% 0.3 38.8% 

Population 
20% 
30% 

1.80 
1.98 

2.62 
2.62 

2.54 
2.46 

7.7% 
10.0% 

0.3 
0.4 

48.5% 
51.5% 

40% 2.10 2.63 2.33 13.0% 0.3 55.9% 
50% 2.27 2.65 2.19 15.4% 0.4 58.9% 

Under-5 
Population 

0% 1.58 2.62 2.62 - - -

10% 1.58 2.62 2.62 0.2% 0.1 16.8% 
20% 1.59 2.62 2.62 0.3% 0 18.8% 
30% 1.58 2.62 2.62 0.5% 0.3 21.8% 
40% 1.60 2.62 2.62 0.7% 0.2 25.3% 
50% 1.58 2.62 2.62 0.9% 0.3 27.1% 

Health 
Center 
Weight 

1/10 1.58 2.62 2.62 - - -

1 3.29 3.02 2.88 2.9% 0 33.8% 
1/5 1.58 2.66 2.66 0% 0 0% 
1/15 1.58 2.61 2.61 0% 0 0% 

nX 
xii = p 

i 

xij ≤ xjj for all i, j = 1, . . . , n 

nX 
Wij xij ≤ z, for all i = 1, . . . , n 

j=1 

xij ∈ {0, 1} for all i, j = 1, . . . , n 

The results of the p-center model were calculated 
with no Gurobi gap and are shown in Table 4. The solu-
tion to the p-center problem differs somewhat from that 
of the p-median problem, with 10.2% of HSAs located 
in different EAs, but the outcomes are virtually identi-
cal. Despite their differing objective functions, both the 
p-median and p-center problems result in a maximum 
of five EAs per HSA, a half-kilometer mean distance 
between EAs and HSAs, and a maximum EA to HSA 
distance of 4.4 km. The maximum weighted distance 
produced by the p-center model was 1560, only slightly 
smaller than 1580 from the p-median model (compared 
to the naive value of 7540). The results suggest that 
our original HSA assignment model was reasonably eq-
uitable for Lilongwe District, though equity was not 
explicitly addressed. 

Table 4 Comparison of using the p-center vs p-median prob-
lem to assign HSAs to EAs in Lilongwe District 

p-Median p-Center 

Number of EAs (n) 861 861 
Number of HSA Pairs (p) 615 615 

HSAs Moved - 10.2% 
Max EAs per HSA 5 5 

Mean EA-HSA Distance (km) 0.46 0.48 
Max EA-HSA Distance (km) 4.4 4.4 
Mean Weighted Distance 304 351 
Max Weighted Distance 1580 1560 

5.2 Backpack and Resupply Center Assignments 

We had two primary concerns about the models we had 
used to allocate backpacks and resupply centers in Li-
longwe. First, because all of the backpacks in Lilongwe 
were assigned to full capacity, we wanted to explore this 
constraint in more detail. Second, we wanted to see how 
our recommendations would change if we analyzed the 
backpack and resupply tiers of our model simultane-

ously, rather than sequentially. Both of these analyses 
are described below. 
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5.2.1 Capacity Constraints 

In our original model, 205/205 backpacks assigned to 
Lilongwe District were at full capacity. We therefore 
wished to assess the model’s sensitivity to this con-
straint and how it would change based on the fixed cost 
of a backpack. First, we compared our original model 
with a capacity of 3 HSA pairs per backpack to one 
that allowed 4 HSA pairs per backpack. These results, 
along with the others described in this section, were 
calculated in Gurobi with a 0.2% gap stopping crite-
rion and are shown in Table 5. The optimal number of 
backpacks changes from 205 to 154 when the capacity 
of each backpack is increased from 3 to 4 pairs of HSAs. 
This difference shows that the results are highly sensi-
tive to the backpack capacity constraint and, notably, 
that almost all backpacks remain at full capacity even 
when the capacity is inflated to 4 HSA pairs. 

We hypothesized that these results could be ex-
plained by our choice of the fixed cost of a backpack. We 
initially set the fixed cost of a backpack to be equiva-
lent to 30 km in distance, in essence setting a threshold 
of 30 km between HSAs and backpacks. Using distance 
as a cost measure gave us a simple framework for com-

paring the financial costs of adding new backpacks with 
the accessibility costs of limiting pack numbers. How-

ever, 30 km was a conservative estimate, based on the 
maximum distance between HSAs and health centers in 
a 2001 survey [12]. In fact, the distance between HSAs 
and health centers should be significantly lower than 
this, as enforced by the capacity constraint in our orig-
inal model. To reflect this, we lowered the fixed cost 
of a backpack to 5 km, the average distance between 
HSAs and health centers in the same survey [12]. The 
results of the model under this new fixed cost estimate 
are given in Table 5 for both 3 and 4 pairs of HSAs. 
Under this new fixed cost and a capacity of 3 HSA 
pairs per backpack, the number of backpacks needed to 
serve Lilongwe District adequately increased from 205 
to 212 and the maximum HSA to backpack distance 
decreased from 9.1 km to 4.4 km. These results show 
that a small increase in the number of backpacks could 
greatly shorten the distances between HSAs and back-
packs. As expected, the new fixed cost also decreases 
the model’s sensitivity to the capacity constraint, if only 
moderately. Given the fixed cost of 5 km and capac-
ity of 4 HSA pairs, the model recommended using 176 
backpacks to cover Lilongwe District, compared to 154 
backpacks under a fixed cost of 30 km. 

It is important to note that while the backpack 
model is quite sensitive to changes in the capacity as-
signed to each backpack, this parameter is also among 
the least uncertain ones in our model. The maximum 

capacity of three HSA pairs per backpack was deter-
mined through interviews with HSAs using the pilot 
backpacks out of St. Gabriel’s Hospital. Based on this 
analysis, we believe that the model assuming each back-
pack has a fixed cost of 5 km and capacity of 3 HSA 
pairs best captures the tradeoffs between the number 
of backpacks, travel distances, and model sensitivity. 

Table 5 Comparisons of backpack assignments under differ-
ent capacity constraints and fixed costs 

Capacity (HSA pairs) 3 4 3 4 
Fixed Cost (km) 30 30 5 5 

Number of Backpacks 205 154 212 176 

Mean HSA-Pack 
1.6 2.0 1.5 1.7 

Distance (km) 

Max HSA-Pack 
9.1 9.5 4.4 4.2 

Distance (km) 

5.2.2 Two Echelon CFLP 

In our initial model, we solved the backpack and re-
supply assignment problems separately, using the back-
pack location outputs from the first CFLP as inputs 
for the resupply center assignment problem. This ap-
proach was necessary to limit the memory usage of our 
models, and would also make it easier to refine the set 
of potential resupply centers after backpack locations 
are fixed. However, solving the two problems indepen-
dently could result in sub-optimal results, with overall 
travel times greater than those that would be found 
by solving them simultaneously. To assess the resulting 
loss in efficiency, we built a model for backpack and 
resupply center assignment in Lilongwe District based 
on the two-echelon, single-source, capacitated facility 
location problem. This problem describes a system in 
which second-echelon facilities (such as our backpacks) 
are used to deliver goods from first echelon facilities 
(resupply centers) to customers (HSAs) [21]. 

Let m denote the number of HSAs and potential 
backpack sites, and n denote the number of potential 
resupply centers. Let bi be the capacity of a backpack 
and ak be the capacity of a resupply center. Associate 
a fixed cost gk with opening each new resupply cen-
ter; a variable cost fik with using resupply center k 
to serve backpack i; and a variable cost cijk with us-
ing backpack i served by resupply center k to serve 
HSA j. This problem can be formulated as a binary 
integer program, with decision variables xijk indicating 
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whether backpack i served by resupply center k serves 
HSA j, yik indicating whether backpack i exists and is 
served by resupply center k, and zk indicating whether 
resupply center k is in use. The problem is then [21] 

difference is <1% for both the health center and hos-
pital scenarios. The two echelon approach only slightly 
changed the distances between backpacks and resupply 
centers and the recommended number of backpacks. 

Based on these results, we believe our original bottom-

up approach is an acceptable alternative to solving the m n m m n n

min cijkxijk + fikyik + gkzk backpack and resupply problems simultaneously. The 
i=1 k=1 j=1 i=1 k=1 k=1 bottom-up approach is far more computationally tractable 

than the simultaneous approach, with shorter runtimes 
such that 

and smaller memory demands, and the objective func-
m

XXXXXX 

X tion values are nearly identical for Lilongwe. Using the 
xijk ≤ bi for all i = 1, . . . ,m, k = 1, . . . , n bottom-up approach allowed us to to estimate optimal 

j=1 
backpack and resupply center locations for the entire 

m

yik ≤ ak for all k = 1, . . . , n just resupply center assignments later in the process 
i=1 of the backpack scale-up. Though we did not have the 

X country of Malawi, and will also make it easier to ad-

xijk = 1 for all j = 1, . . . ,m to full optimality, the results of the sequential and si-
i=1 k=1 multaneous models are so similar that decreasing the 

Xm nX computational resources to solve the two-echelon model 

n

yik ≤ 1 for all i = 1, . . . ,m 
k=1 

xijk ≤ yik for all i, j = 1, . . . ,m, k = 1, . . . , n 

yik ≤ zk for all i = 1, . . . ,m, k = 1, . . . , n 

xijk, yik, zk ∈ {0, 1} for all i, j = 1, . . . ,m, k = 1, . . . , n 

The parameters used in this problem are described 
in Table 6. In general, these parameters are similar to 
those from the one echelon CFLPs. However, we as-
sumed a backpack fixed cost of 5 km, as described under 
the Capacity Constraints section. We weighted the dis-
tances between backpacks and health centers by 1/8, as 

X 

trips between HSAs and backpacks would likely occur 
about eight times as often as trips between backpacks 
and resupply centers (assuming each HSA retrieves and 
then returns the backpack once per week, and the back-
pack is resupplied once per month). To limit memory 
usage, we required that each HSA be within of 10 km 
of its assigned backpack and each backpack be within 
30 km of its assigned resupply center. These thresholds 
greatly reduced the number of variables in our model 
(from 1.48 x 107 to 8.06 x 105, measured after presolve), 
and as neither threshold was exceeded for the single ech-
elon problems, we did not expect them to change our 
results. We stopped the simultaneous model after reach-
ing a gap of below 2%, after approximately 21 hours. 

As Table 7 shows, the results of the two-echelon 
models are very similar to those obtained by the bottom-

up approach. This may be attributed to the lower weight 
assigned to distances between health centers and back-
packs than to distances between HSAs and backpacks. 
When the results of the sequential model are compared 
to the objective function of the simultaneous model, the 

gap tolerance below 2% would be unlikely to change 
these conclusions. 

6 Conclusion 

This paper uses facility location models to describe an 
optimal scale-up plan for Malawi’s HSA program and 
BTB’s HSA backpack program. In particular, we used 
the p-median problem to determine the optimal alloca-
tion of HSAs across Malawi and the capacitated facil-
ity location problem to assign HSAs to backpacks and 
backpacks to resupply centers. Using these models, we 
provided BTB with a backpack scale-up analysis that 
provides pack numbers, estimates monetary costs, and 
highlights potential challenges. 

Because of the financial and logistical difficulties as-
sociated with nationwide scale-up of the HSA backpack 
program, the backpack deployment will likely take a 
stepwise form, beginning with Lilongwe District. Un-
der our plan, the HSAs in Lilongwe District would be at 
an average distance of only 1.6 km from their assigned 
backpacks, as opposed to 4.9 km if relying directly on 
a hospital or health center for supplies. This improve-

ment is especially important since most HSAs travel by 
foot over roads with varying conditions. Giving HSAs 
easier access to supplies will enable them to deliver care 
more efficiently and effectively. 

Our assessment also allowed BTB to consider the 
cost of supply chain disruptions in Malawi by compar-

ing a case in which only hospitals were used as back-
pack resupply centers to one in which both hospitals 
and health centers were used. The inclusion of health 
centers led to sharp decreases in the distance between 
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Table 6 Parameters for two-echelon CFLP for backpacks and resupply centers. 

Parameter Description Value 

m Number of HSAs/ potential backpack sites 615 
n Number of potential resupply centers 2 (hospitals), 37 (health centers) 
bi Capacity of backpack (HSA pairs) 3 
ak Capacity of resupply center (backpacks) 150 (hospitals) or 10 
fik Cost of assigning resupply center k to backpack i (km) 5 + Dik/8 
cijk Cost of assigning backpack i, supplied by k, to HSA j (km) Dij 

gk Fixed cost of resupply center (km) 0 
D Distance (km) -

Table 7 Comparison of independent and simultaneous backpack assignments. Results were calculated in Gurobi with a 
stopping criterion of 0.2% gap for the baseline models and 2% gap for the two echelon models 

Baseline Baseline Two Echelon Two Echelon 
(Health Centers) (Hospitals) (Health Centers) (Hospitals) 

Number of Backpacks 212 212 210 206 
Number of Resupply Centers 39 2 39 2 
Two Echelon Objective Value 2157 2753 2154 2733 

Mean HSA to Pack Distance (km) 1.54 1.54 1.56 1.60 
Max HSA to Pack Distance (km) 4.38 4.38 4.38 4.90 

Mean Pack to Resupply Distance (km) 5.60 28.1 5.38 28.0 
Max Pack to Resupply Distance (km) 25.7 64.3 25.7 62.2 

backpacks and resupply centers both in Lilongwe Dis-

trict (an average distance of 5.4 km with health centers 
included compared to an average of 28 km without) 
and across Malawi. This demonstrates the importance 
of including health centers as backpack resupply cen-
ters, which in turn emphasizes the need for a strong 
chain of supplies to these small health care facilities. 

Our analyses suggest that our results are fairly ro-
bust to uncertainty about the population distribution 
and the overall demand weights assigned to each EA. 
Although we did not consider fairness of HSA assign-
ments in our initial model, our results are very similar 
to those produced by the p-center problem, which min-

imizes the maximum weighted distance between EAs 
and HSAs rather than the average. Additionally, our 
initial bottom-up approach to assigning backpacks and 
resupply centers produced results highly comparable to 
those obtained by solving the backpack and resupply 
center problems simultaneously. 

Nevertheless, this analysis depends on a number of 
assumptions. We represented the population of each 
EA by its centroid and assumed that the population 
of each EA would be adequately served by at most one 
HSA pair, even though EAs vary in size and population. 
Because the HSA program is run by the Malawi gov-

ernment based on its assessments of its people’s needs, 
which may be influenced by a more accurate determina-

tion of population characteristics, infrastructure devel-
opment, and political will power, the actual locations 
of HSAs will probably differ from those recommended 
by our model, which in turn could affect both back-
pack and resupply center assignments. This discrepancy 
could lead to greater distances between HSAs, back-
packs, and resupply centers than those listed here. Fur-
thermore, health centers will have to be evaluated as 
potential resupply sites on an individual basis, based 
on information obtained on the ground and contingent 
on the consistency of their supply chains. In addition, 
backpack costs will not be limited to an initial invest-
ment, as described here, but will continue to grow as 
items in the backpacks are used or expire. Finally, these 
results are based on data from 1998, with the popula-
tion extrapolated to 2008 levels. This means that our 
model may not fully account for changes to the Malaw-

ian demographics between 1998–2008, and surely does 
not account for those that occurred from 2008–present. 
BTB will need to consider all of these issues when plan-
ning their backpack scale-up in the field. 

The techniques used in this paper could be used to 
plan community health worker supply systems in coun-
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tries beyond Malawi. The limitations of the methods 
used include the large amount of data and comput-

ing power necessary to complete a sufficiently thorough 
analysis. However, this level of detail allowed us to an-
swer general questions, such as how many backpacks 
were necessary, while also creating a specific plan for 
the optimal placement and resupply of every individ-
ual backpack. Optimization analyses such as this can 
create plans for supplying community health workers 
which minimize both travel times and costs, thus allow-
ing them to provide higher quality care to the patients 
who need them the most. 
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