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Using routinely collected health data to assess health facilities’ ability to provide child health services in sub-Saharan Africa: a case study from Ghana’s Eastern region

Assembling the analysis dataset: Selecting health facilities for analysis
An algorithmic approach was employed to select health facilities (HFs) for analysis where their location was known and the District Health Information Management System (DHIMS2) provided evidence that they were operational and delivering relevant services throughout 2020. First, HF latitude/longitude coordinates provided by Ghana Health Service (GHS) (in two tranches) were reviewed to eliminate invalid records. Locations were then geocoded to improve their positional accuracy as necessary. Adjustments were confirmed by ensuring that they: (i) placed HFs close to the location recorded on Google Maps, and (ii) (having linked the complete coordinate list to the DHIMS2 extract) placed HFs within the same, or adjacent, sub-district as that listed in DHIMS2. Thereafter, the tranches were merged and de-duplicated.
The DHIMS2 extract was then divided into four discrete intervals of three months’ duration (hereafter, quarters) to be processed by the algorithm in chronological order (January-March, April-June, July-September, and October-December). HFs were marked as excluded from the study from the first quarter at which the selection criteria were not met. As such, HFs were only retained for analysis where one or more service events were recorded in all quarters for each of three indicators contained within the DHIMS2 extract: 
· First dose of the pentavalent vaccine
· All-cause outpatient attendance (all ages combined)
· Outpatient attendance for diarrhoeal disease (all ages combined)
The coordinate lists provided by GHS further characterised most HFs by type (hospital, health centre, clinic, Community-Based Health Planning and Services (CHPS) ‘compound’ and CHPS zone without a compound) and ownership (public sector, faith-based organisation or private sector) as of 2023. As this designation was temporally inconsistent with the DHIMS2 data used for this study, which were collected during 2020, any CHPS zone meeting the selection criteria was assumed to have had an operational compound throughout the study period. 
Overall, of 1,084 HFs with valid latitude/longitude coordinates after geocoding (Figure S1), 450 (41.5%) were retained for analysis. Of these, CHPS zones/compounds were most prevalent (67.8%), followed by health centres (25.1%) and hospitals (5.3%). The vast majority of CHPS zones without a compound were excluded by the selection algorithm. A comparison (by type and ownership) of the 1,084 HFs with valid latitude/longitude coordinates and 450 HFs retained by the algorithm is presented in Table S1. Of the 634 HFs excluded by the algorithm, 455 were public sector/faith-based HFs that had not reported data to DHIMS2 during both the first and second intervals and thus considered to have been non-operational at the start of the study period. A further 109 public sector/faith-based HFs that were considered to have been operational at this time but had not reported data to DHIMS2 during one or more quarters were excluded. Of these, 33 HFs had failed to report data to DHIMS2 during both the third and fourth quarters, suggesting that they may have been decommissioned or had otherwise ceased to operate mid-period. The remaining 76 HFs were more likely to have been operational throughout 2020 but were excluded by the algorithm due to short-term periods of incomplete reporting. Finally, none of the 70 private sector HFs with valid latitude/longitude coordinates were found to have reported provision of the services included in the selection algorithm, and so all were excluded from the study. This could, in some cases, mean that private HFs were not offering these services as opposed to being caused by failure to report data to DHIMS2.

Figure S1: Flow diagram outlining the processes followed to geocode and select health facilities for analysis



Table S1: The number and distribution of valid health facility locations received from Ghana Health Service and retained for analysis, by type and ownership
	Type of health facility
	Number (row %)
	Total
(column %)
	Number (%) excluded a

	
	Public sector
	Faith-based
	Private sector
	Unknown
	
	

	Health facilities with valid locations
	Hospital
	23 (52.3)
	5 (11.4)
	15 (34.1)
	1 (2.3)
	44 (4.1)
	-

	
	Clinic
	10 (18.5)
	4 (7.4)
	33 (61.1)
	7 (13.0)
	54 (5.0)
	-

	
	Health centre
	123 (80.9)
	10 (6.6)
	6 (3.9)
	13 (8.6)
	152 (14.0)
	-

	
	CHPS compound
	549 (96.8)
	1 (0.2)
	0 (0.0)
	17 (3.0)
	567 (52.3)
	

	
	CHPS zone
(without compound)
	246 (99.6)
	1 (0.4)
	0 (0.0)
	0 (0.0)
	247 (22.8)
	-

	
	Maternity clinic
	3 (15.0)
	0 (0.0)
	16 (80.0)
	1 (5.0)
	20 (1.8)
	-

	
	All types
	954 (88.0)
	21 (1.9)
	70 (6.5)
	39 (3.6)
	1,084 (100.0)
	-

	Health facilities retained by the selection algorithm
	Hospital
	19 (79.2)
	4 (16.7)
	0 (0.0)
	1 (4.2)
	24 (5.3)
	20 (45.4)

	
	Clinic
	2 (28.6)
	4 (57.1)
	0 (0.0)
	1 (14.3)
	7 (1.6)
	47 (87.0)

	
	Health centre
	95 (84.1)
	8 (7.1)
	0 (0.0)
	10 (8.8)
	113 (25.1)
	39 (25.7)

	
	CHPS compound
	256 (96.6)
	0 (0.0)
	0 (0.0)
	9 (3.4)
	265 (58.9)
	302 (53.3)

	
	CHPS zone
(without compound)
	41 (100.0)
	0 (0.0)
	0 (0.0)
	0 (0.0)
	41 (9.1)
	206 (83.4)

	
	Maternity clinic
	0 (0.0)
	0 (0.0)
	0 (0.0)
	0 (0.0)
	0 (0.0)
	20 (100.0)

	
	All types
	413 (91.8)
	16 (3.6)
	0 (0.0)
	21 (4.7)
	450 (100.0)
	634 (58.5)

	a The number (%) of excluded health facilities was derived by comparison to the 1,084 valid health facility locations received from Ghana Health Service (see also Figure S1)



Assembling the analysis dataset: Selecting service indicators for the index
The child health services listed in Table S2 are captured by DHIMS2 and were selected for consideration after consulting two objective sources of information: (i) Health Facilities Regulatory Agency checklists defining mandatory/optional services for Ghanaian HFs of different types (1); second, the World Health Organization’s Service Availability and Readiness Assessment (SARA) reference manual (2). Routinely collected health data (RCHD) describing utilisation of these services at the Eastern region HFs retained for analysis were aggregated by month, service and HF, extracted from DHIMS2 and provided by GHS. The study team did not have direct access to the DHIMS2 database.
Guidance issued by Di Franco recommends that, to ensure that the multiple correspondence analysis (MCA) procedure produces robust results, the input dataset contain a minimum equivalent of 20 observations per category (3). This limited the total number of services that could be taken forward for inclusion in the index. Services not expected to be provided by all HFs were anticipated to contribute more discriminative information and prioritised for inclusion in the index. The DHIMS2 data extract was also reviewed to adjust/exclude indicators based on their content and suitability for the index (Table S2). This involved:
(i) Excluding indicators for which the provided variable contained no data
(ii) Excluding indicators not reporting an aggregated number of service events; for example, medicine stocks held, as opposed to dispensed
(iii) Excluding indicators not reporting services provided to children specifically
(iv) Identifying indicators that could justifiably be combined; for example, indicators separately reporting paediatric ward admissions and bed days
The aim of using the index in accessibility modelling focussed upon childhood diarrhoeal disease was also relevant: indicators reporting delivery of the recommended therapeutic interventions of oral rehydration solution and zinc (4) were excluded to avoid circularity in the model (that is, including evidence of the outcome amongst the covariates used to predict its occurrence). Following a further recommendation issued by Di Franco, services found to have been provided by <2% or >98% of the HFs retained for analysis were excluded to prevent their assuming disproportionate weight in the MCA procedure, inducing bias (3). 
These adjustments reduced the 96 indicators considered for the index to nine binary service provision variables, or 18 categories (Table S2). This, with 450 HFs retained for analysis, equated to an equivalent of 25 observations per category, fulfilling the abovementioned recommendation.
Table S2: Indicators selected to be considered for the service provision index and extracted from DHIMS2
	Indicator
	Relevance to the service provision index
	Action

	Paediatric ward admissions
	Expected to be reported by hospitals primarily, but may also be reported by some clinics performing surgical procedures for children
	Indicators combined; Included in index

	Paediatric ward patient days
	
	

	Nursery ward admissions
	Expected to be reported by hospitals primarily, but may also be reported by some clinics performing surgical procedures for children
	Indicators combined; Service provision reported by <2% or >98% of facilities; Excluded

	Nursery ward patient days
	
	

	Non-insured admissions (0-28 Days, Female)
	Expected to be reported by hospitals primarily, but may also be reported by some clinics providing inpatient services to children
	Indicators combined; Included in index

	Non-insured admissions (0-28 Days, Male)
	
	

	Insured admissions (0-28 Days, Female)
	
	

	Insured admissions (0-28 Days, Male)
	
	

	Non-insured admissions (1-11 Months, Female)
	
	

	Non-insured admissions (1-11 Months, Male)
	
	

	Insured admissions (1-11 Months, Female)
	
	

	Insured admissions (1-11 Months, Male)
	
	

	Non-insured admissions (1-4 Years, Female)
	
	

	Non-insured admissions (1-4 Years, Male)
	
	

	Insured admissions (1-4 Years, Female)
	
	

	Insured admissions (1-4 Years, Male)
	
	

	Sick children with diarrhoea given ORS
	Indicators demonstrate availability of life-saving commodities for children at HFs, as listed in SARA
	Potential for circularity if variable in model; Excluded

	Sick children with diarrhoea given Zinc
	
	Potential for circularity if variable in model; Excluded

	Sick children with fast breathing given Amoxycillin
	
	Service provision reported by <2% or >98% of facilities; Excluded

	Number of infants tested by antibodies at 18 months_EID
	Testing for early infant diagnosis of HIV may not be provided by all HFs
	Service provision reported by <2% or >98% of facilities; Excluded

	Number of Infants tested by antibodies at 18 Months + /After 18 Months
	
	Variable contains no data; Excluded

	ANC Registrants (PMTCT)
	Indicator may be a proxy for prevention of mother-to-child transmission of HIV (PMTCT) care, which may not be provided by all HFs
	Variable contains no data; Excluded

	Number of CWC sessions
	Outreach activities related to promotion of child health interventions and behaviours may not be conducted by all HFs
	Variable contains no data; Excluded

	Number of CWC education sessions held
	
	Variable contains no data; Excluded

	Number of CWC advocacy sessions held
	
	Variable contains no data; Excluded

	Number of Childhood Immunization sessions
	
	Variable contains no data; Excluded

	Number of Childhood Immunization education sessions held
	
	Variable contains no data; Excluded

	Number of Childhood Immunization advocacy sessions held
	
	Variable contains no data; Excluded

	Number of Newborn care sessions
	
	Variable contains no data; Excluded

	Number of Newborn care education sessions held
	
	Variable contains no data; Excluded

	Number of Newborn care advocacy sessions held
	
	Variable contains no data; Excluded

	Number of Other child health conditions sessions
	
	Variable contains no data; Excluded

	Number of Other child health conditions education sessions held
	
	Variable contains no data; Excluded

	Number of Other child health conditions advocacy sessions held
	
	Variable contains no data; Excluded

	Number of OPD malaria cases put on Anti-malarials (Under 5 years)
	Indicators demonstrate availability of priority medicines for children at HFs, as listed in SARA. Treatment of malaria is also listed by SARA as an essential preventive and curative child health intervention
	Service provision reported by <2% or >98% of facilities; Excluded

	Number of OPD malaria cases put on ACTs (Under 5 years)
	
	Indicators combined; Service provision reported by <2% or >98% of facilities; Excluded

	Number of confirmed malaria cases (Tested Positive) put on ACTs (Under 5 years)
	
	

	Number of OPD malaria cases tested for malaria parasites using RDT (Under 5 years)
	Rapid diagnostic testing is a common method of malaria testing; microscopy is less common and may not be used at all HFs
	Service provision reported by <2% or >98% of facilities; Excluded

	Number of OPD malaria cases tested for malaria parasites using microscopy (Under 5 years)
	
	Variable contains no data; Excluded

	Supp. Artesunate
	Indicators demonstrate availability of priority medicines and life-saving commodities for children at HFs, as listed in SARA
	Indicator does not report an aggregated number of service events; Excluded

	Supp. Artesunate stock
	
	Variable contains no data; Excluded

	Susp. Amoxycillin 125mg/5ml
	
	Indicator does not report an aggregated number of service events; Excluded

	Susp. Amoxycillin 125mg/5ml stock
	
	Variable reports medical stocks held; Excluded

	Cap. Amoxycillin 250/500mg
	
	Indicator does not report an aggregated number of service events; Excluded

	Cap. Amoxycillin 250/500mg stock
	
	Variable reports medical stocks held; Excluded

	Inj. Benzyl Penicillin 1mu
	
	Indicator does not report an aggregated number of service events; Excluded

	Inj. Benzyl Penicillin 1mu stock
	
	Variable reports medical stocks held; Excluded

	Syr. Paracetamol 120mg/5ml
	
	Indicator does not report an aggregated number of service events; Excluded

	Syr. Paracetamol 120mg/5ml stock
	
	Variable reports medical stocks held; Excluded

	Oral Rehydration Salt (ORS)
	
	Indicator does not report an aggregated number of service events; Excluded

	Oral Rehydration Salt (ORS) stock
	
	Variable reports medical stocks held; Excluded

	Amoxicillin 250 mg capsule
	
	Variable unavailable; Excluded

	Gentamicin 40mg/ml, 2ml Injection
	
	Variable unavailable; Excluded

	ORS
	
	Variable unavailable; Excluded

	Zinc Tablet 10mg
	
	Variable unavailable; Excluded

	Vitamin A supplementation 6-11 months
	Vitamin A supplementation is listed by SARA as an essential preventive and curative child health intervention
	Indicators combined; Included in index

	Vitamin A supplementation >=12 months
	
	

	NACS SAM admissions
	Child nutrition rehabilitation inpatient/outpatient services may not be provided by all HFs
	Variable contains no data; Excluded

	SAM admissions
	
	Service provision reported by <2% or >98% of facilities; Excluded

	CMAM cases at the beginning of the period
	
	Service provision reported by <2% or >98% of facilities; Excluded

	No. of new registrants in C-IYCF Register
	The infant and young child feeding service may not be provided by all HFs
	Indicators combined; Included in index

	Total number of children in C-IYCF register (new + old)
	
	

	Registrant (1st Attendance) Registrants (Male)
	Indicate registration with the nutrition and child health service, which conducts child growth monitoring, for example. This is listed as an essential preventive and curative child health intervention in SARA
	Indicators combined; Service provision reported by <2% or >98% of facilities; Excluded

	Registrant (1st Attendance) Attendance (Male)
	
	

	Registrant (1st Attendance) Registrants (Female)
	
	

	Registrant (1st Attendance) Attendance (Female)
	
	

	BCG - Children Vaccinated
	Vaccinations appearing on Ghana’s national immunisation schedule. SARA lists a series of service availability indicators linked to HFs’ ability to deliver essential vaccinations to various age groups according to the national schedule
	Indicator included in index

	Measles Rubella 1 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	Measles Rubella 2 - Children Vaccinated
	
	Indicator included in index

	Men A - Children Vaccinated
	
	Indicator included in index

	OPV/Polio 0 - Children Vaccinated
	
	Indicator included in index

	OPV/Polio 1- Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	OPV/Polio 2 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	OPV/Polio 3 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	PCV 1 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	PCV 2 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	PCV 3 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	Penta 1 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	Penta 2 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	Penta 3 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	Yellow Fever - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	Rotavirus 1 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	Rotavirus 2 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	Rotavirus 3 - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	IPV - Children Vaccinated
	
	Service provision reported by <2% or >98% of facilities; Excluded

	MCV-1 - Children Vaccinated
	
	Variable unavailable; Excluded

	MCV-2 - Children Vaccinated
	
	Variable unavailable; Excluded

	Hep B - Children Vaccinated
	
	Variable contains no data; Excluded

	No. of outreach vaccination sessions conducted
	Outreach activities related to child vaccination may not be conducted by all HFs
	Indicator included in index

	No. of school vaccination sessions conducted
	
	Service provision reported by <2% or >98% of facilities; Excluded

	Eye Care (Utilization/Attendance) No. of clients seeking eye care services
	Indicators are expected to have an age breakdown available: less than 28 days of age, 1-11 months of age, 1-4 years of age, 5-9 years, 10-14 years, 15-17 years
	Indicator (without age breakdown) does not report service provided to children specifically; Excluded

	Number of cases of Dietherapy
	
	Indicator (without age breakdown) does not report service provided to children specifically; Excluded

	Physiotherapy (Utilization/Attendance) No. of old cases
	
	Indicator (without age breakdown) does not report service provided to children specifically; Excluded

	Physiotherapy (Utilization/Attendance) No. of new cases
	
	Indicator (without age breakdown) does not report service provided to children specifically; Excluded

	Oral Health (Utilization/Attendance) No. extractions < 5 yrs
	Indicators have an inherent age breakdown
	Service provision reported by <2% or >98% of facilities; Excluded

	Oral Health (Utilization/Attendance) No. of extractions 5-17 yrs
	
	Indicator does not report service provided to children specifically; Excluded



Multiple correspondence analysis
Given a set of input variables, dimension reduction methods may be employed to generate a smaller number of ‘dimensions’ that explain most of the variance between units of observation (5). Each dimension is a linear combination of the original variables and assembled according to a data-driven weighting scheme. MCA is a dimension reduction method designed for use with categorical data, and was required here as the first stage of the Asselin approach to multidimensional index development (6). This part of the approach was implemented using the ‘FactoMineR’ R package (7). The following outline of the MCA calculations used to generate the output required for the subsequent stages is cited from Abdi and Valentin (2007) (8), except as otherwise indicated.
First, having created the binary service provision variables as described in the main manuscript, a table consisting of the  observations (the 450 HFs in the input dataset), arranged in rows, and  binary variables (one for each of the nine services selected for inclusion in the index), arranged in columns, was generated. Each binary variable consisted of  categories taking the binary value  if service  was not provided by the HF or  if provided. The sum of , or the total number of categories, was equal to . This dataset was input to the MCA procedure, which generates an ‘indicator matrix’, denoted as , by computing . Next, a ‘probability matrix’, denoted as , is generated by computing , where  is the grand total of the indicator matrix. From ,  is the vector of row totals and  is the vector of column totals. Factor scores (termed principal coordinate values by the ‘FactoMineR’ package) for each dimension are then obtained from  by the singular value decomposition shown in equation [1], where , ,  is the diagonal matrix of singular values, and  is the matrix of eigenvalues:
	
	
	[1]



The factor scores () for rows (that is, observations) and columns (that is, categories) are then obtained by equation [2] and equation [3], respectively:
	
	
	[2]

	
	
	[3]



The factor scores are used to visualise the relationships between observations and categories in a reduced-dimensional space. All of the dimensions produced by MCA are orthogonal to (or, in other words, uncorrelated with) one another, and the category scores may be plotted on dimension pairs (typically the first and second dimensions) to examine potential associations. Any categories found to be located in close proximity in this space are taken as being associated. In addition, categories located farther from the origin of a given dimension make a more substantial contribution to its formation (3). The eigenvalues indicate the proportion of the total variance between units of observation that is explained by each dimension and are typically examined using a scree plot. As an example, if the first dimension explains 40% of the variance and the second explains 20% then, together, these dimensions capture a total of 60% of the variance between observations. The first dimension always explains the greatest single proportion of variance, while all dimensions together explain 100% of the variance in the data.

Computing the service provision index
There are many examples from SSA of unidimensional HF-level indices being compiled using dimension reduction methods (9-12). These often assume that the first dimension, which explains the greatest single proportion of variance between units of observation, adequately represents the characteristic under investigation. However, as these methods have the property that the dimensions so produced are uncorrelated, they can be separately interpreted as describing distinct aspects of that characteristic (5), with the likely result that some will feature more prominently on higher-order dimensions and be lost to indices comprised of the first alone. Moreover, it is often the case that several dimensions explain a non-trivial proportion of variance and, together, the higher-order dimensions explain a greater proportion than the first. In 2009, Asselin proposed an approach to multidimensional index development that combines dimension reduction with simpler additive methods to incorporate all of the input variables, retaining each on the dimension to which it contributes the maximum possible information gain (6). Additive indices, as employed by Kanté and colleagues to examine the association between bypassing and the quality of service provided by HFs (13), simply tally the observed number of assessment items. Weighting schemes may be incorporated to overcome the assumption that all have equal importance to the characteristic under investigation, assigning higher weights to those thought most closely linked to health-seekers’ perception of quality, for example (14). If, as in the present case, the most appropriate weighting scheme is unknown a priori, the Asselin approach may be employed to generate data-driven weights quantifying the relative importance of different variables (using the MCA procedure) then score each unit of observation by way of an additive computation.
In Uganda, Ssempiira and colleagues utilised the Asselin approach to develop readiness indices using health facility assessment (HFA) data gathered from 201 HFs during 2013 (15). Their level of general service readiness was defined using SARA indicators taken from five domains: basic amenities, basic equipment, standard precautions for infection prevention, diagnostic capacity and essential medicines, while (malaria) service-specific readiness was defined in terms of indicators linked to the delivery of malaria services. All indicators were represented by binary variables denoting whether or not the item under consideration had been observed at the HF, with a value of 0 assigned if absent and a value of 1 otherwise. Indicators linked to general and malaria-specific readiness were combined and processed using the Asselin approach to create a single readiness index. These analyses were conducted separately in two subsets of HFs, each representing distinct service tiers. In each case, the indices so produced were divided into tertiles to classify HFs as having a low, medium or high level of readiness. Finally, negative binomial models were fitted in a Bayesian geostatistical framework to assess the effect of readiness on both malaria mortality and the incidence of severe malaria leading to hospitalisation. Overall, mortality and incidence rates were found to reduce with increasing service readiness. Amongst HFs from the higher service tier, the estimated mortality rate ratios were 0.36 (95% BCI: 0.14-0.61) and 0.32 (95% BCI: 0.12-0.54) for the medium and high readiness groups, respectively, as compared to the reference group of low service readiness, whilst their incidence rate ratios were 0.81 (95% BCI: 0.56-0.93) and 0.24 (95% BCI: 0.16-0.38). In Burkina Faso, Millogo and colleagues conducted a similar analysis using HFA data gathered from 786 HFs during 2014 (16), where general and service-specific service readiness were again defined using SARA indicators and combined using the Asselin approach to create readiness indices for HFs of two service tiers. The indices were again divided into tertiles to classify HFs as having a low, medium or high level of readiness. Bayesian geostatistical negative binomial models were then fitted to assess the effect of service readiness on malaria mortality amongst children aged under 5 years. Amongst HFs from the higher service tier, a non-significant result was found whereby the estimated mortality rate ratios were 0.94 (95% BCI: 0.76-1.25) and 0.81 (95% BCI: 0.74-2.51) in the medium and high readiness groups, respectively, as compared to the reference group of low service readiness.
Each of these studies assumed a readiness gain (and therefore an index score increase) for every SARA indicator found to have been present at the HF. Analogously, for the purposes of the present study, HFs capable of delivering a higher number of child health services were hypothesised to be more attractive to caregivers during episodes of childhood diarrhoeal disease. The composite index was thus conceptualised as a ‘service provision’ index and structured so that the scores assigned to HFs increased monotonically (representing the attractiveness gain) for each service provided through 2020. Using the Asselin approach to ensure that, all else being equal, an HF found to have provided a given service would always receive a higher score than one that had not depended upon two related requirements (6):
· First, the ‘first axis ordering consistency requirement for an indicator’ (FAOC-I), which treats all variables included in the index as ordinal and requires that the weights assigned to each category by the MCA procedure increase or decrease monotonically in line with their ordering. By definition, binary indicators (as used in the present study) always satisfy this requirement
· Second, the ‘global first axis ordering consistency’ requirement (FAOC-G) presupposes that all variables have satisfied the FAOC-I requirement and requires that the weights assigned to all variables included in the index follow the same category ordering. In respect of the present study, this means that all services included in the index should share either a positive ordering (in which the weight assigned to the non-provision category takes a negative sign and that assigned to the provision category a positive sign), or the opposite, negative, ordering
In practice, provided the FAOC-I requirement is satisfied, the FAOC-G requirement may be achieved by positive rescaling of the variables included in the index. To perform this operation, the category that most disadvantages the HF in terms of the characteristic of interest (the non-provision category in the present study) is first assigned a fixed weight of zero, and the weight assigned to the superior (provision) category then rescaled to: (i) take a strictly positive value, and (ii) preserve the difference between the categories in terms of the weights originally assigned by the MCA procedure. Implicitly, in respect of the present study, this operation allows the transformed weights to be interpreted as quantifying the attractiveness gain experienced by an HF that had provided the service through 2020. 
Having generated factor scores and other output from the MCA procedure, the next stage of the Asselin approach involved creating a discrimination measure () for each service/category combination () and dimension (), where  denotes the service and  the category, which takes the binary value  if the service was not provided or  if provided. The discrimination measures so created are used to decompose the proportion of variance explained by a given dimension into the separate contributions made by each service/category combination. The calculation used to create the discrimination measure for service/category combination  on the  dimension is given by:
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In equation [4],  denotes the total number of observations (here, HFs) in the data, while  denotes the number of observations with the  category of service . The values of , hereafter termed ‘weights’, are the factor scores, populated by the principal coordinate values assigned to the  category of service  on the  dimension by the ‘FactoMineR’ MCA procedure. As a check, having summed the discrimination measures for the non-provision () and provision () categories of service  to produce values of , the average of these values across the complete set of  services on the  dimension is computed and verified by comparing against the total variance explained by that dimension (represented by ). This is to say that  should be equal to , where:
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Taking each dimension separately, the services were then split into two groups. The first group () consisted of only those services whose categories took a positive ordering, meaning that the weight assigned by the MCA procedure to the non-provision category () was negative and that assigned to the provision category () was positive. The second group () consisted of the remaining services, each of which took the opposite, negative, ordering. The groupwise discrimination measures created by way of equations [7a] and [7b] were used to find the proportion of the total variance explained by the  dimension that could be separately attributed to groups  and :
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Next, for each dimension (), the group of services ( or ) for which the summed discrimination measures (or ) exceeded a threshold () of 50% of the total variance explained by that dimension was identified. The services included in the group ( or ) that was not selected were then eliminated from the  dimension. Intersections (instances of a service being present on more than one dimension) remaining after the previous step were then eliminated by way of a data-driven selection process. The values of  created using equation [5] were compared across dimensions, with service  retained only on the dimension at which  was found to be greatest. As the discrimination measure quantifies the information gained (in terms of the proportion of variance explained) as a result of including a given service in the index, this process ensures that the service is retained on the dimension to which it contributes the maximum possible information gain. The same process was repeated for all services, with the result that each was retained on one dimension only, and only those dimensions contributing any information gain featured in the final index.
After eliminating intersections, the index score for each HF () was computed using:
	
	
	[8]



Here,  represents the Dirac delta function, which is used to limit equation [8] to only the dimensions featuring in the final index. As such, this function takes a value of 1 when service  is retained on the  dimension, and 0 otherwise. Further,  is a binary variable denoting whether or not service  had been provided by the  HF. To improve the interpretability of the scores assigned to each HF (), prior to calculating equation [8] the weights () were transformed by positive rescaling, as previously defined. To achieve this the signs of the weights given by dimensions with a negative ordering (group ) were first reversed. This operation is permitted in principal components analysis, and by extension MCA, as reversing the signs of a given dimension neither affects its overall proportion of variance explained, nor at the level of the individual categories contained therein (5). After this, the weights were then transformed to preserve the difference between the non-provision and provision categories of service , but fix the weight assigned to the non-provision category () at zero. This means that, in equation [8],  was replaced by , such that  (for the non-provision category, ) and  (for the provision category, ). Invoking this transformation fulfilled the FAOC-G requirement by ensuring that all services included in the final index followed the same category ordering.

Implementing the index computations using R
All of the aforementioned computations were implemented using R v4.4.1 with RStudio v2024.04.2+764 (R Core Team, Vienna, Austria). A number of packages were required for implementation:
  library(FactoMineR)
  library(tidyverse)
  library(plyr)
  library(rlang)

Prior to computing the index, the MCA procedure was implemented using the R ‘FactoMineR’ package. Its input was a dataset containing the set of binary variables created as described in the main manuscript. This dataset was stored in a data frame arranged so that the  observations (450 HFs) occupied rows and  services selected for inclusion in the index occupied columns. Each cell was populated with a value of 0 (representing the non-provision category) or 1 (representing the provision category). Given this input data frame, the code used to run the procedure and extract the relevant output was:
  mca_output_df = MCA(
    source_df[, c(5:10, 15, 16, 18)], # collect variables to be processed by MCA
    ncp = ncol(source_df [, c(5:10, 15, 16, 18)]) # specify that all dimensions are retained in the output
  )
  mca_var_coords = as.data.frame(get_mca_var(mca_output_df)$coord) # extract principal coordinates

The principal coordinate values produced by the ‘FactoMineR’ package were then copied to a new data frame and joined to other variables (collected from elsewhere) listing the service, category, and number of HFs (frequency). The principal coordinates then function as the weights () of equation [4], above. As a total of nine binary variables were input to the procedure, this data frame (hereafter referred to as ‘svc_cat_wts’) consisted of 18 rows and 12 columns arranged as follows:
	service
	category
	frequency
	W_d1
	W_d2
	…
	W_d9

	svc_A
	0
	n(svc_A, 0)
	W(svc_A, 0, d1)
	W(svc_A, 0, d2)
	…
	W(svc_A, 0, d9)

	svc_A
	1
	n(svc_A, 1)
	W(A, 1, d1)
	W(svc_A, 1, d2)
	…
	W(svc_A, 1, d9)

	…
	…
	…
	…
	…
	…
	…

	svc_I
	0
	n(svc_I, 0)
	W(svc_I, 0, d1)
	W(svc_I, 0, d2)
	…
	W(svc_A, 0, d9)

	svc_I
	1
	n(svc_I, 1)
	W(svc_I, 1, d1)
	W(svc_I, 1, d2)
	…
	W(svc_A, 1, d9)



Discrimination measures for each category/dimension combination () were then calculated as per equation [4], above, and inserted into the ‘svc_cat_wts’ data frame:
  N_obs = 450 # declare N as the total number of observations (HFs)
  svc_cat_wts$discr_d1 = (svc_cat_wts$frequency / N_obs) * svc_cat_wts$W_d1 ^ 2
  svc_cat_wts$discr_d2 = (svc_cat_wts$frequency / N_obs) * svc_cat_wts$W_d2 ^ 2
  svc_cat_wts$discr_d3 = (svc_cat_wts$frequency / N_obs) * svc_cat_wts$W_d3 ^ 2
  svc_cat_wts$discr_d4 = (svc_cat_wts$frequency / N_obs) * svc_cat_wts$W_d4 ^ 2
  svc_cat_wts$discr_d5 = (svc_cat_wts$frequency / N_obs) * svc_cat_wts$W_d5 ^ 2
  svc_cat_wts$discr_d6 = (svc_cat_wts$frequency / N_obs) * svc_cat_wts$W_d6 ^ 2
  svc_cat_wts$discr_d7 = (svc_cat_wts$frequency / N_obs) * svc_cat_wts$W_d7 ^ 2
  svc_cat_wts$discr_d8 = (svc_cat_wts$frequency / N_obs) * svc_cat_wts$W_d8 ^ 2
  svc_cat_wts$discr_d9 = (svc_cat_wts$frequency / N_obs) * svc_cat_wts$W_d9 ^ 2

The sum of discrimination measures for each service/dimension combination () were then calculated as per equation [5], above, and saved to a data frame referred to as ‘svc_discr’:
  svc_discr = svc_cat_wts %>%
    dplyr::group_by(service) %>%
    dplyr::summarise(
      discr_d1 = sum(discr_d1),
      discr_d2 = sum(discr_d2),
      discr_d3 = sum(discr_d3),
      discr_d4 = sum(discr_d4),
      discr_d5 = sum(discr_d5),
      discr_d6 = sum(discr_d6),
      discr_d7 = sum(discr_d7),
      discr_d8 = sum(discr_d8),
      discr_d9 = sum(discr_d9)
    )

Next, taking each dimension in turn, the group of services ( or ) for which the summed discrimination measures (or ) fell short of the threshold () of 50% of the total variance was identified and eliminated. This operation was performed in a series of stages. In the first stage, a for loop was used to find the ordering of each service on each dimension. The first group () consisted of only those services whose categories took a positive ordering, meaning that the weight assigned to the non-provision category () was negative and that assigned to the provision category () was positive. The second group () consisted of the remaining services, each of which took the opposite, negative, ordering. Once determined, string values denoting the ordering of each service/dimension combination were inserted into the ‘svc_cat_wts’ data frame:
  A_dims = 9 # declare A as the total number of dimensions produced by MCA
  for (i in c(1:A_dims)) {
    read_var = paste("W_d", i, sep = "")
    svc_cat_wts = svc_cat_wts %>%
      dplyr::mutate(tmp_wt_sign = sign(as.numeric(eval(parse(text = read_var))))) %>%
      dplyr::group_by(service) %>%
      dplyr::mutate(
        sign_compare = if_else(dplyr::first(tmp_wt_sign) < dplyr::last(tmp_wt_sign), "Positive", "Negative") 
      ) 
    write_var = paste("sign_compare_d", i, sep = "")
    svc_cat_wts = svc_cat_wts %>%
      dplyr::rename(
        !! sym(write_var) := sign_compare
      )
    svc_cat_wts = subset(svc_cat_wts, select = -c(tmp_wt_sign))
    rm(i, read_var, write_var)
  }

In the second stage a for loop was used to calculate the summed discrimination measures for each group (and ), with the result then used to determine whether  or  had failed to meet . The result was saved to a summary data frame referred to as ‘discr_by_ori’: 
  df_list = vector("list", A_dims)
  for (i in 1:A_dims) {
    group_var = paste("sign_compare_d", i, sep = "")
    sum_var = paste("discr_d", i, sep = "")
    df_list[[i]] = svc_cat_wts %>% 
      dplyr::group_by(eval(parse(text = group_var))) %>%
      dplyr::summarise(
        !! sym(sum_var) := sum(eval(parse(text = sum_var)))
      ) %>%
      dplyr::rename(
        sign_compare = "eval(parse(text = group_var))"
      ) %>%
      as.data.frame()
    rm(i, group_var, sum_var)
  }
  discr_by_ori = join_all(
    df_list,
    by = "sign_compare",
    type = "left"
  )
  discr_by_ori = rbind(
    discr_by_ori, 
    c(
      "Lesser share", 
      discr_by_ori$sign_compare[which.min(discr_by_ori$discr_d1)], 
      discr_by_ori$sign_compare[which.min(discr_by_ori$discr_d2)], 
      discr_by_ori$sign_compare[which.min(discr_by_ori$discr_d3)], 
      discr_by_ori$sign_compare[which.min(discr_by_ori$discr_d4)], 
      discr_by_ori$sign_compare[which.min(discr_by_ori$discr_d5)], 
      discr_by_ori$sign_compare[which.min(discr_by_ori$discr_d6)], 
      discr_by_ori$sign_compare[which.min(discr_by_ori$discr_d7)], 
      discr_by_ori$sign_compare[which.min(discr_by_ori$discr_d8)], 
      discr_by_ori$sign_compare[which.min(discr_by_ori$discr_d9)] 
    )
  )

In the third stage the group of services ( or ) failing to meet  was eliminated. This was achieved by creating duplicates of the ‘svc_cat_wts’ and ‘svc_discr’ data frames, then replacing the weight values for that group with NAs:
  svc_cat_wts_R1 = svc_cat_wts %>% 
    dplyr::mutate(
      W_d1 = replace(W_d1, sign_compare_d1 == discr_by_ori[3, 2], NA),
      discr_d1 = replace(discr_d1, sign_compare_d1 == discr_by_ori[3, 2], NA),
      W_d2 = replace(W_d2, sign_compare_d2 == discr_by_ori[3, 3], NA),
      discr_d2 = replace(discr_d2, sign_compare_d2 == discr_by_ori[3, 3], NA),
      W_d3 = replace(W_d3, sign_compare_d3 == discr_by_ori[3, 4], NA),
      discr_d3 = replace(discr_d3, sign_compare_d3 == discr_by_ori[3, 4], NA),
      W_d4 = replace(W_d4, sign_compare_d4 == discr_by_ori[3, 5], NA),
      discr_d4 = replace(discr_d4, sign_compare_d4 == discr_by_ori[3, 5], NA),
      W_d5 = replace(W_d5, sign_compare_d5 == discr_by_ori[3, 6], NA),
      discr_d5 = replace(discr_d5, sign_compare_d5 == discr_by_ori[3, 6], NA),
      W_d6 = replace(W_d6, sign_compare_d6 == discr_by_ori[3, 7], NA),
      discr_d6 = replace(discr_d6, sign_compare_d6 == discr_by_ori[3, 7], NA),
      W_d7 = replace(W_d7, sign_compare_d7 == discr_by_ori[3, 8], NA),
      discr_d7 = replace(discr_d7, sign_compare_d7 == discr_by_ori[3, 8], NA),
      W_d8 = replace(W_d8, sign_compare_d8 == discr_by_ori[3, 9], NA),
      discr_d8 = replace(discr_d8, sign_compare_d8 == discr_by_ori[3, 9], NA),
      W_d9 = replace(W_d9, sign_compare_d9 == discr_by_ori[3, 10], NA),
      discr_d9 = replace(discr_d9, sign_compare_d9 == discr_by_ori[3, 10], NA)
    )
  svc_discr_R1 = svc_cat_wts_R1 %>%
    dplyr::group_by(service) %>%
    dplyr::summarise(
      discr_d1 = sum(discr_d1, na.rm = TRUE),
      discr_d2 = sum(discr_d2, na.rm = TRUE),
      discr_d3 = sum(discr_d3, na.rm = TRUE),
      discr_d4 = sum(discr_d4, na.rm = TRUE),
      discr_d5 = sum(discr_d5, na.rm = TRUE),
      discr_d6 = sum(discr_d6, na.rm = TRUE),
      discr_d7 = sum(discr_d7, na.rm = TRUE),
      discr_d8 = sum(discr_d8, na.rm = TRUE),
      discr_d9 = sum(discr_d9, na.rm = TRUE)
    ) %>%
    mutate(
      discr_d1 = replace(discr_d1, discr_d1 == 0, NA), 
      discr_d2 = replace(discr_d2, discr_d2 == 0, NA), 
      discr_d3 = replace(discr_d3, discr_d3 == 0, NA), 
      discr_d4 = replace(discr_d4, discr_d4 == 0, NA), 
      discr_d5 = replace(discr_d5, discr_d5 == 0, NA), 
      discr_d6 = replace(discr_d6, discr_d6 == 0, NA), 
      discr_d7 = replace(discr_d7, discr_d7 == 0, NA), 
      discr_d8 = replace(discr_d8, discr_d8 == 0, NA), 
      discr_d9 = replace(discr_d9, discr_d9 == 0, NA)
    )

Finally, intersections (instances of a service being present on more than one dimension) were eliminated by retaining the service only on the dimension at which its discrimination measure value was greatest. This was achieved by creating further duplicates of the ‘svc_cat_wts’ and ‘svc_discr’ data frames then inserting only the rowwise maximum for each service. All other values were eliminated by NA replacement, implicitly invoking the Dirac delta function () of equation [8], above, to limit the index only to those dimensions contributing any information gain:
  rowwise_max = apply(svc_discr_R1[, 2:10], 1, which.max)
  svc_cat_wts_R2 = matrix(data = NA, nrow = 18, ncol = 18)
  svc_cat_wts_R2 = cbind(svc_cat_wts_R1[, 1:3], svc_cat_wts_R2, svc_cat_wts_R1[, 22:30])
  colnames(svc_cat_wts_R2) = colnames(svc_cat_wts_R1)
  for (i in 1:A_dims) {
    svc_cat_wts_R2[(i * 2) - 1, rowwise_max[i] + 3] = svc_cat_wts_R1[(i * 2) - 1, rowwise_max[i] + 3]
    svc_cat_wts_R2[(i * 2), rowwise_max[i] + 3] = svc_cat_wts_R1[(i * 2), rowwise_max[i] + 3]
    svc_cat_wts_R2[(i * 2) - 1, rowwise_max[i] + 12] = svc_cat_wts_R1[(i * 2) - 1, rowwise_max[i] + 12]
    svc_cat_wts_R2[(i * 2), rowwise_max[i] + 12] = svc_cat_wts_R1[(i * 2), rowwise_max[i] + 12]
    rm(i)
  } 
  rm(rowwise_max)
  rowwise_max = apply(svc_discr_R1[, 2:10], 1, which.max)
  svc_discr_R2 = matrix(data = NA, nrow = 9, ncol = 9)
  svc_discr_R2 = cbind(svc_discr_R1[, 1], svc_discr_R2)
  colnames(svc_discr_R2) = colnames(svc_discr_R1)
  for (i in 1:A_dims) {
    svc_discr_R2[i, rowwise_max[i] + 1] = svc_discr_R1[i, rowwise_max[i] + 1]
    rm(i)
  }
  rm(rowwise_max)

To calculate the transformed weights (), a series of operations were performed:
· First, the signs of the weights () assigned to services that had a negative ordering were reversed (in the present case this was only required for the second and fifth dimensions)
· Second, the weights assigned to the provision category were replaced by subtraction of the non-provision category weight from the provision category weight
· Third, the weights assigned to the non-provision category were fixed at a value of zero 
  transform_wts = svc_cat_wts %>%
    dplyr::mutate(
      W_d2 = W_d2 * -1, # reverse the signs of the weights in the second dimension
      W_d5 = W_d5 * -1 # reverse the signs of the weights in the fifth dimension
    ) %>%
    dplyr::group_by(service) %>%
    dplyr::mutate(
      tr_W_d1 = if_else(category == 0, 0, dplyr::last(W_d1) - dplyr::first(W_d1)), 
      tr_W_d2 = if_else(category == 0, 0, dplyr::last(W_d2) - dplyr::first(W_d2)), 
      tr_W_d3 = if_else(category == 0, 0, dplyr::last(W_d3) - dplyr::first(W_d3)), 
      tr_W_d4 = if_else(category == 0, 0, dplyr::last(W_d4) - dplyr::first(W_d4)), 
      tr_W_d5 = if_else(category == 0, 0, dplyr::last(W_d5) - dplyr::first(W_d5)), 
      tr_W_d6 = if_else(category == 0, 0, dplyr::last(W_d6) - dplyr::first(W_d6)), 
      tr_W_d7 = if_else(category == 0, 0, dplyr::last(W_d7) - dplyr::first(W_d7)), 
      tr_W_d8 = if_else(category == 0, 0, dplyr::last(W_d8) - dplyr::first(W_d8)), 
      tr_W_d9 = if_else(category == 0, 0, dplyr::last(W_d9) - dplyr::first(W_d9))
    )

The result was then saved to a data frame referred to as ‘transform_wts’, before combining with the ‘svc_cat_wts’ data frame:
  svc_cat_wts_R3 = svc_cat_wts_R2 %>%
    left_join(
      x = svc_cat_wts_R2,
      y = transform_wts[, c(1, 2, 5, 7, 9, 11, 13, 15, 17, 19, 21)],
      by = c("service", "category")
    ) %>%
    mutate(
      tr_wt_d1 = if_else(is.na(W_d1), W_d1, tr_W_d1),
      tr_wt_d2 = if_else(is.na(W_d2), W_d2, tr_W_d2),
      tr_wt_d3 = if_else(is.na(W_d3), W_d3, tr_W_d3),
      tr_wt_d4 = if_else(is.na(W_d4), W_d4, tr_W_d4),
      tr_wt_d5 = if_else(is.na(W_d5), W_d5, tr_W_d5),
      tr_wt_d6 = if_else(is.na(W_d6), W_d6, tr_W_d6),
      tr_wt_d7 = if_else(is.na(W_d7), W_d7, tr_W_d7),
      tr_wt_d8 = if_else(is.na(W_d8), W_d8, tr_W_d8),
      tr_wt_d9 = if_else(is.na(W_d9), W_d9, tr_W_d9)
    )

Finally, the data frame originally input to the MCA procedure was used to implement equation [6], above. Again, this data frame (hereafter referred to as ‘score_obs_ALL’) was arranged so that observations (HFs) occupy rows and services occupy columns, with each cell populated with values of 0 (representing the non-provision category) or 1 (representing the provision category). These binary variables function as the values of  for equation [8], above. First, a function was defined to collect the transformed weights from the ‘svc_cat_wts’ data frame and input to the ‘score_obs_ALL’ data frame, as appropriate. The HF-level index score () was then calculated as the rowwise sum of the transformed weights:
  find_wt = function(var_text){
    row_num = which(svc_cat_wts_R3$service == var_text) 
    tmp_df = svc_cat_wts_R3[row_num, c(2, 22:26)]
    tmp_df = tmp_df[, colSums(is.na(tmp_df)) < nrow(tmp_df)]
    tmp_df$category = as.numeric(tmp_df$category)
    colnames(tmp_df)[2] = "transformed_W"
    score_obs_ALL = left_join(
      x = score_obs_ALL,
      y = tmp_df,
      by = setNames("category", var_text)
    ) %>%
      relocate(
        transformed_W, .after = var_text
      ) %>%
      rename_with(
        ~paste("transformed_W", var_text, sep = "_"), 
        .cols = transformed_W
      )
    return(score_obs_ALL)
  }
  score_obs_ALL = find_wt(var_text = "svc_A")
  score_obs_ALL = find_wt(var_text = "svc_B")
  score_obs_ALL = find_wt(var_text = "svc_C")
  score_obs_ALL = find_wt(var_text = "svc_D")
  score_obs_ALL = find_wt(var_text = "svc_E)
  score_obs_ALL = find_wt(var_text = "svc_F")
  score_obs_ALL = find_wt(var_text = "svc_G")
  score_obs_ALL = find_wt(var_text = "svc_H")
  score_obs_ALL = find_wt(var_text = "svc_I")
  score_obs_ALL$sum_score = 
    score_obs_ALL$transformed_W_svc_A +
    score_obs_ALL$transformed_W_svc_B +
    score_obs_ALL$transformed_W_svc_C +
    score_obs_ALL$transformed_W_svc_D +
    score_obs_ALL$transformed_W_svc_E +
    score_obs_ALL$transformed_W_svc_F +
    score_obs_ALL$transformed_W_svc_G +
    score_obs_ALL$transformed_W_svc_H +
    score_obs_ALL$transformed_W_svc_I


Additional results from the multiple correspondence analysis procedure and index computations
Figure S2: Scatterplots cross-referencing coordinates on the third/fourth dimensions and fourth/fifth dimensions for 450 health facilities, by type
[image: A graph of different dimensions
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Points are shaded by health facility type, where smaller points represent individual facilities and larger points the group mean. Many facilities share common values on the first and second dimensions, thus overlapping one another. Groupwise convex hulls are drawn to enclose all points (by type) within the minimum possible bounding polygon
Number of health facilities by type: CHPS compounds = 306; Clinics = 7; Health centres = 113; Hospitals = 24; Overall total = 450


Figure S3: Box plots comparing the distribution of coordinates on the third to fifth dimensions for 450 health facilities, by type
[image: A graph of a chart
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Number of health facilities by type: CHPS compounds = 306; Clinics = 7; Health centres = 113; Hospitals = 24; Overall total = 450
The discrimination measures separately assigned to each service on each of the first five dimensions produced by the MCA procedure are presented in Table S3. The groupwise discrimination measures created by way of equations [7a] and [7b] were used to calculate the proportion of variance explained by the composite index. For each dimension (), the group of services ( or ) for which the summed discrimination measures (or ) exceeded a threshold () of 50% of the total variance explained by that dimension was identified and retained as  for the purposes of this calculation. Thereafter, intersections (instances of a service being present on more than one dimension) were identified and eliminated by way of the data-driven process described above, with their associated discrimination measure values subtracted from . Finally, the proportion of variance explained by the composite index was given by the summing the resulting values of  across all included dimensions, then dividing by the overall number of dimensions produced by the MCA procedure. In the present case (Table S4), this was equal to , or 51.1%. This compares to the first dimension alone, which explained 24.1% of the variance in the data, and the first five dimensions as a whole, which explained a cumulative 77.8% of the variance (Figure 2, main manuscript).
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Table S3: Discrimination measures associated with the first five dimensions produced by multiple correspondence analysis
	Service
	Discrimination measures () a, b, c
	Selected dimension
	Selected dimension ordering

	
	Dimension 1
	Dimension 2
	Dimension 3
	Dimension 4
	Dimension 5
	
	

	Paediatric ward
	0.874
	0.051
	0.000
	0.003
	0.057
	1
	Positive ()

	Bacillus Calmette-Guerin vaccinations
	0.080
	0.483
	0.101
	0.071
	0.003
	2
	Negative ()

	Measles-rubella vaccinations, 2nd dose
	0.003
	0.298
	0.260
	0.090
	0.020
	2
	Negative ()

	Meningitis A vaccinations
	0.024
	0.304
	0.272
	0.768
	0.001
	2
	Negative ()

	Oral polio vaccinations, zero dose
	0.127
	0.390
	0.118
	0.067
	0.061
	2
	Negative ()

	Inpatient admissions amongst children aged under 5 years
	0.880
	0.050
	0.000
	0.003
	0.054
	1
	Positive ()

	Vitamin A supplementation
	0.021
	0.048
	0.297
	0.108
	0.218
	3
	Positive ()

	Community Infant and Young Child Feeding registrations
	0.000
	0.000
	0.143
	0.598
	0.056
	4
	Positive ()

	Outreach vaccination sessions
	0.157
	0.040
	0.000
	0.024
	0.473
	5
	Negative ()

	Overall sum of discrimination measures ()
	2.166
	1.665
	1.191
	1.038
	0.942
	-
	-

	Variance threshold ()
	1.083
	0.833
	0.596
	0.519
	0.471
	-
	-

	 for group (positive ordering)
	1.987
	0.101
	0.659
	0.877
	0.120
	-
	-

	 for group  (negative ordering)
	0.178
	1.564
	0.533
	0.162
	0.822
	-
	-

	 for selected service/dimension combinations ( or  after eliminating intersections)
	1.754
	1.476
	0.297
	0.598
	0.473
	-
	-

	a Table is limited to the first five dimensions produced by the MCA procedure as no higher-order dimensions were included in the composite index
b Discrimination measures with bold text denote the service/dimension combinations included in the composite index
c Discrimination measures with no cell shading denote services that are positively ordered (subset ) on the relevant dimension, meaning that the weight assigned to the non-provision () category is negative and that assigned to the provision () category is positive. Discrimination measures shaded grey denote services that are negatively ordered (subset ) on the relevant dimension
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List of abbreviations
CHPS: Community-Based Health Planning and Services (initiative); DHIMS2: District Health Information Management System; FAOC-G: ‘global first axis ordering consistency’ requirement; FAOC-I: ‘first axis ordering consistency requirement for an indicator’; GHS: Ghana Health Service; HF: health facility; MCA: multiple correspondence analysis; RCHD: routinely collected health data; SARA: Service Availability and Readiness Assessment
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