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Abstract

The aim of this paper is to understand the functioning of individuals�health

seeking behavior. It studies empirically how and if economic agents adjust their

health seeking behavior over time, after they have gained experience about the

quality of the previous caregiver consulted. I �nd that agents seek medical

care repeatedly from the same type of health provider, even if the treatments

are ine¤ective. Speci�cally, they do not switch to formal health sector, even

though the informal one has failed to treat their illness in previous years. The

paper also investigates the determinants of illnesses, showing the relevant role

of education in avoiding diseases. I apply the Wooldridge�s (1995) procedure

to deal with the sample selection bias problem, by exploiting past natural

disasters as exclusion restriction. These e¤ects are tested using a 4 years panel

data from a household survey in Tanzania.
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1 Introduction
Illness is one of the most serious problems that can a¤ect a household in African

communities, where a considerable part of the population seeks medical care in the

informal health sector, e.g. traditional healers and witch-doctors, or it doesn�t re-

ceive any health treatments. Economics research (Bj
::
orkman and Svensson 2006),

international organizations (USAID 2006, WHO 2005, The World Bank 2004) and

governments� e¤orts are mainly focused on the supply-side of the health market:

how to improve health systems and how to increase the number and the quality of

accessible medical services. In recent years, the growing attention in studying health

care demand (Lindelow, 2002, Leonard 2007) has started to give some insights to

better understand failures in the health systems of many developing countries. A

limitation of this literature, however, is that it doesn�t analyze the pattern of health

seeking behavior over time. The main contribution of the present paper is to study

individual�s health seeking behaviors, conditional on the outcome of the previous

therapy. It explores whether agents switch to a better quality health provider, after

the failure in treating an illness on the part of the �rst caregiver consulted. The

idea is to understand whether remaining sick after a treatment is a good incentive to

switch to an alternative care. Understanding incentives/causes driving individuals

towards more e¢ cient health care is relevant to designing long term policy measures

in the health systems. As main results, the paper shows that individuals, who sought

care from informal caregivers don�t switch to formal health cares even if they are still

su¤ering from the same disease after the informal treatment. It emerges that the

prior belief about what is the best medical care dominates over the illness status

of individuals. The intuition under this result is straightforward: as long as the

costs to test a new treatment are higher then the potential bene�ts coming from the

new treatment, even a completely "rational" agent will choose not to experiment.

This player gets stuck in a non-optimal equilibrium, simply because the cost of try-

ing something else is higher compared with the potential bene�ts. In the paper, an
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agent has to compare the certain cost of formal health care (far away government-run

clinics, long queues, etc.) with an uncertain bene�t (the probability to heal). The

con�rmation of health seeking choices independently of their outcomes fosters the

existence of unquali�ed doctors and health services. In addition, this work proposes

a unique procedure to solve the selection bias problem, by exploiting past disasters

as exclusion restriction, correlated with the probability of illness but not with the

probability to look for formal health care.

The paper attempts to address three main questions. First, do agents switch to

a formal caregiver, following only private information about their bad health status

after the informal treatment? Second, what factors in�uence the demand for formal

health care? Third, what are the main determinants of becoming ill?

Regarding the �rst question, I show that agents do not learn from their own past

experience that it is better to switch to formal medical care after an ine¤ective infor-

mal therapy. Individuals choose once and for all at the beginning of the period and

they do not update their believes, even if they have evidence of ine¢ cient outcomes.

The formal institutions I considered are hospitals, health centres, clinics and dispen-

saries and the informal ones are practitioners�homes, pharmacies, family homes and

self-care. Ceteris paribus, to consult informal providers and to remain sick after the

treatment decreases the probability to visit formal establishments in the next period

by 11.5 percentage points.

A second result concerns the determinants involved in consulting formal or infor-

mal health care providers, conditional on reporting illnesses. The main determinant

of the probability to seek formal care is the distance between the household and for-

mal health establishments. As expected, more educated individuals tend to choose

formal caregivers. Having access only to bad sources of drinking water, such as

rain, lake and river water and living in an inadequate house, decreases the likelihood

to seek formal medical care. Education, the quality of drinking water and living

conditions also capture income and the ability to a¤ord better services.

Finally, I show that disaster, such as drought, epidemic, insect and crop diseases,

happened in a community six months prior to the survey increases the probability

of illnesses. Years of education and bad living conditions are the main variables that
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determine one�s possibility of becoming ill, a¤ecting it respectively in a negative and

in a positive way. Furthermore, women are more likely to report diseases compared

to men.

The proposed analysis is tested using household panel data from Kagera, Tan-

zania. The Kagera Health Developing Survey has several features that make it

particularly appropriate for studying individual�s health seeking behavior. First, it

contains detailed information on ill individuals as well as the type of illness reported,

the decision to seek care, the type of health provider chosen and if respondents are

still su¤ering from the same disease after a health visit. Second, more than one half

of respondents reported an illness or an injury in the four weeks proceeding the sur-

vey. This high percentage provides a signi�cant sample of ill individuals to analyze.

Finally, the KHDS includes a community questionnaire. Hence, I exploit information

on community shocks as an instrument to study the probability of illness and to solve

the sample selection bias problem.

The paper is related to three main strands of the literature. First, it relies on stud-

ies on the determinants of health seeking behavior, such user fees (Gertler and Van

Der Gaag 1990, Dasgupta and Gupta 2002), travel distance (Acton 1975), individ-

ual and household characteristics (Lindelow 2005). Case, Menendez and Ardington

(2005) examine patterns of health seeking behavior prior to death among individuals

in a South Africa district, �nding that all adults who were ill prior to death sought

treatment from a Western medical provider and, the �fty percent of them, from a

traditional healer, suggesting that traditional medicine is seen as a complement to,

rather than a substitute for, Western care. While previous works are mainly based

on cross-section datasets and they adopt a static approach, this paper studies the

health seeking behavior over time in a panel dataset, by conditioning the choice of

health provider to the results of the previous therapy.

Second, the paper �ts, for some aspects, into the more recent research highlights

the role of social learning played in health seeking behavior. Das and Hammer

(2004) evaluate how provider quality a¤ects both the demand for health services

and health outcomes, analyzing the competence of caregivers through vignettes and

clinical observations in Delhi. Luke and Munshi (2007) assess the role of social
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a¢ liation, measured by caste in India, on household health care decisions and they

propose a network-based explanation for why investments in health may di¤er across

castes. Within this literature, the paper most related to my work is Leonard (2007).

Using two separate datasets from Tanzania, he shows that households, by gathering

information and by communicating with nearby households, learn about the best

quality clinicians. Di¤erent from the latter, the idea of the present paper is to study

the capacity to modify/switch behavior whenever new individual experience about

provider�s quality is acquired.1 Psychological research indicates that some people

have a cognitive bias that leads them to misinterpret new information as supporting

previously held hypotheses.

Indeed, the results of the paper can be thirdly absorbed into the literature studies

con�rmation bias. Rabin and Schrag (1999) show that such con�rmatory bias induces

overcon�dence: the agent may come to believe a false hypothesis despite receiving

an in�nite amount of information. The paper provide empirical evidence that agents

con�rm the choice of the �rst health provider consulted, no matter if past experience

and new information have been acquired.

The reminder of the paper is organized as follows. Section 2 introduces some

notions on the health system in Tanzania. Section 3 describes the data and illustrates

the main pattern of health seeking decision. Section 4 shows the empirical strategy

used and in section 5 I expose the main results. Section 6 concludes.

2 Health care system in Tanzania
Looking at other eastern African countries, Tanzania�s health care system is relatively

well-established. Health indicators are still slightly above the average for sub-Saharan

Africa and the health sector is doing relatively well. Infant mortality rate fell from 99

deaths per 1,000 live births in 1999 to 68 per 1,000 in 2005. Children�s malnutrition

status also improved. Between 1999 and 2005, the incidence of stunting decreased

from 44 percent to 38 percent, wasting from 5 to 3 percent and underweight from

29 to 22 percent. In contrast, maternal mortality remains high at 578 deaths per

1In the literature this is better known as the concept of "learning by doing" (Foster and Rosen-
zweig, 1995).
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100,000 live births in 2005, life expectancy at births is 51 years old and according to

the 2003-04 Tanzania HIV Indicator Survey (THIS) the 7% of adults where infected

with HIV/AIDS. Malaria is the leading cause of death in Tanzania and the major

public health concern, especially among pregnant women and children under �ve

years (NBS and ORC Macro 2006).

The health sector in Tanzania improved after the independence from the United

Kingdom in 1964, especially during the Arusha Declaration2, when there was an

emphasis for a more equal and e¢ cient access to social services; before they were

mainly basic and concentrated only in more developed urban centres. Free medical

services were introduced and facilities were redirected towards rural and poorer ar-

eas. In 1991, the Government revised its approach towards private initiatives and

it o¢ cially recognized the private activities of medical practitioners and dentists.

Today, even if the government remains the main source of �nancing for the health

sector, private organizations and quali�ed persons can actively participate in the

development and management of health care services in Tanzania, with the approval

from the Ministry of Health.

The health system has a pyramidal structure from services at district level to

medical care at national level.3 The lowest level of health care delivery in each

district of the country is the village health service or health post. It essentially

provides preventive services which can be o¤ered in patients�homes, such as advice

on personal habits and domestic hygiene (water, food), as well as the distribution

of basic drugs. Usually, each health post has two workers chosen by the community

who take short training courses before starting to provide services. The second stage

of health services at district level is the dispensary. The dispensary provides care

approximately for 6,000 to 10,000 people and supervises all the village health posts

in its ward. Dispensaries in Tanzania are generally located in rural centres, serving

population spread over a wide area. They are sta¤ed by a rural medical aid (RMA)

with one or two helpers. The RMA receives a 3 years course of training in anatomy,

2A declaration outlining Tanzania�s policy on socialism and self-reliance, by Julius Nyerere.
3Ministry of Health and Social Welfare, The United Republic of Tanzania, National website,

www.tanzania.go.tz., 2007.
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physiology and hygiene with good grounding in diagnostic methods and treatment

of common diseases, but they still o¤er limited types of surgery. Some dispensaries

are managed by religious groups and, as a whole, they tend to be better equipped

than those in the state sector, with higher standard of cleanliness and hygiene. The

health centre provides a slightly higher level of medical care. It is expected to cater to

50,000 people, which is approximately the population of one administrative division.

Most of health centres have a room for minor surgery and they provide 20-30 beds

for inpatients including maternity cases. Each district is supposed to have a hospital.

The district hospital is the base for sta¢ ng and supplying all rural units and it is to

the district hospital that any di¢ cult of serious case is referred. The regional hospital

o¤ers similar assistance like that agreed at the district level, but with specialists in

various �elds and additional services. Finally, at the top there are four referral

hospitals which serve the whole country. Referral hospitals are managed by the

Ministry of Health, while local governments are responsible for dispensaries, health

centres and the district/regional hospitals. In this o¢ cial classi�cation clinics do

not appear. They provide similar services to health centres and they are generally

managed by NGOs or private organizations.

In addition to this formal structure of the health care delivery system, the sector

includes individuals not recognized by the Ministry of Health such as practitioners

working from their homes, traditional healers, quacks and witch-doctors. They serve

as primary health care providers for a large part of the population. Witch-doctors

have no formal training and acquired all of their practices from their parents who

in turn learned from their grandparents. Their only diagnostic tools are patients�

symptoms and for each ailment they prescribe a combination of songs, prayers, par-

ticular kinds of soil, and tree roots. In slums and rural area, sick poor people tend to

consult them, since formal health establishments are far away and with long waiting

lists; while informal caregivers generally visit people at home and so they are more

accessible or easier to reach by all patients.
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3 Data and Descriptive statistics
The data used for this study come from a research project conducted by the World

Bank and the University of Dar es Salaam in the Kagera region, located in the

North-western corner of Tanzania and bordering Uganda to the North and Rwanda

and Burundi to the West. The prime objective of the survey was to measure the

economic impact of fatal illness in the region and to propose cost-e¤ective strategies

to help survivors. Therefore, it includes a large set of questions on health care and

health behaviors. The Kagera Health and Development Survey (KHDS) surveyed 816

households four times from 1991-1994, with an average interval between surveys of

6-7 months. Households were selected in the six districts of Kagera region (Karagwe,

Bukoba Urban, Bukoba Rural, Muleba, Biharamulo and Ngara), mainly in rural

villages (Figure 1).4

[Insert table 1]

The sample includes 19,009 individuals interviewed up to four times in 51 clusters.

The analysis focuses on two dependent variables: the probability to seek formal

health care in the four weeks prior the survey and the probability of illness. Table 1

provides information on the percentage of ill individuals by gender and age. In the

sample, more than the half of individuals reported being ill or injured in the four

weeks proceeding the survey. As expected, illness reporting was particularly high

for the elderly (46 years or older) and for infants between 0-2 years old. The lowest

percentage of ill individuals belonged to the class of children between 6-15 years old.

Women were slightly more prone to report illness than men in all age categories,

except for male children under 2 years old.5

[Insert table 2]

4In 2004 another round data was collected (KHDS 2004) but the paper presents evidence only
on the �rst four years due to the lack of a key variable for my identi�cation strategy in the last
wave. The KHDS 2004 doesn�t include the question on the individual health outcome (still sick or
not) after a treatment.

5In what follows, I consider illness and injury as the same variable.
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Evaluating patients�choice towards a speci�c caregiver requires data on the dis-

ease su¤ered as it allows to account for the tendency to seek formal care only for

more serious illnesses. Given the impossibility of controlling directly for the disease

for lack of data, I exploit all the information I have regarding type of symptoms.

First, I grouped the reported symptoms in two broader categories, depending on

how serious they are: "routine" and "not routine" symptoms (Luke and Munshi,

2007). The "routine" ones are the most common and most widespread such as

acute diarrhea, chronic diarrhea, weight loss, weakness, vomiting, acute fever, chills,

cough, sore throat, severe headache, skin rush and wound. The "not routine" are

recurring fever, fainting, di¢ cult breathing, productive cough, coughing blood, ab-

dominal pain, pain on passing urine, genital sores, burn, fracture, child birth and

mental disorder.6 Table 2 describes the symptoms su¤ered by the sick agents in the

sample. Almost 90% of individuals reported less severe symptoms. Among those,

the prevalent is acute fever (23.55%), one of the main symptoms of malaria. Roughly

13% of the sample reports cough and about 10.89% is su¤ering from severe headache,

followed by chills, wound and acute diarrhea. Approximately 21% of individuals re-

ported to have other types of symptoms, di¤erent from the listed ones. Finally,

among the not routine symptoms, the share of individuals having abdominal pain

is around 6.5%. Second, I divided the symptoms reported in two other categories:

cyclic and not cyclic, depending on the fact that they appear or not in regular inter-

vals of time.7 This distinction is relevant to understand the e¢ cacy of a treatment.

Cyclic diseases show up independently from the medical care chosen. In this case,

the health status (sick or not sick) doesn�t depend on the therapy but only on the

illness�s course. In the empirical part of the paper, I restrict the analysis to the

sub-samples of routine, not routine and not cyclic symptoms.

[Insert table 3]

6The classi�cation between routine and not routine symptoms has been costructed by an anony-
mous doctor working in Kagera region.

7The symptoms reported as not cyclic are: Acute Diarrhea, Weight Loss,Acute Fever, Skin
Rash, Weakness, Chills, Productive Cough, Blood Cough, Urine Pain, Genitals, Sore Throat, Burn,
Fracture, Wound, Child Birth (Harrison 2006).
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Third, I infer a patient�s illness by combining the �rst two symptoms reported by

each sick respondent with the most spread illnesses in Kagera region. This additional

check is relevant since for example one or more routine symptoms could even generate

a serious disease. The �rst row of table 3 shows the most widespread diseases in

Kagera, while the �rst column describes all the possible symptoms listed in the

survey. Each illness is linked to the corresponding symptoms. In the table, 1 and

2 are, respectively, the �rst and the second symptom for that speci�c disease. The

X represent all additional symptoms that could appear if the agent is su¤ering from

the disease reported in the �rst row of the table. I infer an agent�s predicted illness

by considering the �rst two symptoms su¤ered by individuals. For example, if an

individual reported acute fever as �rst symptom and chills as the second one, he

might probably su¤er from malaria.8 In the empirical section, the estimates include

predicted diseases as additional controls.

[Insert table 4]

The survey proceeds as follows: individuals who reported an illness in the four

weeks prior to the survey were asked if anybody had been consulted for treating this

illness and, consequently, which was the �rst place where the patient sought care.

The treatment choices available in Kagera region are hospitals, health centres, dis-

pensaries, clinics, pharmacies, practitioner�s homes, and patient�s homes. As table 4

(panel A) shows, the greater part of the sample (68.3%) doesn�t consult anyone for

their disease and this percentage is slightly higher for women. In slums and rural

area, sick poor people don�t seek health care because clinics are too far away and the

queues too long. In many rural areas there are no government-run clinics or dispen-

saries, so the only solutions are often to give up a treatment or to opt for a quack.

Splitting the sample by age groups, it emerges that the highest percentage of individ-

uals receiving medical care are infants (40%). To analyze individual health seeking

behavior, I aggregate the health establishment choices in two broader categories:

informal and formal health care. Hospitals, health centres, clinics and dispensaries

8Table 3 has been costructed with the help of two anonymous doctors, one of whom, work in
Kagera region.
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are considered formal cares.9 Informal health establishments include pharmacies,

practitioner�s homes, their own home and "other".10 Table 4, panel B reports the

percentages of sick agents who decide to consult someone for treating their illness:

more than 13% of these choose informal health care. The reaction to illnesses could

vary with individual characteristics, such as gender and age. More men than women

tend to seek informal care and the highest percent of individuals who report an in-

formal consultation is represented by elderly over 45 years. Among formal health

care, roughly the 23% of infants have been visited in hospitals compared to the 30%

of adults between 31 and 45 years old. Dispensaries are the most widespread formal

establishments where individuals decided to seek treatments, conditional on illness

and consultation, and they are particularly widespread among kids aged 3-5 years

old. Approximately 10% of agents sought care in a health centre, while clinics are

less attended. In the informal sector, individuals are mainly treated in traditional

practitioner�s homes and this percentage increases for the elderly. The survey also

investigates if sick people look for health care for the same illness in any other estab-

lishments after the �rst visit. The 88% of individuals don�t consult any additional

caregivers for the same disease. This is a crucial information since to empirically

study the respondent�s health seeking behavior, we have to be sure that the health

status after a health care visit (formal or informal) is a consequence of that speci�c

treatment and not of many treatments within the same month.

[Insert �gure 2]

The crucial point of the paper is to investigate health behaviors in the wave after

a formal or informal health treatment. The formal or informal therapy didn�t work

whether individuals sick in the four week proceeding the survey are still ill from the

same disease during the survey after a medical consultation. Figure 2 describes the

timing of the questions asked in the survey. The questions are repeated for four

waves.
9The formal health centres are all the institutions o¢ cially recognised by the State in Tanzania

(Tanzania National Website, 2008: www.tanzania.go.tz/health.htlm).
10Partages, shops or private laboratories.
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[Insert table 5]

Table 5 is a transition matrix showing agent�s behavior from wave t-1 to wave t

for those who were still su¤ering from the same disease during the survey in t-1. Only

the 20 percent of respondents, who have visited an informal caregivers (or haven�t

received any care) and have remained sick afterwards, have switched towards formal

health providers in the following wave. This shows that the 80 percent of the still sick

informal seekers have con�rmed their health provider�s choice. While the 58 percent

of the "formal care visitors" in t-1, for which the treatment didn�t work, has shifted

towards informal cares (or has opted for no treatment) in wave t. From table 5, I

construct the main independent variable in the empirical section: INFORMAL/NO

CARE DIDN�T WORK is a dummy taking value 1 if the respondent has consulted

an informal providers in t-1 and he is still sick during the survey in t-1 (1013 obser-

vations) and equal 0 if he remained sick in t-1 although he visited a formal caregivers

(384 observations).

[Insert table 6]

Table 6 shows a cost-bene�t analysis as a tool to evaluate advantages and dis-

advantages of the formal health sector in Kagera. The table provides descriptive

evidence that searching care in formal institutions increases the probability to heal

after the treatment. The 47 percent of patients, who received care for the �rst time by

an informal provider, is still su¤ering from the same disease compared to 40 percent

of those remained sick after therapy in hospitals or clinics. The test for the equality

of the two coe¢ cients rejects the null hypothesis with a p-value of 0.01. The t-test

is valid also considering the sub-group of routine symptoms, while the di¤erence

between formal and informal care is not statistically signi�cant when considering in-

dividuals su¤ering from more serious diseases, suggesting that some chronic illnesses

cannot be bene�t neither from the informal, nor from the formal health sector. By

comparing agents who seek formal caregivers with those who haven�t consulted any

health providers, sick individuals are 40% and 42% respectively, but the t-test is not
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statistically signi�cant anymore. Considering only those su¤ering from not routine

symptoms, I found a greater percentage of sick agents after a formal therapy com-

pared to those who didn�t opt for medical care. The latter result can be explained

by a higher proportion of death among those a¤ected by a serious disease who had

not sought health care.

A second slot of results describes the fraction of ill individuals treated by a doctor

by type of health care. The percent of patients who have been visited by a doctor is

19 percent for those seeking formal care and 0.4 percentage for the ones consulting

informal health providers. So, why should rational agents look for medical care in the

informal health sector? The last row of table 6 shows the main cost associated with

formal health care: the reported distance between the household and the medical

establishment individuals have consulted. The distance from the household and

the informal health facilities visited by each member is 2 km, much lower than

the distance necessary to reach formal establishments. In the empirical section, I

compute the average distance, among household members, between the household

and the formal/informal caregivers they visited. On average, the distance between a

household and a formal establishment is equal to 5.6 percent km, while the distance

to visit an informal practitioner is lower than 1 kilometer.

Table A1 in the appendix shows summary statistics of the sample. As explanatory

variables I used individual and household characteristics. The individual features

include age, gender, years of education, religion and health status. The best measure

of income in the KHDS is the value of physical assets held by the household (including

the value of land, business, equipment, livestock, and dwelling). In the empirical

part, I measure wealth as the log value of durable assets per household. Further,

I control for the source of drinking water for the family and the living conditions.

The measure of unsafe water includes water from rivers, lakes, wells without pump

and rain. 80% of individuals had access only to unsafe drinking water and the 25%

lived in a dwelling composed of walls of mud or bamboo, with soil as the main

�ooring and by roofs made of grass or mud. Finally, I exploit a variable from the

community questionnaire as exclusion restriction in the empirical strategy: disasters

that happened in each community in the past six months, such as �ood, drought,
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epidemic and crop diseases.

4 Empirical Strategy

4.1 Estimating equations

The main set of equations has the purpose to assess whether a patient�s decision

between formal and informal health care changes over time, depending on an agent�s

health status after an informal treatment. A patient would switch towards a formal

health provider in the following wave when the informal one hasn�t been e¤ective in

caring his/her disease. I adopt the following estimation strategy:

Yit = �+ �1IDWt�1 + �2IWt�1 + �3FWt�1 + �4Distanceit +

�5Xit + Cit + dt + dd + "it (1)

where Yit is a binary variable equal one if the agent i seeks formal medical care

and equal zero if he gets informal treatments or no treatments at time t. This

variable is observed only if the individual is ill at time t; because, by construction,

an healthy individual doesn�t consult neither formal nor informal health providers.

The selection bias problem involved in estimating equation 1 has been discussed and

solved in paragraph 4.2. The KHDS investigates patient�s health status after the

formal/informal treatment, by asking whether he/she is still su¤ering from the same

disease today (at the time of the interview). The following graph shows the four

combinations of possible events and how the independent variables in equation 1

have been constructed.
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Informal/No
Care(t­1)

Formal
Care (t­1)

Still sick

Not sick
anymore

Still sick

Not sick
anymore

Informal didn’t work
(IDWt­1)

Informal worked
(IWt­1)

Formal didn’t work
(FDW t­1)

Formal worked
(FW t­1)

Sick
patients

Month prior to the survey During the survey

The main variable of interest in equation 1 is INFORMAL/NOCAREDIDN�TWORK

in t-1 (IWDt�1), a dummy assuming value one if the agent i sought informal care

or hadn�t medical care in a month prior the survey in wave t � 1, and he is still
su¤ering from the same disease during the survey in the same wave. IWt�1 (Infor-

mal/no care worked) and FWt�1 (formal worked) are dummies equal 1 if agent visited

an informal/formal provider and he is not sick anymore after the visit. In equation

1, the omitted category is represented by all the individuals who consulted formal

doctors at time t � 1 and are still sick during the survey at time t � 1 (FDWt�1).

The paper aims to understand whether remaining sick after a treatment represents a

good incentive to shift type of therapy. According to equation (1), the probability to

look for formal treatment increases when �1 > 0; suggesting that agents will switch

from informal medical care to formal treatments, after a negative outcome (still sick)

coming from the informal sector. In this case, a patient has consulted an informal

provider in t� 1; he has ascertained that it failed to treat his disease and therefore
he updates his believes regarding the best quality caregiver. This updating will be

translated in a di¤erent health provider�s choice in the next wave. Agents con�rm
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their health seeking choice whether �1 < 0: they don�t switch caregiver, even after

the failure to treat diseases by the previous health provider consulted. Xit is a vector

of individual and household characteristics, including age, sex, years of education,

head of household, head�s religion, household size and wealth, proxy as physical stock

held by the family, living conditions (type of housing and access to safe water) and

the dependency ratio (number of elderly and kids over household size). Notice that

among the controls is the average distance between the household and the caregivers

(formal or informal).11 Cit is the children dummy equal 1 if the respondent is a kid

younger than 12 years old, dt and dd are respectively time and district dummies and

"it is the error term. Fixed e¤ects at district level capture time-invariant features of

the health market supply, such as the number of health facilities per district. Time

t is the wave in which the survey has been done with an average interval between

waves of 6-7 months.

The main concern with this empirical strategy is that the health status after the

treatment could not necessarily be the result of success or failure of the previous

treatment received. This could emerge for two reasons. First, patients might poten-

tially visit many health care providers during their illnesses. The survey investigates

the number of providers consulted since the beginning of the illness before checking

respondent�s health status at the time of the survey. Therefore, I estimate equation

1 also on the sample of those who only had received one medical advice for the same

illness episode. Second, as explained in section 3, the health status could also depend

on the type of symptoms and diseases su¤ered. In the empirical section, I restrict the

estimates to non cyclic disease, routine and not routine symptoms and to predicted

disease. Equation 1 will be estimated using a probit model.

4.2 Identi�cation strategy

The main problem in identifying the probability of choosing a formal health provider

is related to sample selection bias. The Kagera Health Development Survey reported

information related to health care decisions only conditional to previous illnesses,

11The distance is self-reported. I calculate the average distance among household members who
sought informal care and among those who sought formal care.
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hence equation 1 can be estimated only for sick agents. There is a problem of selection

whether some unobservable variables in�uence both the probability of illness and the

utilization of health services (i.e. health endowment, health habits, etc.).

In cross-section datasets there have been attempts to solve this issue with a

two-steps method such as the one proposed by Heckman (1979). The econometric

literature does not yet provide a single solution to deal with sample selection bias

in panel datasets. The �rst approach proposed is to control for unobserved time-

invariant individual characteristics. Heckman and Macurdy (1980) argued that a

�xed e¤ect tobit model could be a solution for sample selection bias. Nijman and

Verbeek (1992) consider a random e¤ect model under the assumption of normality

and serial independence of the idiosyncratic errors in both the selection and the main

equation. Vella (1998) provides a review and additional references.

I control for sample selection bias following the procedure introduced byWooldridge

(1995, 2002). This method requires a standard probit or tobit model in the selec-

tion equation for each time period followed by a multivariate linear regression in the

second stage equation. The Mills ratio coming from the �rst stage estimates are

included as controls in the second stage linear estimate. I estimate the �rst stage

equation with a probit model, for each time period t (four waves) as follows:

Pr(ill)it = 1[�0 + �1Disasterht + �2Xit + �3
�
Xit + Cit + dt + "it > 0] (2)

where Pr(ill)it is the binary selection indicator equals to1 for agents reporting

an illness or an injury in the month prior the survey for individual i at time t.

Disasterht is a dummy variable equal 1 if there was a shock in the community h

in the six months prior to the survey, such as drought, epidemic, insect and crop

diseases.12 This variable is the exclusion restriction in the �rst stage equation cor-

related with the probability of illness, but not with the probability to seek formal

12The potential type of disasters mentioned in the questionnaire were: �ood, drought, epidemic,
insect, war and crop diseases. I didn�t consider �ood and war because of their potential endogeneity
in supply side of health market (i.e. impact on the health facilities).
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care (equation 1). Due to data limitations, we don�t have an exclusion restriction

at individual level: Disaster is constant within each cluster in the sample. Anyway,

there are many reasons to think at it as a good exclusion restriction. In Tanzania,

climatic conditions and unfavorable natural shocks, not only have a huge impact on

agriculture (which accounts for almost half of GDP and employs 80% of the work

force13) limiting cultivated crops, but they also in�uence people�s health status, by

worsening the already precarious living conditions. Xit represents individual and

household controls as speci�ed in equation 1,
�
Xi is the average of each independent

variables across time for the individual i14,Cit is the children dummy equal 1 if the

respondent is a kid younger than 12 years old, dt represents four years time dummies

and "it is the error term. The errors in the selection equation are assumed to be

normally distributed, but to display arbitrary serial correlation and unconditional

heteroskedasticity. I found reasonable not to include in
�
Xi the average of the binary

variables, because they present a good stability over time, and therefore, to decrease

the risk of multicollinearity between the average and the single binary regressor.

The resulting estimates of the �rst stage equation are used to obtain the inverse

Mills ratios,
f
�it for all t and i:15 Following Wooldridge (1995), I estimate the proba-

bility of seeking formal medical care Yit by pooled OLS on Xit,
�
Xi,

f
�it and dt*

f
�it for

those observations for which Pr(ill)it = 1. Finally, the asymptotic variance of the

estimated coe¢ cients has been corrected by bootstrapping the standard errors.

To my knowledge this is the �rst attempt to solve the selection bias problem in

panel data by empirically applying the Wooldridge�s (1995) method.

13Central Intelligence Agency 2007.
14This is best viewed as the Mundlak approach (1978). A Chamberlain approach (1980) would

replace (Xit;
_
Xi) with Xi.

15The Mills ratio is
f
� = �(x�)=�(x�), where x� are the residuals of the equation 1.
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5 Econometric results

5.1 Switching to formal health care

Table 7 reports estimated and marginal probit coe¢ cients for a model where the

dependent variable is equal 1 if the individual opts for formal establishments when

sick.

[Insert table 7]

Columns 1 and 2 test the determinants of the probability to seek formal health

care (hospitals, clinics, dispensaries, health centres), conditional on being ill in the

four weeks prior to the survey. The distance between the household and the for-

mal establishments shows a negative and signi�cant coe¢ cient: ceteris paribus one

more kilometer of distance decreases the probability to seek formal care by 0.2 per-

centage points. On the contrary, the dependent variable increases with the number

of years of education and the coe¢ cient is signi�cant at 5 percent level, suggesting

the relevant role played by education in demanding higher standards of health care.

Poorer households have a lower probability to be treated in hospitals or clinics: the

dependent variable decreases with inadequate houses and with access only to unsafe

water. The magnitude of the latter e¤ect is substantial: conditional on illness, ceteris

paribus, having access only to unsafe water (rain, river and lake) as the main source

of drinking water reduces the likelihood to consult formal caregivers by 9 percentage

points. As expected, household size decreases the dependent variable. Bad water,

bad house and household size also capture a wealth e¤ect, showing that, on average,

wealthier households can a¤ord better health services.

Columns 3 to 14 report probit estimates by conditioning the choice of a formal or

informal medical care in time t to the outcome coming from the previous caregivers

consulted. I test whether respondents switch health seeking behavior over time. The

table reports only the coe¢ cients of interest. In columns 3 and 4 I consider the full

sample of individuals. Remember that the variable INFORMAL/NO CARE DIDN�T

WORKt�1 is equal 1 if the patient was ill four week prior to the survey, he consulted
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an informal health care provider (or he didn�t receive a therapy) and he is still sick

at the time of the interview. INFORMAL/NO CARE DIDN�T WORKt�1 shows

a negative and signi�cant coe¢ cient at 1 percent level. Looking at the magnitude

of the coe¢ cient we note that, ceteris paribus, having visited informal providers

and being still sick reduces the probability to have formal care in the following year

by 11.4 percentage points. Patients don�t switch from informal to formal provider,

even after the failure in treating their disease by the previous informal caregiver

consulted. This result suggests lack of learning from own past experience in health

seeking behavior. Moreover, the dependent variable decreases by 13.1 percentage

points also when a patient has consulted an informal provider and he is not sick

anymore (Informal worked t � 1). These results con�rm that remaining sick after

a medical consultation isn�t a good incentive to try alternative practitioners. The

health status after a therapy doesn�t count as a crucial factor in the health seeking

choice in the next years. To isolate the e¤ect of informal care from the one of not

having care in t-1 without loosing observations, I include in all the estimates, a

dummy variable equal 1 if the individual didn�t consult anyone for his disease in t-

1. The probability to seek formal care at time t decreases with the average distance

between the household and the formal establishment (controlling also for the distance

to informal practitioners) and the coe¢ cient is statistically signi�cant at 5 percent

level. Compared to the previous speci�cation, the head of household dummy is

positive and signi�cant, showing a higher probability to a¤ord better services for the

head of the family.

An individual�s choice among di¤erent caregivers�options depends on the seri-

ousness and on the type of symptom he is su¤ering from. Columns 5 to 10 report

the �ndings by splitting the sample between routine (less serious), not routine (more

serious) and not cyclic symptoms.16 With all three restrictions the sign of the co-

e¢ cient linked to INFORMAL/NO CARE DIDN�T WORKt�1 is still negative and

signi�cant at 1% level, con�rming the lack of learning. Columns 7 and 8 show an

16Note that in this case it is relevant to consider patients su¤ering from not cyclic disease in time
t-1, to capture the type of symptom after the therapy. Cyclic symptoms appear from time to time
and the agent�s health status would not be the consequence of a treatment, but rather by the type
of disease.
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interesting result: for serious diseases, distance doesn�t in�uence the probability to

consult formal providers, while it is still statistically signi�cant at 1 percent level for

routine and not cyclic symptoms.

In columns 11 and 12 I include predicted diseases as additional controls. The

dependent variable decreases with INFORMAL/NO CARE DIDN�T WORKt�1 and

patients su¤ering from malaria have a higher likelihood to look for formal health care,

suggesting greater propensity to consult formal provider for serious disease. Holding

other controls at the sample mean, the probability to get a formal care increases by

8.9 percentage points for agents at whom malaria has been inferred.

An explanation for the results so far could be driven by the fact that patients

have consulted informal practitioners as �rst choice and then, they have sought other

medical treatments within the same month. In this case, the concern would be that

the outcome from the therapy is not the consequence of the �rst health care sought.

To deal with this problem, I further restrict the sample to patients who only had

one consultation for the same disease. Columns 13 and 14 show the estimates: once

again �1 remains negative and signi�cant at 5 percent level.

5.2 Natural disasters and the probability of illness

To test the robustness of the results I control for sample selection bias, using as

exclusion restriction a dummy variable equal 1 if a disaster happened in the com-

munity in the past six months, such as, drought, epidemic, insects and crop disease.

By solving the selection bias problem, I demonstrate that the results so far are not

driven by the selected sample of ill individuals.

[Insert table 8 ]

Columns 1 and 2 of table 8 report the �rst stage regression, using as a depen-

dent variable the probability of illness in the past month. Individuals who live in a

community hit by natural disasters have a higher probability to be sick in the fol-

lowing months. The coe¢ cient is statistically signi�cant at 1% level, suggesting that

disaster could represent a good exclusion restriction in this context. Women have a
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higher probability of reporting illnesses in the four week proceeding the survey com-

pared with men: being a woman increases the likelihood of illness by 4.4 percentage

points. Education decreases the probability of illness with a coe¢ cient statistically

signi�cant at 5 percent level. The head of household dummy has instead a positive

e¤ect on the likelihood to report an illness in the month prior to the survey. The

head of a household is generally the one who has more opportunities to travel away

from the family, increasing the risk of contracting diseases. As proxy of income I use

an alternative wealth indicator: the amount of physical stocks held by the house-

hold.17 Even controlling for district �xed e¤ects, I show that the dependent variable

decreases with the amount of physical assets held by the family, showing that richer

individuals have a less probability to contract a disease. Finally, I investigate the

relationship between diseases and household�s characteristics. Extreme living con-

ditions, such as a dwelling composed by wall of mud or bamboo, by earth as main

�oor and by roof made by grass or mud are associated with a higher probability of

illness. To assess the magnitude of this coe¢ cient, note that, ceteris paribus, having

an inadequate house and drinking dirty water increase the probability of illness by

2.6 and 1.9 percentage points, respectively.

Columns 3 to 8 provide linear estimates on the probability to consult a formal

caregivers controlling for sample selection bias and bootstrapping standard errors

with 200 replications. With all the types of sample restrictions (routine, not routine,

not cyclic symptoms and only one health visit) getting an informal health consul-

tation and remaining sick has a negative and signi�cant e¤ect on the probability

to seek formal health care in the next period. In the baseline speci�cation, ceteris

paribus the likelihood to switch health provider decreases by 11 percent with INFOR-

MAL/NO CARE DIDN�T WORKt�1: Patients don�t update their believes on health

seeking behavior after a negative outcome, once again revealing lack of learning. By

controlling estimate for sample selection bias, I con�rm the results reported in table

7, with a relevant role of distance, household size and access only to dirty water in

the reducing the likelihood to seek formal health care.

17The physical stock considered are land, business, equipment, livestock, and dwelling.
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As a robustness test for the pertinence of the exclusion restriction, I estimate

equation 1 by including "disaster" as additional regressor. Table A2 in the appendix

shows that a disaster happened in the community doesn�t have any impact on the

choice of formal health care.

6 Conclusion
The main contribution of the paper is to add a dynamic perspective in analyzing

individual�s health seeking behavior. Overall, the empirical evidence suggests that

agents are biased towards one type of health care and they don�t switch caregivers

even if the treatment has failed to heal them. Patients behave without taking into

account the private information on their health status. The paper also investigates

how the choice between a formal health care provider (hospitals, health centres,

dispensaries, clinics) and an informal one (pharmacy, practitioner�s home, family

homes, self-care or no-care) changes with individual and household characteristics.

The main cost associated to the formal health sector is the distance between the

household and the facility, while education positively a¤ects the likelihood to have

formal therapies. All the estimates are controlled for types of symptoms and dis-

eases. By applying Wooldridge�s procedure (1995) and by exploiting disasters which

happened in the community as exclusion restriction (correlated with the probability

of illness but not with the likelihood to have formal treatments), I attempt to solve

the sample selection bias problem. The �ndings of the paper are not driven by the

selected sample of sick individuals.

These results shed light on a relevant problem in Tanzania and they have im-

portant implications from a policy prospective. The individuals�health conditions

are not only driven by the generally ine¢ cient supply side of the health market, but

even from the interesting structure of patient�s demand. The success of a therapy is

not an important factor involved in the choice of a speci�c caregiver. This feature

fosters the existence of low quality and not quali�ed doctors and health services.

The �rst step to enforce the demand for formal care is to promote education and

to disseminate informative campaigns to overcome cultural bias towards informal

caregivers. Second, a more capillary distribution of government-run health services
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is necessary. This is a very costly and long term solution, anyway. An alternative

response could be the promotion of groups of o¢ cial doctors in charge of visiting sick

poor households in rural area from time to time.

In general this paper underlines the need for a better understanding of the demand

for health services. Future research should explore more deeply the world of informal

health institutions, by gathering data on estimated number of traditional healers and

user fees.
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Figure 1: Location of the KHDS clusters in  Kagera Region, Tanzania 
 

 
Source: The World Bank, 2004 
 
 
 
 
 
 
Figure 2: Timing of the questions in the KHDS 1994-1997 
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