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Abstract 
This paper proposes Decision Field Theory (DFT) methods to better model 
healthcare demand.  The analysis of demand for healthcare is currently limited by 
methods that cannot inform dynamic care seeking with preferences that change 
under different illness scenarios.  By comparison, DFT methods can accommodate 
multiple preferences that change with health, and scenarios that explicitly model 
illness-specific care seeking.  Demand can thus be modelled as a stochastic dynamic 
process.  Using data from South Africa, this paper demonstrates how the method can 
be used for this purpose, highlighting the merits and drawbacks of its application.  
We find that, in this setting, provider choice varies by health state deterioration in a 
dynamic rather than linear way.  In the pluralistic health care environments that 
dominate most low and middle income countries, this has implications for the 
effectiveness of care and the risk of medical poverty or adverse health outcomes. 
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health care, demand, decision field theory, treatment seeking, provider choice, 
decision modelling. 
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1. Introduction 
 

Patients in most developing countries have a choice of providers when seeking 

treatment for ill health.  However, different providers often offer different services and 

structured treatment protocols such as directly observed therapy (DOT) for TB are 

seldom offered by all.  Complex or protracted illnesses often result in multiple 

contacts with providers over the course of diagnosis and treatment, compounding the 

potential risk and financial burden of a ‘wrong’ choice.  With the growing emphasis on 

structured treatment protocols for infectious diseases, usually offered through a 

single health service provider (public or non-government organisation), there is a 

need to better understand treatment seeking behaviour in the developing country 

context (Ryan, 1998, pg 74; and Tanser, Gijsbertsen, & Herbst, 2006; see for 

example Koopmans & Lamers, 2007).  In particular there is a need to understand the 

determinants of provider preferences and how that preference may be framed either 

by the illness context or the time taken to seek a diagnosis i.e. the likelihood of 

relevant uncertainties framed within “intuitively generated, non-probabilistic rules or 

rationales” (Rottenstreich & Kivetz, 2006). 

 

Despite the potential value of quantitative demand side research, it will be argued in 

Section 3 that the empirical analysis of demand is limited by the methods 

conventionally employed (i.e. multinomial regression or multilevel modelling).  These 

techniques cannot fully inform treatment seeking as a dynamic process with 

preferences that change under different illness scenarios.  For example, although 

current methods can tell us how the disease progression in one time period 

influences the decision making processes in the next time period, they do not take 

into account the inherent stochastic dynamic behaviour of the decision making 

process; stochasticity is simply treated as “additive noise”.  Furthermore, when 

modelling demand using regression techniques or panel dynamic discrete choice 

models (e.g. Honore & Tamer, 2006) the problem has to be framed in a particularly 

simplistic form as a set of discrete questions e.g. what are the variables determining 
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the number of visits to any provider or the choice of provider or the delay before 

seeking treatment.  One might in fact want to analyse the number of visits to different 

providers at different points in the disease progression, or to look at the range of 

providers used over the course of the disease to analyse the reasons for provider 

selection at each point and the total risk and burden of the treatment seeking pattern.  

Attempting this analysis is highly complex if not impossible with current techniques.   

 

We thus propose the tools of Decision Field Theory (DFT) as a new analytical 

method that reduces some of the limitations imposed by conventional techniques.  

Unlike multi-attribute utility theory (MAUT) and its variants, DFT has not yet been 

used in health except in very stylised or hypothetical examples (Diederich & 

Busemeyer, 1999). Health economists have traditionally preferred rational decision 

theory, grounded in MAUT (Keeney & Raiffa, 1976), over descriptive (cognitive or 

behavioural-based) decision theory such as DFT (Busemeyer & Goldstein, 1992; 

Townsend & Busemeyer, 1995a; Roe, Busemeyer, & Townsend, 2001a; Busemeyer 

& Diederich, 2002b).  This paper will demonstrate the benefits of using DFT to model 

the dynamics of the decision making process in demand for health. 

 

After briefly summarising the literature on health care demand and DFT, this paper 

describes the primary data collected before using that data to demonstrate the 

results one might obtain from a DFT model of demand.  These results are then 

discussed with particular reference to the benefits and drawbacks of this method 

relative to other methods and how these results can usefully inform policy or describe 

a treatment seeking phenomenon.  

 

2. Literature review 
 

The economic literature on demand for health services has been ably reviewed in 

other papers including Ensor and Cooper (2004) and McPake (1993).  These reviews 

illustrate that, even within the broad field of ‘Economics’, demand has been studied 
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from a number of theoretical perspectives including neoclassical theory, the 

household production approach and principle-agent analysis/New Institutional 

Economics among others.  However, this variation in theoretical perspectives has not 

generated an equivalent variation in methods of empirical application.  Demand 

studies tend to take either a disease-specific (see for example Ogborne & DeWit, 

2001; Dalal, Krishnamurty, Mehta, & Udawadia, 2002; Dyer, Abrahams, Hoffman, & 

van der Spuy, 2002) or a facility-specific approach (such as Olsson & Hansagi, 2001; 

and Sepehri, Chernomas, & Akram-Lodhi, 2003).  Data sources are generally ad-hoc 

cross-sectional or occasionally longitudinal surveys (see for example Chakraborty, 

Islam, Chowdhury, & Bari, 2002; Gaitatzis, Purcell, Carroll, Sander, & Majeed, 2002; 

Ngalula, Urassa, Mwaluko, Isingo, & Boerma, 2002; Saxena, Eliahoo, & Majeed, 

2002), although Wiseman et al (2005) and Skordis-Worrall (2007) have also utilised 

diary data.   

 

Empirical economic models of treatment seeking have been used to describe a 

number of different market conditions and inform a wide range of policy decisions.  

They are able to measure the price/income elasticity of demand, the duration of 

treatment delay, determinants of provider choice, barriers to care and demographic 

and socio-economic differences in demand and elasticity (Heller, 1982; Van de Ven 

& Van der Gaag, 1982; see Akin, Griffin, Guilkey, & Popkin, 1985; Mwabu, 1986; 

Gertler & Van der Gaag, 1990; Sauerborn, Nougtara, & Latimer, 1994).  These 

studies have usefully informed the user-fees debate and frequently answer questions 

regarding equity of access, burden of disease and the impact of illness on poverty 

and equality. 

 

That said, if we accept that protracted/complex illnesses result in multiple contacts 

with the healthcare system over time, and that this has potentially significant 

implications for the financial burden of disease, health outcomes and even equitable 

treatment, then a number of important policy questions remain unanswered.  The 

data most commonly modelled using regression analysis is focussed on the last 
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contact with a health service provider rather than the range of providers used.  The 

effects of time or disease progression are not commonly included. 

 

One alternative to modelling choice over time dynamically is to model each choice 

instance discretely using multi-attribute decision models (MADM) (see for example 

Vasconcelos, Almeida, & Nobre, 2001).  Zanakis et al (1998) define MADM as one 

class of multiple criteria decision making models in which a limited number of pre-

specified, discrete alternatives require “inter or intra-attribute comparisons, involving 

implicit or explicit tradeoffs”.  Although MADM models originated in management 

science, they have been used effectively in health (Carter, Ritchey, Castro, 

Caccamo, Kessler, & Erickson, 1999; Dolan, 2000)). These models however, are 

stationary (i.e. static).  They do not take into account the time-varying nature of the 

decision-making process.  This paper thus proposes the methods of DFT to more 

flexibly model the demand for health care.  

 

DFT provides a stochastic mathematical framework for modelling the dynamics of 

decision making under uncertainty (Townsend & Busemeyer, 1995b; Roe, 

Busemeyer, & Townsend, 2001b; see for example Busemeyer & Diederich, 2002a; 

Gao & Lee, 2006).  Although DFT is anchored in psychological theory in which the 

driving forces are time-dependent processes, we extend its use to accommodate 

multiple preferences that change as health status changes, and multiple illness 

scenarios that explicitly model illness-specific treatment seeking behaviour.  

Treatment seeking can thus be modelled as an iterative or multistage process for the 

first time, allowing us to explore how provider choice changes over the disease 

course, what determines those patterns and how the range of provider choice may 

affect the financial burden of treatment seeking.  The DFT method is consistent both 

with Lancaster’s consumer theory (Lancaster, 1966) and the fundamentals of New 

Institutional Economics. 
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One of the main arguments put by the protagonists of DFT and other cognitive-based 

decision theories is that there are many situations where it is natural for the decision-

making process to violate the strict axioms of rational decision theory and this 

departure from rationality is indicative of the complex nature of the decision-making 

process (Diederich & Busemeyer, 1999; Busemeyer & Johnson, 2004).  A key axiom 

which is often violated in decision making is that of stochastic dominance (Clemen, 

1996). In the context of this application, two reasons embedded in psychological 

theory could be proposed to account for deviation from stochastic dominance in 

normal (rather than rational) decision-making (Diederich, 1997; Diederich & 

Busemeyer, 1999; Diederich, 2003b; a).  The first is concerned with the likelihood of 

patients making errors when evaluating the options of health service provision. The 

second reason is that patients react differently to choosing the options when their 

perception of two different criteria are negatively correlated (i.e. in conflict) than when 

their perception of the criteria are positively correlated (i.e. not in conflict).  The 

duration of care seeking and the deterioration of health status over time is likely to be 

a significant influence on these two processes. 

 

One of the key properties of DFT is the incorporation of time or a proxy that evolves 

with time such as health status (Diederich, 1997; 2003b; a).  In this application, 

dynamics plays a very important role because decision making evolves with health 

status.  Another key property of DFT is stochasticity.  It is recognized that the 

process of decision making fluctuates and that there is inherent randomness in 

cognitive dynamics (Diederich, 1997; Busemeyer & Johnson, 2004; Ivancevic & 

Aidman, 2007).  The usefulness of these characteristics in an applied sense will be 

demonstrated using data from South Africa following an explicit comparision of DFT 

models and classical panel models of demand for healthcare. 
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3. Comparing DFT models to classical 
econometric/panel models of demand for 
healthcare 

 

In discrete time, the classical econometric dynamic models of the demand of health 

care can be defined generically by the discrete equation: 

( ) )()(ˆ)( ttxfty ε+=          (1) 

where x̂  is the vector of independent variables (e.g. gender, education level, 

socioeconomic status etc….) which influence the response variable y (e.g. health 

service use), t  is discrete time andε  is error term which is often described by a 

normal distribution with mean zero and specified variance.  If the response variable 

depends on some of its past values and past values of some of the independent 

variables, the above equation then becomes 

( ) )(),....1(),...,2(ˆ),1(ˆ),(ˆ)( ttytxtxtxfty ε+−−−=      (2) 

Where 1−t , 2−t  etc… denote the previous instants of discrete time. 

 

In continuous time, Equation (1) takes the differential form 

( )

)()()(~

)(),(ˆ

ttyty

tytxf
dt
dy

ε+=

=

                     (3) 

Where )(~ ty  is )(ty  plus added Gaussian noise. In other words, the model is 

essentially deterministic with added Gaussian noise. In its simplest form f is linear 

and the coefficients of the equation are determined via standard regression analyses 

by fitting y
~

to x̂  where the over-bar symbol denotes expectation.   
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The DFT model on the other hand is described by a stochastic differential equation -

(SDE) which has a much richer stochastic dynamic structure: 

( ) ( ) 000 )()()(),()(),()( ytytttdwtytxhdttytxgtdy =≤≤+= ξ     (4) 

where g  and h  are linear or non-linear functions of their arguments, )(tw  is a Wiener 

process, 0t  is initial time, 0y  is the value of y  at initial time and ξ  is stopping time 

with respect to ).(ty ξ  is a random variable which stops the process ).(ty  This means 

that after the occurrence of this event, the process stops at the value it reached at 

time ξ , ).(ξy  

 

The richness of the SDE described in Equation (4) stems from the properties of the 

Wiener process which drives it.  The mean, variance and covariance of )(tdw  are 

respectively 0, 0tt −  and 0.  The change in the response variable )(tdy  is a Gaussian 

process with a mean dtg  and variance dth2 .   

 

It is beyond the scope of this paper to review the properties of stochastic differential 

equations (SDEs). An overview of SDEs can be found in ∅ksendal (2003).  One 

should note however that SDEs have been widely used to model the dynamics of 

cognitive decision-making under uncertainty (Smith, 2000; Brown, Ratcliff, & Smith, 

2006). It is suffice to say that the random dynamic behaviour of DFT models is 

intrinsic to the dynamics of the decision making process. This is in contrast to the 

classical panel models which deal mathematically with randomness as additive 

“measurement noise”. Furthermore the use of DFT models allows the use of stopping 

time.  Stopping times have also been used to model the times when decisions are 

made under uncertainty (Boyarchenko & Levendorskiĭ, 2007; Saoussen & Ben 

Abdelaziz, 2007; Miao, 2008). An overview of stopping times can be found in Chung 

(1982).  
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4. Data 
 

We use data from primary research conducted in Cape Town, South Africa to 

approximate a DFT model that begins to illustrate the difference between this 

approach and more classical alternatives.  Qualitative data was collected using focus 

groups while quantitative diary data was collected weekly over eight weeks using a 

health diary, thus providing eight time points and a sensitive measure of mental and 

physical wellness at each point.  In theory, this data should have facilitated the 

analysis of provider selection over the course of the eight week period or over the 

course of the illness(es) that spanned that period.  Methodological limitations 

however, resulted in panel models that did not usefully inform this time/illnes-

preferences dimension. 

 

4.1 Qualitative Data Sources 

Eight group discussions were conducted across four urban communities in Cape 

Town.  Two of those communities had high TB/HIV co-prevalence, while the 

remainder had high TB prevalence without a concomitant HIV epidemic.  All 

participants were between 20-39 years of age.  The groups were stratified by gender, 

population group/ethnicity and TB status.  Findings were elicited inductively from the 

dataset using grounded theory and thematic analysis techniques (Skordis-Worrall, 

2007). 

 

4.2 Quantitative Data Sources 

Individual health diaries were used to collect detailed physical and mental health data 

and information on health seeking behaviour in addition to individual, household and 

extra-household income and expenditure.  The diaries were completed by all 

participating adults on a weekly basis for a period of eight weeks.  Information from 

the diaries was supplemented by a cross-sectional household survey and an 
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individual health survey which respectively provided household level data and 

baseline data on awareness, perceptions and usage of health service providers.   

 

The physical selection of households proceeded according to a multi-stage cluster 

design.  At the first stage, four sub-districts of Cape Town were purposively selected 

based on their TB case load as detailed above.  At the second stage, enumerator 

areas (EAs) were selected within each sub-district and finally, households in each EA 

were selected into the sample.  Enumerator areas are neighbourhoods of 

approximately 50-200 households and are drawn up by the Chief Directorate of 

Demography at Statistics South Africa (Statistics South Africa, 2000/2001).  A total 

sample of 144 households and 250 individuals participated in the quantitative 

investigation.   

 

The next section demonstrates the construction of a DFT model from first principles.  

Importantly, the data from that study was not collected expressly for the purpose of 

this paper.  Instead, the findings from that study highlighted the need for this paper 

and a method such the one outlined here.  As such, this exercise is intended to 

illustrate the benefits and drawbacks of the DFT method and not to predict demand in 

the research setting.  Details of the setting are therefore not provided here.  We will 

focus on modelling the processes determining provider selection, as the findings of 

the quantitative and qualitative analyses indicated this to be the more complex 

element of health seeking behaviour and therefore the most challenging to model.  

 

5. Mathematical model of health seeking 
behaviour 

 
This section develops a basic mathematical model of the decision-making process.  

The main elements of the model are (i) a set of attributes against which the different 

health service providers are evaluated e.g. expected waiting time,  (ii) the weights 
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that individuals attach to each of the attributes i.e. is short waiting time more 

important than drug availability?  (iii) an overall measure of “preference” to evaluate 

each possible provider across all attributes for comparative purposes, and (iv) the 

governing dynamics of the deliberation process which results in one option being 

chosen.  

 

The model assumes that an individual’s preferences for provider evolves over time, 

starting with an initial preference and then alternating between the different options 

until “a time” when the individual makes his/her definite decision and actively seeks 

treatment from that provider.  In DFT, the time at which a definite decision is made is 

known as the “stopping time” of the decision making process.  This can be modelled 

explicitly (i.e. independently of the deliberation process) or implicitly (i.e. as a function 

of the deliberation process).  

 

The proposed dynamic model is inherently stochastic as it takes into account the 

inter- and intra-individual variability of the decision-making process.  It is 

parameterised by two sets of constants: “values” and “weights”.  Each possible 

health service provider option has either a real or perceived value (or score) for each 

of the attributes.  The values are normalised so that they are comparable across the 

attributes.  There are various methods for normalising the values but these will not be 

addressed here (and Saaty & Vargas, 2000; see for example Belton & Stewart, 

2002).  Weights give the relative importance an individual attaches to each attribute.  

This structure is not significantly unlike that of a discrete choice model, data for which 

could be obtained from a contingent valuation exercise or similar methodology.  The 

total value of an option (i.e. a service provider) is the weighted sum of its values 

across all attributes. The option with the highest total value at the stopping time is the 

chosen option and this element of the model is one of the key innovations of the 

method.    
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The basic mathematical structure of our decision model closely follows that described 

in Townsend & Busemeyer (1995b) and Busemeyer & Diederich (2002a).  Their 

model is adapted below to simulate health seeking behaviour.  Our model comprises 

three core elements; the available providers, their attributes, and the scenario or 

context of the decision.  Throughout this paper, we will use small-case letter variable 

names to denote column vectors (except for the variables i, j, n, m and p which we 

will use to denote integer scalars), large-case letters to denote matrices and Greek 

letters to denote real-valued scalars. We will also use the symbol “× ” to denote either 

vector or matrix multiplication, if  to denote the ith element of column vector f, ijF  to 

denote the (ith,jth) element of a matrix, 
Tf (row vector) to denote the transpose of 

column vector f.  The number of mutually exclusive providers is denoted by n , the 

number of provider attributes that an individual considers when making their decision 

is denoted by m, and the number of mutually exclusive “illness scenarios” (defined 

below), is denoted by p.  

 

In this decision problem, the available provider options are private, public and 

pharmacy ( 3=n ).  Respondents identified the important attributes of, and key 

differentiators between, providers to be: cost, privacy, drug availability, diagnostic 

equipment, thoroughness of the medical examination and waiting time ( 6=m ).  The 

“scenarios” are suspected diseases for which an individual might seek treatment in 

this setting i.e. flu, TB in a low HIV prevalence setting, TB in a high HIV prevalence 

setting and HIV ( 4=p ).  In the quantitative dataset, respondents were asked which 

service providers they would recommend to a person who suspected they had flu, 

and then someone who suspected HIV.  Respondents were asked in each case to 

justify their choice/recommendation of service provider.   

 

The DFT model is constructed in two-steps.  The first develops the basic 

deterministic structure that captures mean individual health seeking behaviour.  The 
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second develops the counterpart stochastic structure to capture the inter- and intra-

individual dynamic variability.  

 

5.1 Basic model structure 

The basic model is given by the differential equation: 

xx

yxS
d
dx

ˆ)(

)()()(

==

+×−=

ξτ

ττ
τ
τ

        (5) 

where x  is a column vector of dimension n  whose elements are the “dynamic 

measures of preference” of the service provider options, S  is an n-by-n matrix of 

constant parameters whose elements control the rate of change of x , and )(τy  is a 

column vector of dimension n  which represents the “forces” that drives x , and x̂  is 

the initial value of x  at ξτ = . The choice of the descriptive terms “dynamic measure 

of preference” and “forces” would become apparent afterwards.  Although the initial 

state is a theoretical construct in this paper, any accepted health index (such as the 

SF36 or similar) could be used to determine the state in practise. 

 

In the conventional DFT model, the variable τ  represents passage of time.  In our 

model however, τ  represents health state as the individual’s decision making 

process arguably varies more naturally with their state of health than with the linear 

passage of time.  The health state as modelled here is assumed to vary continuously 

between 1=ξ  (corresponding to “perfect health”) and 0 (corresponding to death), i.e. 

01 ≥≥ τ . Invariably, 10 << ξ .  We assume that τ decreases monotonically because 

our focus is on the decision-making process of an individual as their health 

deteriorates to a threshold or “stopping” health state (τ~ ) when the individual opts to 

take action and seeks care. Fluctuation in the health status can be allowed by 
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modellingτ explicitly in terms of time, however this will not be considered in the 

present study. This model assumes that τ~  is known a priori (i.e. of fixed value) and 

that the option with the highest measure of preference at τ~  is the one chosen.  As 

we have no primary data to guide the selection of the threshold or stopping point in 

this exercise, we have arbitrarily selected the mid-point.  This could of course be 

easily altered. 

 

From a system theoretic perspective, the above model is a linear system with x as 

the output and y the input.  The diagonal elements of matrix S are strictly positive to 

ensure stability of the differential equation.  This means that any small perturbations 

in the initial conditions relating to preferences would die out exponentially and not 

impact the long-term behaviour of the individual’s preference.  

In Equation (5), the vector )(τy  is expressed as the product of three terms: 

)()( ττ rMCy ××=          (6) 

M is a matrix of dimension n-by-mp which gives the values of the attributes for all the 

options as shown in Table I below.  To illustrate, the entry marked * in Table I is the 

cost of private healthcare when seeking treatment for flu symptoms.  Similarly, the 

entry marked ** is the waiting time when seeking treatment for HIV symptoms from a 

pharmacy.  All entries in matrix M are normalised as described above.   

 

Table II illustrates the components of )(τr , a column vector of size mp which gives 

the weights that an individual assigns to the attributes under different scenarios, 

where each of its element ir  is bounded between zero and unity: 10 ≤≤ ir .  To clarify, 

the entry marked * in Table II is the weight that an individual with flu symptoms 

assigns to the availability of drugs.  The entry marked ** is the weight that an 

individual with HIV symptoms assigns to the thoroughness of the medical 
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examination.  In theory, the weights can vary with health status but for the purpose of 

exposition of the basic model, they will be assumed to be constant in the simulations.  

 

The product )(τrM ×  is a column vector of dimension n.  Denoting this product by 

)(τz , its ith element of )(τz is given by 

 

nirMz
mp

j
jjii !1)()(

1
, =×=∑

=

ττ
       (7) 

1z  is the real or perceived value of the private provider. It is given as a sum of 

24=mp  terms.  The first term is the relative value of the cost of the private provider 

times the weight that an individual suffering from flu symptoms assigns to it. The 

second term is the relative value of privacy at a private provider times the weight that 

an individual suffering from flu symptoms assigns to it.  The 24th term is the relative 

value of waiting time at a private provider times the weight that an individual suffering 

from HIV assigns to it.  The descriptions of 42 zz …  follow by analogy. 

 

Finally, C is the “contrast matrix”, an n-by-n matrix that shows how the values of 

options are compared to produce preferences.  In its simplest form C is an identity 

matrix and all options are evaluated independently.     

The full basic model is therefore given by 

xx

rMCxS
d
dx

ˆ)1(

~1)()()(

=

≥≥××+×−= ττττ
τ
τ

     (8) 

where it is assumes that 1=ξ  for simplicity. 
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It is obvious that the solution of Equation (8) gives the dynamic trajectory of the 

preference for each option. This explains the choice of the term ‘dynamic measure of 

preference”.  The term )(τrMC ××  is the forcing function of the dynamic system.  An 

individual opts for the option with the highest preference measure at that “stopping 

time” τ~ . As explained earlier, the stopping time is a mathematical construct which 

defines the time (health status) when a decision is made. The deliberation process 

proceeds until the stopping time.  Importantly, the model can accommodate a series 

of stopping times when decisions are made consecutively to visit more than one 

health provider. After each stopping time, the differential equation is re-initialized.  

 

5.2 Incorporating inter- and intra- individual variability  

We assume that the solution of Equation (8), )(τx , gives the mean trajectories of the 

preferences for each option.  However, there are stochastic variations in any 

deliberation process (Diederich, 1997; Ivancevic & Aidman, 2007) and in the context 

of this application stochastic behaviour may become more pronounced as health 

deteriorates.  These variations represent both inter- and intra-subject variability. They 

model the inherent variability within an individual’s health seeking behaviour, and that 

between the behaviour of individuals of the same health and socio-economic profile, 

even when subjected to (theoretically) identical circumstances.  If we denote by )(τu  

the stochastic vector measure of preference for each of the options, then )(τu can be 

represented by: 

τττττ ~1)()()( ≥≥+= sxu        (9) 

where )(τs  is a stochastic process modelling these fluctuations.  

 

An appropriate model of )(τs  is a (scaled) Wiener process )(τw .  The Wiener 

process has interesting features in the case of the above model:  its expected value 
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is 0)( =τw  and its variance is ττ =)(2w  (Kao, 1997).  If we set )1()( τατ −×= ws  

where α is a suitably defined scalar, then Equation (9) becomes  

)1()()( ταττ −×+= wxu         (10) 

)(τu  has the desired characteristics: its mean is )(τx  and its variance increases 

linearly with the deterioration of an individual’s health state. Other stochastic models 

of )(τs could also be used, e.g. the Ornstein-Uhlenbeck process in (Busemeyer & 

Diederich, 2002b).    

 

5.3 Parameterization of the model 

The two key model parameters are the vector r and the matrix M .  Recall that r  

gives the weights that an individual assigns to the attributes under different 

scenarios.  For illustrative purposes, the numerical weights in Table III were assigned 

based on the evidence from the qualitative focus group data.  Although they could 

reflect likely values, they have not been extracted quantitatively within the primary 

data collection process. 

 

Each of the above columns gives the numerical weights that an individual assigns to 

the attributes in each scenario.  The weights are strictly positive relative measures.  

For example, in the case of an individual with flu symptoms it is assumed that the 

individual will set the highest priority (assigned a numerical weight 3.0) to weighting 

time to treatment and the lowest priority to privacy (assigned a numerical weight 0.2).  

On the other hand, in the case of an individual with HIV symptoms, an individual is 

assumed to assign the highest priority to privacy (2.0) and the lowest to cost (0.4).  
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The matrix M  gives the relative values of the attributes for each of the health service 

providers under each of the scenarios (see Table IV below).  Again, these values are 

strictly positive and were assigned based on evidence from the qualitative rather than 

quantitative data.  For ease of reference and without loss of generality, the numerical 

values of all the attributes for the private service provider corresponding to the flu 

scenario are set to unity. The values of all other attributes are assigned with 

guidance from the qualitative primary data. 

 

5.4 Simulation results 

The purpose of the simulations is to show the dynamics of the decision-making 

process.  As an illustration, the dynamic trajectories of deliberation by an individual 

with flu symptoms are simulated.  As the model is stochastic, theoretically it 

generates an infinite number of simulations. Figure 1 shows one sample stochastic 

simulation or realization of the health seeking deliberation process of an individual 

The x-axis represents the health state and the y-axis the measure of preference.  

The bounds of the x-axis are unity (perfect health) and zero (death).  The y-axis is 

dimensionless and its numerical scale is relative (in the model, the scalar α  in 

Equation 10 is set to 2).  The three curves simulate preference for the three health 

service providers i.e. continuous line: private, dashed line: public service; dotted line: 

pharmacy.  The curves are simulated from right to left to mimic the monotonic 

deterioration of the health of an individual. The vertical line represents the threshold 

health state when the individual makes up their mind.  In this simulation, it is 

arbitrarily assumed that an individual makes up their mind when they reach 50% of 

their full health status and they choose the service provider with the highest 

preference at that instance i.e. a public provider, whereas at 0.85 they would choose 

a private provider. 

 

Figure 2 shows 16 simulations of the health seeking deliberation process.  Each of 

the cells in the 44×  matrix of plots below displays one simulation of the model.  For 
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example the simulation in row 1, column 2 implies that the individual would choose 

private service provision, while they would choose a pharmacy in the simulation in 

row 2, column 2.  The mean, variance and covariance of the stochastic realizations 

can then be obtained numerically or analytically using standard procedures that are 

not onerous to compute (see for example Busemeyer & Diederich, 2002b).  As this is 

a theoretical exercise, these properties have not been computed for this model as the 

results would be uninformative. 

 

If time series data are available on the health seeking behaviour of individuals, the 

data can be used to estimate all the parameters of the DFT model.  “System 

identification” methods, which are widely used in the area of process dynamics and 

control, can be easily applied to estimate these parameters (Ljung, 1999; Zhu, 2001).  

These methods apply a suite of techniques such as least squares or maximum 

likelihood to determine the model parameters which best fit the time series data 

observations.  In relation to this DFT model, the data would be used to determine the 

values of the weight vector r, the attributes value matrix M and the stopping time(s). 

 

The above model was described by a very simple stochastic differential equation 

(SDE). It was developed in a step-wise manner to illustrate the construction of a DFT 

model from first principles.  A more elaborate model could be developed to take into 

account any non-linearity or discontinuity in the decision-making process. The model 

would be presented as a non-linear (continuous or discontinuous) SDE and the 

concept of a stopping time would fit naturally within the SDE framework (Øksendal, 

2003).  

 

In summary then, without purposive data, the model can be used to explore patterns 

and determinants of behaviour.  With purposive data one could, for example, predict 

provider choice given a stopping point and health state.  As a significant departure 



 

22 

 

 

from conventional panel models, one could also relate that stopping point to other 

variables such as health state or disease type. 

 

6. Conclusion 
 

The findings of this experiment suggest that, in this setting, provider preference will 

vary by health state deterioration in a dynamic rather than linear way.  In pluralistic 

healthcare environments this finding has implications for the effectiveness of care on 

the supply side, and the risk of medical poverty or adverse health outcomes on the 

demand side. 

 

This experiment has demonstrated that there are two main ways in which the DFT 

approach can improve our understanding of the decision making process of 

individuals seeking healthcare.  First, in the absence of more appropriate data, the 

DFT model could simply be used to explore different assumptions by varying the 

model parameters, e.g. changing the weights, making the parameters dependent on 

health state or by making the threshold health state (stopping time) implicit rather 

than explicit.  As such, even with the simplest approach to DFT and with data not 

purposively collected, we are able to explore how health state deterioration might 

affect treatment seeking behaviour under different conditions in a way we cannot do 

with classical panel regression models.  Secondly, with appropriate data one could 

model the determinants of demand in a way that common regression techniques do 

not allow.  In the methodological sense, given that these models were generated 

using both qualitative and quantitative data, this tool also provides a useful platform 

for triangulating different data sources. 

 

Even without collecting purposive data for the generation of this DFT model we can 

see how the method is able to accommodate the type of illness, illness severity, 
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perceived provider characteristics and provider choice in a way that classical panel 

regression analysis cannot.  In particular, we can ask at what point in an illness 

trajectory an individual seeks to consult with a provider and how this might vary by 

illness.  We are also able to analyse how the selection of that provider is affected by 

the severity of a disease or the type of disease from which a patient suffers (or 

suspects) thus treating health seeking behaviour as a dynamic process.  It should be 

noted that this model has been constructed in a manner appropriate to this study 

setting but there is no reason why the model could not be restructured to answer 

other demand side questions.  However, one drawback of system identification 

methods is that they are “data hungry” and thus the required sample size to estimate 

the DFT model parameters more conclusively than has been done in this paper, is 

invariably larger than those required by the classical statistical methods.  

Furthermore the longitudinal data need to be of sufficient temporal resolution to 

reflect the dynamic nature of the health seeking behaviour.  However, it is entirely 

possible to use cross sectional data to run these DFT models and to apply (and test) 

assumptions about the rate of health state deterioration with data that is no more 

onerous to collect than is the data for a discrete choice experiment.   

 

This method has not yet been applied to demand side problems in health and is 

certain to have a range of limitations not considered in this paper.  That said, the 

findings of this paper suggest that its potential to add value to demand side analysis 

is significant.   
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Tables 
 

Table 1:  Tabular form of matrix M. 

Scenario 1 (Flu)                                                                                                   Scenario 4 (HIV) 

Options Cost Privacy Drug Diagnostic Examination Waiting 

Time 

Cost Privacy Drug Diagnostic Examination Waiting 

Time 

Private *            

Public             

Pharmacy            ** 

 

 

Table 2:  Tabular form of vector Tr  

Scenario 1 (Flu)                                                                                                      Scenario  4 (HIV) 

 Cost Privacy Drug Diagnostic Examination Waiting 

Time 

Cost Privacy Drug Diagnostic Examination Waiting 

Time 

Weights   *        **  
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Table 3:  Numerical values of the weights 

 Flu TB in low HIV 

prevalence 

TB in high HIV 

prevalence 

HIV 

Cost 1.0 0.6 0.5 0.4 

Privacy 0.2 0.7 1.8 2.0 

Drug 0.9 1.3 1.4 1.9 

Diagnostics 0.3 1.5 1.6 1.8 

Examination 0.6 1.9 1.6 1.5 

Weighting time 3 0.8 0.8 0.2 
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Table 4:  Numerical values of attributes for each of the service providers under each scenario. 

 Cost Privacy Drug Diagnostic  Examination Weighting 

time 

Flu       

Private 1.0 1.0 1.0 1.0 1.0 1.0 

Public 0.2 0.8 0.4 0.6 0.4 0.1 

Pharmacy 0.6 0.9 1.0 0.2 0.3 1.5 

TB in low HIV 
prevalence 

      

Private 2.0 1.2 0.8 1.1 1.2 1.0 

Public 0.6 0.5 0.6 0.6 0.6 0.5 

Pharmacy 0.3 0.7 0.4 0.2 0.2 1.2 

TB in high 
HIV 

prevalence 

      

Private 2.5 2.0 0.6 1.3 1.4 1.0 

Public 1.2 0.6 0.8 0.5 0.3 0.3 

Pharmacy 0.5 0.6 0.2 0.1 0.1 1.2 

HIV        

Private 3.0 2.0 0.4 0.6 0.8 1.0 

Public 2.0 0.4 0.9 0.9 0.9 0.7 

Pharmacy 0.8 0.5 0.1 0.0 0.1 1.1 

 

 


