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3. Community Health Center Efficiency, 

Organization Design and Context2 

 

 

Abstract 

Since decentralization of the Indonesian health care system in 2000, decision makers at 

the level of both district and local community health centers (CHCs) have the freedom 

to tailor the services of their organizations to the particular needs of their clients. Many 

observers see this as an opportunity to achieve higher productivity in CHCs because 

they now have the autonomy to tailor their services and organization to their specific 

working context. This study assesses the efficiency of Indonesian CHCs after ten years 

of decentralization (2011). Data envelopment analysis is used to estimate the efficiency 

differences between 598 CHCs, for which information could be compiled and coded 

from two archival sources. Hypotheses explaining variations in efficiency are derived 

from the context-design-performance framework, and empirically tested using 

censored Tobit regression analyses. First, CHCs with less mixed staff show higher 

efficiency levels. Second, the number of horizontal units affects CHC efficiency only in 

non-remote areas, and the effect has an inverted U shape: efficiency is best for CHCs 

with 1-2 horizontal units and decreases for CHCs exceeding or not reaching this 

number. Third, the proportion of poor people in a CHC’s service coverage area has no 

direct impact on efficiency but slightly tempers the effect of the number of horizontal 

units. 

 

Keywords: Efficiency, community health centers, context-design performance 

framework, contingency theory, Indonesia 

                                                        
2 This chapter is co-authored with Rafael Wittek, Bart Los, and Liesbet Heyse. 
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Introduction 

Community health centers (CHCs) are frontline operational organizations in national 

primary health care systems that have the task to effectively and efficiently provide 

equal, accessible and affordable health care to local communities. (Starfield, Shi, & 

Macinko, 2005; Kringos D. , Boerma, Hutchinson, Zee, & Groenewegen, 2010; Starfield, 

2012; Groenewegen, Heinemann, Greß, & Schäfer, 2015) Many countries invest in 

improving CHC capacity in order to provide responsive health care that meets the needs 

of the communities these centers serve (Marathe, et al., 2007; Pelone, et al., 2015). 

In Indonesia CHCs also have a prominent role, especially after the 

decentralization wave that began in 2000 in many policy domains including health care. 

The decentralization effort in health care had three components. First was the fiscal 

transfer of the health budget from central government to local governments in 2004 

(Heywood & Harahap, 2009). Second, in the same year, local authorities granted CHCs 

autonomy to decide on the strategy, functions and organization design of their centers, 

thereby allowing variation between CHCs within and across regions. (Miharti, 

Holzhacker, & Wittek, 2016). Third, the government introduced health insurance for 

the poor in 2006 (Sparrow, et al., 2016). This transfer of resources and authority to local 

governments and CHCs was balanced by a mechanism of multi-layered decision-space 

in which the Ministry of Health retained some influence by defining minimum 

standards regarding the functions, organization design, and performance of CHCs 

(Miharti, Holzhacker, & Wittek, 2016). 

The increased decision-space of CHCs gives them the freedom to decide how to 

use their resources best to respond effectively to local community health needs and 

conditions. It also allows them to experiment with innovative solutions (Bossert, 1998) 

to achieve maximum health outputs with their available resources. If CHCs use their 

decision-space wisely, this is expected to lead to higher productivity in health care 

provision across regions, because CHCs can now adapt their strategy, design, and 

functions to the context of their service coverage area (Bossert, 1998; Mitchell & 

Bossert, 2010; Bossert & Mitchell, 2011). 

The aim of this paper is to study the distribution of efficiency levels of CHCs in 

Indonesia. Building on the context-design-performance (CDP) framework developed 

for the health sector (Marathe, et al., 2007; Ortiz, et al., 2010), we aim to answer the 

following question: What variation is there in CHC efficiency in Indonesia’s 

decentralized health care system, and if so, how can it be explained? 

We argue that CDP-related factors, such as differences in CHC organization 

design and context, explain the variation in CHC efficiency because the increased 

decision-space might not be used wisely or cannot be used fully to improve 

productivity. In other words, CHCs may make more and less optimal design and service-

provision choices. This paper aims to identify these erratic design choices by studying 

if and how organizational design factors and organizational context characteristics, 

separately and combined, contribute to CHC efficiency. 
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This study makes three contributions to the literature. First, it furthers insights 

into the efficiency of CHCs in the context of enlarged decision-space in the Indonesian 

health care sector and beyond that context by studying CHC efficiency and variation in 

efficiency between CHCs. Second, this is one of the first empirical studies to put the CDP 

framework to a systematic statistical test in a large sample of CHCs. Previous studies on 

Indonesian CHC efficiency were more exploratory in nature and covered CHCs in a 

particular district (Berman, 1989; Budi, 2010; Supiati, 2014; Setyaningrum & Woyanti, 

2015). This study extends this research with a systematic comparison of CHC efficiency 

and their determinants across districts. Finally, this study may inform policy makers 

and managers of primary health care organizations about the determinants of CHC 

efficiency. 

The chapter proceeds as follows. We first provide background information on 

Indonesia’s health care system and continue with a theoretical discussion of the CDP 

framework, resulting in a set of hypotheses. These are followed by a presentation of our 

methodology, results, and a discussion of our conclusions. 

Indonesia’s health care system and CHCs’ characteristics 

Indonesia is a huge archipelagic country with a population of about 237 million (in 

2010) inhabiting about 6,000 out of more than 17,000 islands. In 2010 population 

density was estimated at 124 persons per km2 and the annual population growth rate 

has amounted to 1.4% over the past ten years.3 The country contains 34 provinces, 514 

districts, and 7,024 sub-districts with each sub-district comprising sub-sub districts 

and/or villages. 

CHCs are government health institutions at the sub-district level. Besides CHCs, 

local government, private and public organizations may provide health care to 

communities. In order to reach communities at the village level, CHCs are allowed to 

open health centers, called Pustu, in each village. CHCs can also request mobility 

facilities (i.e. boats and motorcycles) to transport health staff to reach remote areas. 

Furthermore, CHCs communities can take the initiative to establish two types of 

branches at the village level, Polindes providing pre-natal and maternity care, and 

Poskesdes providing primary care. In both cases, CHC health staff provide care and are 

assisted by volunteers in the village. In case a CHC has insufficient health staff to work 

in all the Polindes and Poskesdes in the area, these posts have restricted opening hours 

on certain days only. Figure 3-1 presents the position of the CHCs within Indonesian 

administrative jurisdiction.  

                                                        
3 Retrieved from the website of Statistic Indonesia on June 1st 2016: 

https://www.bps.go.id/Subjek/view/id/12#subjekViewTab3|accordion-daftar-subjek1 

https://www.bps.go.id/Subjek/view/id/12#subjekViewTab3|accordion-daftar-subjek1


40  

 

Figure 3-1 The structure of health institutions in Indonesia 

 

In 2011, there were 9321 CHCs, spread over 6773 sub-districts all over Indonesia. (BPS-

Statistics Indonesia, 2016). As stated, variation in functions and organization structure 

of CHCs is allowed as long as they meet the requirements of the Ministry of Health. The 

government stipulates that each CHC should employ at least eight different kinds of 

staff: one or more physicians, dentists, midwives, nurses, pharmacists, public health 

workers, nutritionists, and environmental health workers (2004 and 2015 MoH Decree 

No. 128 on Puskesmas (CHCs)). 

CHCs can also vary in the number of horizontal units. They can have inpatient 

care facilities (CHCs with beds), a 24-hour facility for obstetrics neonatal care (also 

called Poned), and/or an ambulatory service. The MoH determines the requirements 

that need to be met for additional functions to be granted. For example, a CHC may have 

inpatient care if the sub-district where the CHC functions is far from the referral service 

(i.e. a hospital). 

Theoretical background 

We apply the CDP framework as introduced by Marathe et al. (2007) to develop 

hypotheses about the determinants of CHC efficiency. The CDP framework was built to 

explain the efficiency of health care centers and proposes three antecedents of 

organizational efficiency: contextual factors, organization design, and the fit between 

context and design. The core idea is that organizational performance is determined by 

an organization’s ability to adapt its organizational structure to contextual factors 

(Marathe, et al., 2007). The framework thus closely relates to the assumptions of 

contingency theory in organizational sociology because of its focus on the relationship 

between organizational performance, internal (organizational design) and external 

(contextual) contingencies (Donaldson. 2006; Marathe, et al., 2007). 

To date, the CDP framework has applied infrequently. This might be due to the 

lack of explanatory empirical studies on organizational efficiency in general (Pelone, et 

al., 2015) and the lack of theoretical elaboration of the relation between organization 

design, contextual factors and organizational efficiency in the CDP framework in 

particular (Marathe, et al., 2007). We address these gaps by providing a precise 

conceptualization of organization design (in terms of horizontal, vertical, and spatial 

differentiation) and by theoretically elaborating the relation between organization 
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design, context factors, and efficiency. We start by elaborating on the relation between 

context and CHC efficiency. 

Contextual factors and Community Health Centers efficiency 

Contextual conditions can explain variations in organization performance and 

efficiency, since they can affect organization’s outputs both directly or indirectly 

(Marathe, et al., 2007; Ortiz, et al., 2010). One main reason for introducing CHCs into 

the Indonesian health sector was to provide primary health care for the poor and 

uninsured, a category of citizens who usually live in remote areas, where physical 

access to health care is severely hampered by the absence of a transportation 

infrastructure (Marathe, et al., 2007; Ortiz, et al., 2010; Cordero Ferrera, et al., 2014). 

This strong interrelation between poverty and remoteness of a CHC service coverage 

area poses a double challenge to Indonesian policy makers and CHC practitioners 

(Fritzell, et al., 2013). 

First, high poverty levels, i.e. the percentage of poor people in a service 

coverage area, often reflect more severe health problems in that area (Ortiz, et al., 

2010). Poverty is associated with lower education levels and less healthy food 

consumption patterns, which relate to high morbidity rates and complex health 

challenges (Wagstaff, 2002). CHCs located in poorer areas, therefore, may face higher 

and more complex health problems. Despite the fact that the poor have health 

insurance, which would stimulate them to go to the CHC if they have health problems 

and provides CHCs with the funds to treat this target group, the insurance facility does 

not alter the fact that the poor face more (complex) health challenges to begin with. 

Hence, compared to their counterparts in wealthier areas, CHCs in areas with a high 

proportion of poor people are likely to face more severe health problems. Lower 

efficiency levels may be the result because reaching the same outcome requires higher 

investments. 

Second, the impact of poverty in a CHC’s coverage area is likely to be 

exacerbated if it is situated in a remote area. Not only do the latter host a higher 

percentage of poor citizens than non-remote areas, CHCs in these regions are less 

accessible due to the lack of infrastructure. This might further inhibit patients to come 

to the CHCs in the first place, or it may take them longer to get there. Better access to 

health care may mean that more patients will come to the CHCs in time (Utomo, et al., 

2011), which will increase a CHC’s output and thus its efficiency (assuming that the 

input is similar to other CHCs). We thus hypothesize that: 

H1 (Context – poverty and remoteness): (a) The higher the poverty rate in a 

service coverage area, the lower the CHC efficiency, and (b) the negative effect of 

poverty on CHC efficiency is stronger in remote areas than in non-remote areas. 

Organization design: horizontal and spatial differentiation and Community 

Health Centers efficiency 

Organization design also influences CHC efficiency since it impacts on how 

organizations transform input into desired output (Marathe, et al., 2007). Organization 
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design refers to structural aspects in organizations, such as the degree of formalization,4 

centralization,5 and complexity6 (Mintzberg, 1980; Heffron, 1989). We focus specifically 

on the degree of complexity in CHCs as the main organization design factor, since CHCs 

in Indonesia are quite similar in their degree of formalization and centralization: they 

have flat hierarchies and minimal formalization, and because they consist of health staff 

professionals and can thus be considered professional organizations (Mintzberg, 1980). 

Organization complexity is usually subdivided into three dimensions 

(Mintzberg, 1980; Heffron, 1989; Ethiraj & Levinthal, 2004; Glenn & Malott, 2004; 

Andrews, et al., 2016). First, the degree of vertical differentiation or the number of 

hierarchical layers; Second, the degree of horizontal differentiation or the number of 

units in the same hierarchical layer; Third, the degree of spatial differentiation or the 

number of geographically separate units. For the purpose of our study, we focus on 

horizontal and spatial differentiation, given that CHCs are flat organizations and thus 

lack vertical differentiation. 

The relationship between horizontal and spatial differentiation in an 

organization and its efficiency is ambivalent (Hall & Tolbert, 2005). It may affect 

efficiency positively (Glisson & Martin, 1980) negatively (Carillo & Kopelman, 1991), or 

not at all (Dalton, et al., 1980). 

We expect the relationships between horizontal and spatial differentiation and 

efficiency to have an inverted U shape. To start with horizontal differentiation, a high 

degree of horizontal differentiation can help an organization to perform more 

efficiently: by dividing tasks among various kinds of staff in different units or 

departments, specialized staff can focus on the tasks they are most qualified for so that 

more efficient task completion can be achieved. This implies a positive, linear effect 

between the degree of horizontal differentiation and efficiency (Glisson & Martin, 1980; 

Carillo & Kopelman, 1991). 

However, a high degree of horizontal differentiation also creates coordination 

costs among units for making decisions and taking action. There thus might be a critical 

point at which the benefit of a high degree of horizontal differentiation no longer 

outweighs the transaction cost it creates. Furthermore, there is evidence that managers 

tend to ask for more horizontal differentiation than may be needed, since having more 

units and people under managerial control increases their power and status (Wittek & 

Witteloostuijn, 2013). In such circumstances, the coordination effort and time required 

to achieve organizational action will cost more than the benefits of horizontal 

differentiation and be detrimental to organizational efficiency (Armandi & Mills and Jr., 

1982; Glenn & Malott, 2004; Andrews, et al., 2016). This suggests a critical point at 

which the degree of horizontal differentiation no longer contributes to but hampers 

efficiency. We thus expect that efficiency first increase with horizontal differentiation, 

but decreases with further differentiation after it has exceeded a threshold value. 

                                                        
4 This is the degree to which rules and procedures are present in written form. 
5 This is the degree to which authority is in the hand of one or more managers/owners. 
6 This is the degree and nature of the division of labor and specialization. 
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A similar reasoning applies to the relationship between spatial differentiation 

and CHC efficiency: a high degree of spatial differentiation may contribute to 

organizational efficiency, especially in organizations with substantial autonomy, 

because autonomy may facilitate localized adaptation and tailor-made service 

provision (Ethiraj & Levinthal, 2004; Andrews, et al., 2016). However, spatial 

differentiation also creates transaction costs and managers may try to expand the 

number of spatial units for the same reasons we argued for with regard to horizontal 

differentiation. Hence, the degree of spatial differentiation might be higher than needed, 

which results in such high transaction costs for coordination that this starts to hinder 

efficiency. Consequently, our hypothesis on organization design reads: 

H2 (Organization design: horizontal and spatial differentiation): The effect of (a) 

horizontal differentiation and (b) spatial differentiation on CHC efficiency is curvilinear 

and has an inverted U shape. 

The context-design fit and Community Health Centre efficiency 

Also in Indonesia, one goal of public administration reform is to provide more 

responsive public services by granting more autonomy to public organizations (Nieto 

Morales, Wittek, & Heyse 2013). More responsive services can be achieved when 

organization design fits well with contextual circumstances and is expected to result in 

better organizational performance and efficiency (Silince, 2005; Donaldson, 2006). 

Since Indonesian CHCs are quite autonomous in deciding their operational strategy, 

how to organize themselves and their budget allocations, we expect that these centers 

will adjust the degree of horizontal and spatial differentiation to the characteristics of 

their service coverage area, to achieve a fit that will lead to effective and efficient health 

care provision (Silince, 2005; Donaldson & Joffe, 2014)  

We assume that horizontal and spatial differentiations are related to two 

aspects of a CHC’s context. Remoteness is a context condition representing the degree 

of difficulty to access a CHC, which in turn may affect their efficiency (Utomo, et al., 

2011). CHCs operating in remote areas are therefore likely to increase their spatial 

differentiation in order to be able to reach out to communities in dispersed areas. This, 

in turn, will improve CHC efficiency. Hence, our remoteness-spatial differentiation 

hypothesis reads: 

H3a (Remoteness-spatial differentiation fit): CHCs with high spatial 

differentiation operating in remote areas will be more efficient than CHCs with low 

spatial differentiation operating in remote areas. This will flatten the inverted U shape 

predicted for the relationship between spatial differentiation and CHC efficiency. 

Poverty is a context condition representing a low health status of the 

community (Ortiz, et al., 2010) therefore requiring more complex tasks for CHCs. 

However, as mentioned previously, the Indonesian government allows CHC managers 

to propose additional units or resources, such as inpatient facilities. Furthermore, they 

can increase the diversity of health staff, since different expertise may be needed to 

handle different diseases. Therefore, a higher poverty level of a service coverage area 
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is likely to trigger the CHC to have horizontal units more for higher efficiency. Hence, 

our poverty-horizontal differentiation hypothesis reads: 

H3b (Poverty-horizontal differentiation fit): CHCs with high horizontal 

differentiation operating in poor areas will be more efficient than CHCs with low 

horizontal differentiation operating in poor areas. This will flatten the inverted U shape 

predicted for the relation between horizontal differentiation and CHC efficiency. 

Methods 

Data and sample 

Data on CHC health performance in Indonesia are hard to find because of the wide 

geographical dispersion of CHCs and the under-developed infrastructure of information 

management systems in the Indonesian health sector. This study is therefore based on 

a relatively small sample of 598 CHCs in 2011 (i.e. 6.4% of the total population of CHCs). 

We combined two data sources to create this sample. The year 2011 was chosen 

because it was the most recent year for which most information in these two data 

sources was available. 

First, we retrieved CHC data for 2011 published on the MoH’s official website.7 

This CHC database includes information on the number and nature of CHC health staff 

and the CHC organizational units, both in terms of horizontal and spatial differentiation. 

Second, we combined this information with data retrieved from 37 districts’ 

health profile reports published by the Department of Health of each district in 2011. 

Some reports were downloaded from the official MoH website, others from district 

websites. These reports present information per CHC. 

Data collection was arranged and coordinated by the MoH through the 

Department of Health in each district. The MoH determined the data collection 

instruments, indicators, and structure of the report in order to ensure the level of 

uniformity necessary for aggregating information to the provincial and national level. 

The report has three parts. The first describes the context of the region in terms 

of population size and number of infants, for example. The second provides information 

about the health care services and community health conditions, such as the number of 

visitors and the number of vaccinated infants. The third provides information about the 

health institutions, for example, the number of health staff in CHCs and the number of 

hospitals. 

Since 2005, districts are expected to provide a health profile report annually. 

However, not all districts comply, and only a small fraction publishes the report on their 

websites, which limited the number of available reports. The reasons why some CHCs 

                                                        
7 For example, the health profile of Kabupaten Tangerang can be downloaded from this link 

http://www.pusdatin.kemkes.go.id/resources/download/profil/PROFIL_KAB_KOTA_2011/P.Banten_Kab.T

ANGGERANG_11.pdf accessed on April 27th 2017 

http://www.pusdatin.kemkes.go.id/resources/download/profil/PROFIL_KAB_KOTA_2011/P.Banten_Kab.TANGGERANG_11.pdf
http://www.pusdatin.kemkes.go.id/resources/download/profil/PROFIL_KAB_KOTA_2011/P.Banten_Kab.TANGGERANG_11.pdf
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do not publish a health report are not known, but it might have to do with a lack of 

capacity to create such a report. 

Our analysis focuses on 2011, the most recent year for which most health 

profile reports were published (47 with information about 735 CHCs) of which 37 

districts (with information about 598 CHCs) provided the complete data required for 

the present study. To explore the representativeness of our data, we compared the 

infant mortality rates of the regions covered in the reports to the national average. The 

country average of infant mortality rates according to the data of health profiles from 

33 provinces8 was approximately 20.69 per 1000 live births in 2011. This suggests that 

the selection bias in our sample seems to be relatively small. 

Calculating the dependent variable with Data Envelopment Analysis 

As in previous CDP studies,[ (Marathe, et al., 2007)] we analyzed CHC efficiency in two 

stages. First, we estimated CHC efficiency using data envelopment analysis (DEA). 

Second, we tested our hypotheses with Tobit regression analysis, linking the estimated 

efficiency levels of CHCs to the predictors in these hypotheses. We now first discuss 

how the dependent variable was constructed. 

DEA is an analytical tool to benchmark an organization’s performance to the 

maximum attainable performance of similar organizations (Farell, 1957; Charnes, et al., 

1978; Coelli, et al., 2005) and for later contribution (see Pelone, 2015) for a review of 

efficiency analysis applications in primary health care). This maximum attainable 

performance is estimated by applying linear programming methods to a sample of 

organizations that use similar inputs to produce similar outputs. One of the advantages 

of DEA is that it can deal with multiple inputs and multiple outputs. By virtue of the 

method, organizations (often labeled DMUs, ‘decision-making units’) are benchmarked 

only against the maximum performance of organizations that use the inputs and 

produce the outputs in roughly the same proportions (Coelli, et al., 2005). Another 

major advantage is that DEA can be used without information about the prices of inputs 

and outputs. Reliable information, particularly on the prices of outputs, is often lacking 

in the context of public organizations like the CHCs we study. Given that we consider 

only the efficiency with which given inputs are processed into outputs and do not 

analyze whether the cheapest inputs are used and the most profitable outputs are 

produced, our efficiency concept is what DEA scholars call ‘technical efficiency’ (as 

opposed to ‘cost efficiency’). 

Figure 3-2 illustrates how efficiency scores are determined. The example 

presents a context in which a single input (I) produces two outputs (O1 and O2). Six 

DMUs are depicted in the space that shows how much of O1 and O2 is produced with 

one unit of I. The DMUs labeled A, B, C and D defines the ‘envelope’ or ‘frontier’, the 

combinations of O1 and O2 that appear to represent maximum performance. The 

performances of all six DMUs suggest that it is not possible to produce anything more 

                                                        
8Downloadable from the official website of the Ministry of Health, the Republic of Indonesia, 

http://www.depkes.go.id/?act=page&pg=profil_kesehatan_provinsi 



46  

of O1 than A, B, C and D without sacrificing some units of O2. Hence, these four DMUs 

on the frontier have an efficiency score of 1. DMUs can focus on generating one of the 

two outputs: A produces a lot of O2 and only a bit of O1, whereas the opposite holds for 

D. DMUs E and F are inefficient. Given the performance of the DMUs on the frontier, they 

could produce more of both outputs than they actually do. 

 

Figure 3-2 Illustration of the estimation of efficiency levels in DEA 

Thus, the efficiency scores of E and F are below 1. The efficiency is determined by 

dividing the actual output levels to what could have been produced according to the 

point on the frontier that would be attained if the levels of O1 and O2 were increased 

proportionally. This implies that E is benchmarked on the performance of A and B, while 

the efficiency score of F is determined by the performance of C and D (F’s ‘peers’), the 

efficient DMUs that produce O1 and O2 in roughly the same proportions as F. Efficient 

DMUs with a very different output profile do not enter the efficiency determination 

(Coelli, et al., 2005). 

Figure 3-2 gives an example of an ‘output-oriented’ DEA, which obtains 

efficiency scores by computing by how much outputs could be expanded at given input 

levels. The alternative is ‘input-oriented’ DEA, which computes the maximum reduction 

in inputs for given output levels. We opt for the output-oriented alternative since we 

feel that CHC managements try to provide as many services as possible with given 

resources, rather than try to minimize resources with given services provision levels. 

The choice of input and output-orientation would have been irrelevant for the 

efficiency scores if we had assumed a constant returns-to-scale (CRS) technology for 

the CHC production processes. However, we do not believe that doubling all inputs 

always leads to doubling the output levels, which would have been the implication of 

assuming CRS. In our view, it is more appropriate to assume that small CHCs could 

increase their output more than proportionally to input growth, for example, because 

opportunities for specialization emerge. The output of large CHCs might not be able to 

grow at a pace equal to their inputs, for example, because the buildings would become 

too small to host all staff. Taking issues like these into account calls for a variable 

returns-to-scale approach. This implies that CHCs are benchmarked against other CHCs 
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that not only produce their outputs in similar proportions and have a similar input mix, 

but also have similar input levels. All analyses have been done using the tool DEAP 

(version 2.1).9 

Input and output selection. We restricted the input of the CHCs to human 

resources. We distinguished two groups, as is often done in previous studies (Akalizi, 

et al., 2008). The first group is clinical staff, who directly provides care to patients. This 

group may consist of staff with a higher educational background (e.g. physicians, 

dentists, and specialists) and a middle education background (e.g. midwives and 

nurses). The second group is the non-clinical staff, who do not provide direct care to 

patients. This group may contain non-paramedics (nutritionists, public health and 

environmental health workers, and pharmacists) and laboratory staff. 

We defined the output of CHCs based on their main goals: providing primary 

health care and reducing infant mortality rates. Since infant mortality rates are reduced 

by vaccination (Dube, et al., 2013) and spacing delivery (Mustafa, 2008; Dube, et al., 

2013) and if deliveries are attended by health staff (Titaley, et al., 2008), we included 

these factors as CHC outputs: (1) number of vaccinated infants (Akalizi, et al., 2008), (2) 

number of active contraception users (females of childbearing age), and (3) number of 

deliveries attended by health staff (Akalizi, et al., 2008). See Table 3-1. 

To reflect the task of CHCs to provide primary care, we included (4) number of 

visitors (Akalizi, et al., 2008). Furthermore, we included (5) number of health 

promotion activities, since these can help reduce infant mortality rates by means of 

promoting breastfeeding (de Souza, et al., 1999; Dube, et al., 2013; Mustafa, 2008) and 

washing hands before feeding infants (Dube, et al., 2013). 

 

Table 3-1 Input and output variables 

Variables Definition 

Inputs  
Doctors The number of physicians, dentists, and specialists 
Midwives The number of midwives 
Nurses The number of nurses 
Non-Paramedic The number of public health staff, nutritionists, 

environmental health staff, pharmacists 
Laboratory Staff The number of laboratory staff 
 
Outputs 

 

Vaccinated infants The number of infants who are vaccinated  
Active users of contraceptive methods The number of couples who use contraceptive 

methods 
Deliveries attended by health staff The number of deliveries attended by health staff 
Health Promotion The number of health promotion activities in a year 
Visitors The number of visitors 

 

                                                        
9 See http://www.uq.edu.au/economics/cepa/software.php, accessed in March, 2014, with user guide 

http://www.owlnet.rice.edu/~econ380/DEAP.PDF. 

http://www.uq.edu.au/economics/cepa/software.php
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We estimated the CHCs’ technical efficiency scores by analyzing the input and output 

variables of 598 CHCs in two steps. First, we did a robustness test by running DEA for 

different combinations of inputs and outputs to see whether the outcomes varied 

considerably. This was not the case and hence we proceeded with the input and outputs 

as summarized in Table 3-1. To test for the presence of outliers we redid the DEA 

analysis involving only the non-efficient CHCs. When efficient CHCs from the DEA were 

excluded, the technical efficiency of CHCs generally increased only slightly with no 

changes in ranking. Hence, we did not identify strong outliers and our final sample 

consisted of 598 CHCs. 

Independent variables and measurements 

Organizational design is subdivided into the degree of horizontal and spatial 

differentiation. Horizontal differentiation is operationalized by two indicators: 

1) The number of different types of health staff working in a CHC, also called the staff 

mix. For example, a CHC with physicians, midwives, and nurses has a health staff mix 

of three, and a CHC with only physicians and midwives has a health staff mix of two. 

Ten possible types of health staff can work in CHCs. 

2) The quantity of horizontal units in a CHC ranges from 0 to 3. This is the sum of the 

presence of Poned (24-hour care), beds or inpatient care, and ambulatory service. 

Spatial differentiation is operationalized as the presence of CHC staff or offices 

in separate locations. In the Indonesian case, this refers to the number of Pustu, 

Poskesdes, and Polindes. Contextual factors in each CHC service coverage area are 

operationalized as follows: 

1) Poverty rate is reflected in the percentage of poor people 10 (Badan Pusat Statistik, 

2016) in a CHC’s coverage area (Marathe, et al., 2007). In our data, poverty rates 

may reach 100% since this figure also includes nearly poor people. 

2) The level of remoteness is categorized in two levels to information on the MoH 

website.11 For the purposes of our study, we distinguish between remote (1), and 

non-remote (0) areas. 

Control Variable. Following suggestions from previous research to avoid 

statistical bias, we control for population size in a CHC’s service coverage area (Cordero 

Ferrera, et al., 2014). Though the MoH’s decision to create a CHC in a region is based on 

the population in a service coverage area reaching a certain threshold, CHCs still show 

                                                        
10 The data on poor people in the health profile is based on the Social Economic and Demographic Survey 

2010. Poverty was measured by Central Bureau of Statistics (CBS) Indonesia using an indicator based on 

basic needs. 
11 The remoteness level is defined by the regulation of the Ministry of Health.[ (Ministry of Health Indonesia, 

2007) A remote area is characterized by three main indicators: (1) its geographical position (difficult to 

access, disaster prone, in mountainous, inland, and swamp areas); (2) public transport is available maximally 

twice a week, required travelling time (return) of at least 6 hours; (3) socio-economic conditions: lack of 

staple goods, insecure or conflict area. Added to the characteristics of remote areas, a very remote area also 

has the following features: (1) Geographical position: tiny island, in outer or border area of the country; (2) no 

or no routine public transport within the area, the area can only be accessed by plane from other places, the 

transportation facility may be cancelled because of problematic weather conditions. 
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some variation in the size of their service coverage areas. Since the establishment of a 

CHC is also related to guaranteeing accessibility to primary health care, CHC are allowed 

to establish in areas with a population size lower than the government threshold for 

establishing a CHC, such as is often the case in remote areas. 

Tobit censored regression analysis 

In the second stage of the analysis, hypotheses were tested with Tobit censored 

regression, a method regularly used to analyze variation in technical efficiency 

(Cordero Ferrera, et al., 2014; Jehu-Appiah, et al., 2014; Varabyova & Müller, 2016). 

Tobit regression removes bias that would result from applying a standard linear 

regression framework to analyze truncated dependent variables (such as DEA 

efficiency scores that range from 0 to 1) (Tobin, 1958; Simar & Wilson, 2007). 

Results 

Organizational efficiency analysis 

Table 3-2 presents descriptive statistics for the input and output variables. Some input 

indicators have zero as the minimum (i.e. doctors, nurses, non-paramedics, and 

laboratory staff). This indicates that some CHCs do not meet the minimum health staff 

standard as determined by the MoH. Some output indicators have zero as the minimum 

(i.e. promotion, active contraceptive users, and attended deliveries). This indicates that 

some CHCs did not generate some core outputs. The data also show quite some 

variation in the various output levels. 

 

Table 3-2 Descriptive statistics for input and output variables 

Variables  Minimum Maximum Mean SD 

Inputs 
 Doctor 

 
 

0 
 

13 
 

2.14 
 

1.35 
 Midwives  1 66 13.78 9.62 
 Nurses  0 45 10.51 6.41 
Non-paramedic  0 21 4.57 3.05 
Laboratory staff  0 5 0.76 0.85 
 
Outputs 
Infant vaccinated 

 
 

33 
 

2545 
 

538.69 
 

380.03 

Promotion  0 5145 230.38 433.51 
Active contraceptive users  0 25982 4678.29 4133.43 
Attended deliveries  0 2630 529.69 372.68 
Visitors  36 179636 22325.25 19895.96 
      

 

We estimated CHC efficiency by analyzing the input and outputs indicators as described 

in Table 3-2. Table 3-3 presents the resulting technical efficiency (TE) scores of CHCs. 
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Table 3-3 Technical efficiency scores 

Efficiency score interval Frequency % 
1 84 14.05 

0.91-0.99 26 4.35 
0.81-0.9 37 6.19 
0.71-0.8 46 7.69 
0.61-0.7 41 6.86 
0.51-0.6 61 10.20 
0.41-0.5 67 11.20 
0.31-0.4 61 10.20 
0.21-0.3 83 13.88 
0.11-0.2 72 12.04 
0.01-0.1 20 3.34 

Mean 0.64 598 100 

 

Table 3-3 shows some variation in efficiency scores. 84 (14%) CHCs are efficient (TE 

score of 1), and the remaining 514 (86%) CHCs are inefficient (TE score range between 

0-1). We divided the inefficient scores (0.99–0.01) into ten intervals. The most 

populated interval is between 0.21–0.30, associated to 83 CHCs (14% of the sample). 

234 (41%) of inefficient CHCs had a TE score between 0.99 and 0.60. 364 (59%) CHCs 

had a TE score of less than 0.60. This variation suggests that not all CHCs are equally 

capable of finding the ultimate design and organization for their organizations to 

operate most efficiently. 

Descriptive statistics  

Table 3-4 presents descriptive statistics, distinguishing between remote and non-

remote areas. The sample size with complete information on all variables is N=355 

(from N =598). 

 

Table 3-4 Descriptive statistics 

Variable 
CHC in remote area CHC in non-remote area 

N Min Max Mean SD N Min Max Mean SD 
Independent Var.           
N of Branch 100 0 11 3.13 2.03 320 0 9 2.39 1.51 
N of Polindes 91 0 27 8.74 6.00 300 0 23 6.28 4.31 
N of Poskesdes 85 0 8 0.62 1.18 305 0 9 0.60 1.23 
N of Staff-mix 100 2 9 6.51 1.67 320 4 10 7.50 1.10 
N of Horizontal Unit 87 0 3 1.44 0.91 313 0 3 1.18 0.98 

Poverty rates (%) 95 8.31 100 58.78 22.75 307 9.08 87.78 35.52 14.73 
Dependent Var.           

Efficiency Score 100 0.24 1 0.53 0.22 320 0.30 1 0.79 0.17 
Control Var.           
Population (000) 100 1.41 47.85 12.05 8.91 320 5.69 133.05 38.71 19.07 
Valid N (listwise) 79     276     
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The health staff mix ranges 2–10, with an average of 7. This is noteworthy since the 

government regulation stipulated a minimal health staff mix of eight. The number of 

horizontal units ranges 0–3, with a modus of one. The number of spatial units is 

dominated by the Polindes; six per CHC on average. The minimum degree of spatial 

differentiation is 0, since some CHCs may have no spatial unit. Of all CHCs for which 

information is available 23.8% are remote (N=420). 

The correlation between poverty and remoteness exceeds 0.6, suggesting a 

multicollinearity problem (Pallant, 2013). To address this, we analyzed the data in two 

groups; one group of CHCs in non-remote areas (Table 3-5) and the group in remote 

areas (Table 3-6). 

 

Table 3-5 Correlations between independent variables (CHCs in non-remote areas) 

 Variable 1 2 3 4 5 6 7 
1 N Branch 1       
2 N Polindes 0.179** 1      
3 N Poskesdes 0.142* 0.165** 1     
4 N Staff-mix -0.062 -0.138* 0.005 1    
5 N Horizontal Unit 0.004 0.084 0.059 0.156** 1   
6 Poverty rates 0.220** 0.215** 0.050 -0.221** -0.025 1  
7 Population (000) 0.132* 0.093 0.317** -0.133* 0.051 -.0024 1 

**. Correlation is significant at the 0.01 level (2-tailed). 
*. Correlation is significant at the 0.05 level (2-tailed). 

 

Table 3-6 Correlations between independent variables (CHCs in remote areas) 

 Variable 1 2 3 4 5 6 7 
1 N Branch 1       
2 N Polindes 0.271** 1      
3 N Poskesdes 0.143 0.382** 1     
4 N Staff-mix 0.206* 0.315** 0.098 1    
5 N Horizontal Unit 0.086 0.367** 0.184 -0.014 1   
6 Poverty rates 0.010 0-.287** -0.206 -0.233* -0.164 1  
7 Population (000) 0.321** 0.322** 0.468** 0.373** 0.206 -0.229* 1 
**. Correlation is significant at the 0.01 level (2-tailed). 
*. Correlation is significant at the 0.05 level (2-tailed). 
 

 

Tobit regression results 

Table 3-7 presents the results of the Tobit regressions. It contains three Models, each 

containing separate analyses for the sets of remote and non-remote areas. Model A 

assesses the curvilinear effect of horizontal differentiation (number of horizontal units 

and staff mix) and organizational context (poverty). Model B adds the curvilinear 

interaction effect of horizontal differentiation and context (poverty) on efficiency. 

Model C also adds the curvilinear interaction effect of spatial differentiation. 
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Table 3-7 Results of Tobit censored regression analysis 

Variable 
Model A Model B  Model C 

Remote 
 (N =79) 

Non-remote 
(N=276) 

Remote 
(N =79) 

Non-remote 
(N=276) 

Remote 
(N =79) 

Non-remote 
(N=276) 

 Coef. SE Coef. SE Coef. SE Coef. SE Coef. SE Coef. SE 

Context             

Poverty 0.002*** 0.001 -0.002** 0.001 0.011 0.009 0.026 0.017 0.010 0.010 0.021 0.017 

Horizontal Differentiation             

Units 0.063 0.053 0.044* 0.026 0.015 0.145 0.293*** 0.077 0.022 0.152 0.281*** 0.076 

Units² -0.020 0.017 -0.023** 0.009 0.004 0.045 -0.125*** 0.027 0.008 0.050 -0.121*** 0.027 

Staff-mix -0.361*** 0.055 -0.233** 0.077 -0.318*** 0.074 -0.230** 0.090 -0.327*** 0.075 -0.225** 0.090 

Staff-mix² 0.022*** 0.005 0.015** 0.005 0.019 0.015 -0.002 0.012 0.021 0.016 0.000 0.013 

Spatial Differentiation             

Branch 0.016 0.026 -0.011 0.016 0.009 0.025 -0.015 0.016 0.037 0.086 -0.015 0.051 

Branch² -0.004 0.004 0.002 0.002 -0.002 0.004 0.003 0.002 -0.011 0.014 0.010 0.009 

Polindes -0.021** 0.009 -0.017** 0.006 -0.020** 0.009 -0.016** 0.006 -0.017 0.024 -0.023 0.021 

Polindes² 0.001** 0.000 0.001* 0.000 0.001** 0.000 0.001* 0.000 0.001 0.001 0.001 0.001 

Poskesdes -0.051 0.031 0.024 0.016 -0.047 0.030 0.029* 0.015 -0.088 0.094 0.063 0.050 

Poskesdes² 0.005 0.004 -0.005* 0.003 0.004 0.004 -0.006** 0.003 0.003 0.023 -0.014 0.012 

Controls             

Population (000) 0.017*** 0.002 0.006*** 0.001 0.016*** 0.002 0.006*** 0.001 0.016*** 0.002 0.006*** 0.001 

Interaction Effects             

Units * Poverty     0.000 0.002 -0.007*** 0.002 0.000 0.003 -0.007*** 0.002 

Units² * Poverty     0.000 0.001 0.003*** 0.001 0.000 0.001 0.003*** 0.001 

Staff-mix * Poverty     -0.002 0.003 -0.007 0.005 -0.001 0.003 -0.005 0.005 

Staff-mix² * Poverty     0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Branch * Poverty         -0.001 0.001 0.000 0.001 
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Variable 
Model A Model B  Model C 

Remote 
 (N =79) 

Non-remote 
(N=276) 

Remote 
(N =79) 

Non-remote 
(N=276) 

Remote 
(N =79) 

Non-remote 
(N=276) 

 Coef. SE Coef. SE Coef. SE Coef. SE Coef. SE Coef. SE 

Branch² * Poverty         0.000 0.000 0.000 0.000 

Polindes *Poverty         0.000 0.000 0.000 0.001 

Polindes² *Poverty         0.000 0.000 0.000 0.000 

Poskesdes * Poverty         0.000 0.002 -0.001 0.001 

Poskesdes² * Poverty         0.000 0.001 0.000 0.000 

Constant 1.684*** 0.175 1.631*** 0.286 1.119* 0.562 0.478 0.562 1.188* 0.597 0.678 0.651 

R² 0.76  0.40  0.78  0.42  0.79  0.43  

Adusted-R² 0.72  0.37  0.72  0.39  0.70  0.38  

*Correlation is significant at the 0.1 level 
**Correlation is significant at the 0.05 level 
***Correlation is significant at the 0.01 level   
****We obtained the value of R² by running the linear regression analysis (Stata SE 14.1) 
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Hypothesis 1a predicted a negative association between poverty and efficiency, and 

H1b argued that this effect is stronger for remote than for non-remote areas. Model A 

shows a significant positive effect of poverty for remote areas, and a significant negative 

effect for non-remote areas. But both effects disappear once interaction effects are 

added in Models B and C, suggesting that the direct effect of poverty is spurious. 

Consequently, no evidence is found for H1a and H1b: the proportion of poor people in 

a service coverage area does not affect a CHC’s technical efficiency, and this holds 

likewise for remote and non-remote areas. 

Hypothesis 2a suggested an inverted U shape relationship between horizontal 

differentiation (measured as the number of horizontal units and the degree of staff mix) 

and efficiency. The number of horizontal units has a significant positive impact on 

efficiency, but only in non-remote areas. This effect can be found in all three models. 

Effect sizes are considerably stronger in Models B and C. There is a negative curvilinear 

effect of the number of horizontal units, again only for CHCs in non-remote areas. This 

effect, too, can be found in all three models, and effect size is considerably lower in 

Model A. According to our curvilinearity diagnostics (see Appendix 10.2), the observed 

parameters meet the requirements for a significant inverted U shape relationship 

between the number of horizontal units and efficiency. This effect holds for non-remote 

areas only. With a turning point at 1.2, efficiency is highest in CHCs with one or two 

horizontal units and lower for CHCs without a horizontal unit or with more than two 

horizontal units. 

The degree of staff mix has a significant, negative effect on efficiency in all three 

Models. The more professional roles represented in a CHC, the lower its efficiency 

becomes. This effect holds for remote and non-remote areas alike. In all three Models, 

effect sizes are stronger for remote than for non-remote areas. The curvilinear effect 

for staff mix is significant and positive only in Model A; it disappears once interaction 

effects are introduced. This suggests that effects of staff mix are linear. 

Whereas our findings are in line with H2a, the evidence for staff mix is not: 

whereas technical efficiency in non-remote areas is highest for CHCs with an 

intermediate number (N=1) of horizontal units than for CHCs with very low or very high 

number of horizontal units, technical efficiency for CHCs in remote and non-remote 

areas alike improves linearly with lower degrees of staff mix. 

Hypothesis 2b predicted an inverted U shape relationship between spatial 

differentiation (measured as the number of branches, Polindes, and Poskesdes) and 

efficiency. The indicators measuring spatial differentiation have significant effects in 

Models A and B, but these effects disappear in Model C, which contains all interaction 

effects. This means that spatial differentiation does not affect efficiency, in both remote 

and in non-remote areas. Hence, no evidence could be found for H2b: there is no 

systematic relationship between a CHCs spatial differentiation and its technical 

efficiency. 

Hypothesis 3a argued that CHCs with high spatial differentiation operating in 

remote areas will be more efficient than CHCs with low spatial differentiation operating 



55 

in remote areas. With none of the indicators measuring spatial differentiation, or its 

interaction effects having a significant effect on efficiency in Model C, H3a has to be 

refuted. 

According to Hypothesis 3b, horizontal differentiation (number of units, staff 

mix) pays off predominantly for CHCs operating in poor areas, resulting in poverty 

flattening the inverted U shape relation between horizontal differentiation and 

efficiency. The findings are in line with this prediction for the number of horizontal 

units, but not for the degree of staff mix, for which no significant interaction effects were 

found. In non-remote areas, there is a significant but weak negative interaction effect 

between the number of horizontal units and poverty on efficiency. As the curvilinearity, 

statistics show (Appendix 10.2), poverty indeed flattens the inverted U shaped 

relationship between the number of horizontal units and technical efficiency, in line 

with H3b. 

The control variable population shows significant and positive effects in all 

Models, suggesting that the CHCs in larger coverage areas tend to be more efficient than 

CHCs situated in smaller service coverage areas. However, though highly significant, 

effect sizes are very low. 

Discussion and conclusion 

Systematic statistical analyses of CHC efficiency are rare, also for the Indonesian 

context. Using performance information from a sample of almost 600 Indonesian CHCs, 

the present study revealed large variations in efficiency, and a clear pattern of 

conditions causing this variation. 

Both organizational design and context matter for efficiency. With regard to 

design, horizontal differentiation, but not spatial differentiation, has an impact: none of 

the indicators for spatial differentiation – the quantity of branches, Polindes, Puskesdes 

– shows a systematic association with efficiency. As background interviews with four 

CHC directors reveal, this may be because CHC management will react to declining 

numbers of patients either by closing down some of their Pustu and Poskesdes or by 

relying on alternative means to reach out to remote areas, like using ambulances as 

mobile CHCs. 

In contrast, both horizontal differentiation measures affect efficiency. CHCs 

with a low degree of staff mix (number of roles present in its staff) outperform those 

with a higher staff mix. This linear negative association holds for CHCs in both remote 

and non-remote areas, and the effect size is the second strongest in the study. The effect 

of staff mix holds irrespective of the three context conditions investigated here: 

remoteness, poverty, and the size of service coverage area. 

Remoteness matters for the impact of the second organizational design 

condition, the number of horizontal units. Efficiency rates are highest for CHCs with an 

intermediate number (range 1–2) of horizontal units, but this effect holds only for CHCs 

in non-remote areas. The regression coefficient represents the strongest effect size in 
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our study. Furthermore, the impact of the number of horizontal units becomes weaker 

to the degree that the proportion of poor people increases in a CHC’s service coverage 

area in non-remote areas. This implies that poverty may cancel out the eventual 

efficiency benefits a CHC may realize through keeping an intermediate number of 

horizontal units. 

In sum, although the context conditions poverty and remoteness affect CHC 

efficiency, this effect is not direct. This conclusion is particularly relevant from a policy 

perspective. Being the first study to disentangle the joint impact of two closely related 

context conditions, a CHC’s remoteness and the proportion of poor inhabitants in its 

service coverage area, our findings show that the socio-economic status of the 

population in its area does not directly influence CHC efficiency. Furthermore, in non-

remote areas, the indirect effect of poverty – in the sense of tempering the efficiency 

gains from an intermediate number of horizontal units – is weak. CHCs with larger 

service coverage areas do slightly better, but this effect is weak. A third context 

condition has a direct effect: CHCs with larger service coverage areas do slightly better, 

but this effect is weak, too. 

Some limitations to this study have to be taken into account when interpreting 

its results. First, one of the reasons why some relationships do not show up as strongly 

as expected based on the theory relates to the fact that efficiency levels are not 

observed, but estimated in the first stage. Consequently, the efficiency levels that we 

use as observations of the dependent variable contain some measurement error. 

Second, this study is based on cross-sectional data. We, therefore, could not analyze the 

relationship between CHC efficiency and its determinants over time, for example, 

because of changes in organizational design. Third, by splitting the sample into non-

remote and remote areas, and given that the sample of remote CHCs is substantially 

smaller than the sample of non-remote CHCs, this might partly explain the lack of 

statistical significance in the analysis. Finally, we measured CHC input in terms of the 

number of staff available, not in terms of the actual hours they work. For example, a 

good nurse in a well-organized CHC in a poor and therefore unhealthier environment 

would have to be helping people almost continuously (because demand is higher), 

whereas her similar colleague working in a similar CHC located in a rich area might have 

less work to do because of a lower demand for care. These fluctuations in working hours 

could also explain differences in CHC efficiency but are not included in the analysis. 

Nevertheless, the findings of this study suggest that the CDP framework is a 

useful theoretical point of departure for modeling variations in CHC efficiency. Future 

studies may also benefit from a comparative assessment of high-quality data on the 

quality of care provided by CHCs – a key dimension that the current study could not 

address. 
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