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Abstract
Background
Health and Demographic Surveillance Systems (HDSS) collect independent mortality data that could be used for assessing the quality of mortality data in national civil registration (CR) systems in low- and middle-income countries. However, the use of HDSS data for such purposes depends on the quality of record linkage between the two data sources. We describe and evaluate the quality of record linkage between HDSS and CR mortality data in South Africa with HDSS data from Agincourt HDSS.

Methods
We applied deterministic and probabilistic record linkage approaches to mortality records from 2006 to 2009 from the Agincourt HDSS and those in the CR system. Quality of the matches generated by the probabilistic approach was evaluated using sensitivity and positive predictive value (PPV) calculated from a subset of records that were linked using national identity number. Matched and unmatched records from the Agincourt HDSS were compared to identify characteristics associated with successful matching. In addition, the distribution of background characteristics in all deaths that occurred in 2009 and those linked to CR records was compared to assess systematic bias in the resulting record-linked dataset in the latest time period.

Results
Deterministic and probabilistic record linkage approaches combined linked a total of 2264 out of 3726 (60.8%) mortality records from the Agincourt HDSS to those in the CR system. Probabilistic approaches independently linked 1969 (87.0%) of the linked records. In a subset of 708 records that were linked using national identity number, the probabilistic approaches yielded sensitivity of 90.0% and PPV of 98.5%. Records belonging to more vulnerable people, including poorer persons, young children, and non-South Africans were less likely to be matched. Nevertheless, distribution of most background characteristics was similar between all Agincourt HDSS deaths and those matched to CR records in the latest time period.

Conclusion
This study shows that record linkage of mortality data from HDSS and CR systems is possible and can be useful in South Africa. The study identifies predictors for death registration and data items and registration system characteristics that could be improved to achieve more optimal future matching possibilities.
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Background
Reliable and valid statistics on the levels and causes of mortality are widely acknowledged as essential information for monitoring the impact of health interventions and developing public health policies and programs for improving population health [1]-[4]. An adequate and complete civil registration (CR) system is the ideal source from which to draw such information [2],[5].
Well-functioning CR systems do not exist in the majority of African countries [6]. South Africa is one of the few that produce mortality statistics from a CR system [7],[8], but previous assessments rated their quality as low [2],[9]. In recent years, the country has adopted the Africa Programme on Accelerated Improvement of Civil Registration and Vital Statistics (APAI-CRVS) [6], building on the focused initiatives by Statistics South Africa, the Department of Health, and a group of researchers since the 1990s to improve and strengthen its CR system and cause of death information [10]-[12]. Therefore, there is a continuous need for assessing the quality of CR mortality data to ascertain the impact of these initiatives and identify remaining gaps and options for further improvement.
A number of criteria, organized into a framework of four quality concepts (generalizability, reliability, validity, and policy relevance), have been proposed for comprehensive assessment of the quality of mortality data in CR systems [13],[14]. Although most criteria can be evaluated directly from the mortality data recorded in the CR system and administrative information on the system, data from other sources are also required [13]. Combining vital-event data sources, and cooperation among the custodians of such data sources, was encouraged at the 2012 International Network for the Demographic Evaluation of Populations and Their Health in developing countries (INDEPTH) - African Census Analysis Project (ACAP) Bellagio meeting on using longitudinal INDEPTH data, national censuses, Demographic and Health Surveys, and other national surveys for better health policy in Africa [15].
In South Africa, three INDEPTH Health and Demographic Surveillance Systems (HDSS) collect mortality data in rural populations [16]-[18]. Such data provide an opportunity for comparison with CR data. However, this requires record linkage between the two data sources, which has not been attempted before. Both data sources are protected by strict data-use clauses to protect the confidentiality of the identity and other information of the deceased. Once linked, comparison would also depend on the quality of the matched records.
This paper describes the practical steps we took to set up and execute record linkage of mortality data and evaluates the quality of the matched records between the CR system and the longest-running of the three HDSS centers in South Africa, the Agincourt HDSS [19],[20]. It describes how we overcame the challenges of bringing together data that are kept in secure databases and environments almost 600 kilometers apart, each governed by data-security policies that prohibit the off-site and non-staff use of unit-record data that contain personal identifiers.

Methods
Data sources
Records of individuals who died from 1 January 2006 to 31 December 2009 were extracted from the Agincourt HDSS database and saved under password protection on a portable device. An Agincourt HDSS staff member who is familiar with the collection, processing, and coding of mortality data and the stringent data-use policies at Agincourt, and who had previous experience in electronic record linkage, securely brought the data files to Statistics South Africa’s (Stats SA) head office in Pretoria. After confidentiality and data-security agreements were undertaken and signed by the Agincourt HDSS staff member and other members of the record linkage team, the non-Stats SA team members were given access to the secure environment in the Stats SA building where CR data for deaths that occurred within the same period were made available for linkage.
Information about deaths in the Agincourt HDSS was collected as part of annual updates of vital events in a surveillance population occupying 27 villages in Bushbuckridge municipality, Mpumalanga province, South Africa (Figure 1) [19],[20].The population is largely Tsonga-speaking, and a third are of Mozambican descent who arrived in the study area in the early to mid-1980s as refugees and/or their descendants. The population has been under surveillance since 1992. Residency status and vital events have been updated at approximately 15- to 18-month intervals between 1993 and 1999, and annually since 1999. During the annual update, an individual who was present at home for at least six months in the last 12 months is considered a permanent resident. Permanent residency status is also assigned to an individual who in-migrated or a child who was born prior to the annual update and is considered as a permanent resident by the household informant. Individuals who were present at home for less than six months in the previous 12 months due to work-related, education-related, and other reasons are assigned a temporary residency status. For each death recorded during the annual update, a verbal autopsy (VA) interview is conducted with caregivers of deceased individuals one to 11 months after death to elicit signs and symptoms of the illness or injury prior to death using a locally validated, local-language VA instrument [20],[21]. Because vital events are updated every year, death events missed in one year are captured the following year since the deceased individuals still appear on pre-populated household rosters. Hence, completeness of recording of deaths into the Agincourt HDSS is very high despite some under-recording of neonatal deaths. In addition, the data items collected pertaining to the characteristics of the event of death and the deceased person cover most of the core topics of themes for vital statistics as recommended by the United Nations [22]. These include date of death, date of death registration when a death certificate is available, place of death, cause of death derived from verbal responses to autopsy interviews, date of birth of the deceased, place of usual residence of the deceased, and marital status of the deceased.[image: A12963_2014_Article_23_Fig1_HTML.jpg]
Figure 1
                          Location of Agincourt HDSS.
                        





The CR data were captured by Stats SA from Notification of death/still-birth forms (Form BI-1663) that were submitted to the Department of Home Affairs offices for death registration as required by the country’s Births and Deaths Registration Act No 51 of 1992 [23]. As required by the Act, different sections of the form are completed by (i) the person reporting the death, (ii) a medical practitioner (where a medical practitioner is not available, a traditional leader may complete the Death Report (Form BI-1680)), and (iii) a Home Affairs official or member of the South African Police Services if the former is not available [24],[25].

Record linkage procedures
We applied deterministic and probabilistic record linkage approaches to link the Agincourt HDSS and CR mortality data. Variables common to both data sources that we used are: national identity number (a unique 13-digit number assigned to South African citizens), surname, sex, day of death, month of death, year of death, day of birth, month of birth, year of birth, institution/place of death, and village name. For village name, village of the household of the deceased individual in the Agincourt HDSS was matched to place of birth, residency, and death in the CR records. Due to the recording of local tribal area names rather than the official village names for some deaths on the CR death registration forms, the place names in the CR records were mapped to their equivalent Agincourt HDSS village names prior to the record linkage exercise.
In deterministic record linkage, a pair of records from two data sources is considered to belong to the same individual if it matches on a unique identifier such as national identification number or a set of conventional personal identifiers (e.g., the combination of first name, last name, and date of birth) [26]-[29]. We defined 12 deterministic linkage rules based on different combinations of the common variables as presented in Table 1. Record linkage using these rules proceeded iteratively. Records matched by one rule were removed from the pool of records to be matched with subsequent rules in both datasets. The Jaro-Winkler string comparator (JW) [30], which is particularly well-suited for personal names [31], returning values between 0 (complete disagreement) and 1 (exact agreement) as a measure of similarity between two strings [30],[32], was used to accommodate typographical errors on surnames. We set a cut-off for designating pairs of surnames as matches to a JW score ≥ 0.85, which is higher than in previous studies [30],[33].Table 1
                          Deterministic matches
                        


	Rule number
	Description
	Matches in trimmed CR dataset
	Matches in full CR dataset
	Total matches

	1
	Match on National ID No
	708
	161
	869

	2
	Match on Surname, Sex, Date of birth, Date of death
	128
	28
	156

	3
	Match on Surname, Sex, Date of birth, Year of death, Month of death
	88
	30
	118

	4
	Match on Surname, Sex, Year of birth, Month of birth, Date of death
	34
	6
	40

	5
	Match on JW(Surname) > =0.85, Sex, Date of birth, Date of death
	39
	-
	39

	6
	Match on JW(Surname) > =0.85, Sex, Date of birth, Year of death, Month of death
	37
	-
	37

	7
	Match on JW(Surname) > =0.85, Sex, Year of birth, Month of birth, Date of death
	6
	-
	6

	8
	Match on JW(Surname) > =0.85, Sex, Year of birth, Year of death, Agincourt HDSS village = CR place of birth
	207
	-
	207

	9
	Match on JW(Surname) > =0.85, Sex, Year of birth, Year of death, Agincourt HDSS village = CR place of residence
	67
	-
	67

	10
	Match on JW(Surname) > =0.85, Sex, Year of birth, Year of death, Agincourt HDSS village = CR place of death
	23
	-
	23

	11
	Match on JW(Surname) > =0.85, Sex, Year of birth, Date of death, died at hospital
	30
	-
	30

	12
	Match on JW(Surname) > =0.85, Sex, Date of birth, Year of death, died at hospital
	27
	-
	27

	Total
	1,394
	225
	1,619





In probabilistic record linkage, a pair of records from two data sources is classified as a match based on the statistical probability that the values of common variables from the two data sources belong to the same individual [32],[34]-[38]. Each matching variable is assigned a weight that indicates its contribution to the probability of accurately designating a pair of records as a match or non-match [29],[32],[36]. The weight of a matching variable, i, is calculated from the probability that records belonging to the same individual agree, denoted by m

                    i
                  , and the probability that records belonging to different individuals agree, denoted by u

                    i
                  [32],[36],[38]. Record pairs where variable i agrees receive a weight value of  , and those where the variable disagrees get a weight value of  . A record pair is classified as a match if the sum of the weights on all the matching variables is above a particular threshold value. We estimated m

                    i
                   and u

                    i
                   values for all matching variables, except national identity number, using the Expectation Maximization (EM) algorithm [32],[39],[40]. Only surname pairs with a JW score ≥ 0.85 were considered as matches. Similar to the work of Méray et al. [41] and Tromp et al. [42], the threshold value for determining which record pairs were matches was derived from an estimate of the proportion of true matches among all possible record pair combinations produced by the EM algorithm. The estimated proportion of true matches was multiplied by the total number of all possible record pair combinations to obtain the total number of true matches. Thereafter, all possible record pair combinations were sorted in descending order of the sum of the weights on all matching variables and the top n record pairs, where n equals the calculated number of true matches, were designated as matches.
The number of possible record pair comparisons in two files to be linked is equal to the product of the numbers of records on each file, which can be enormous. Therefore, we used blocking to reduce the number of record pair comparisons [32]. We restricted the comparisons to “blocks” or “pockets” of record pairs with exact matches on one or more variables. We applied the 12 deterministic rules to link the Agincourt HDSS dataset with a trimmed CR dataset that had records for which the deceased was either born, resident, or died within the Bushbuckridge municipality. We repeated the linkage between the Agincourt HDSS dataset with the trimmed CR dataset using the probabilistic approach described above with further blocking on (i) sex and year of birth, and (ii) sex and year of death. Finally, we applied the first four strict deterministic rules in Table 1 to link the thus-far unmatched records in the Agincourt HDSS dataset with records in the full CR dataset (compare Figure 2).[image: A12963_2014_Article_23_Fig2_HTML.jpg]
Figure 2
                          Agincourt HDSS records matched with CR records.
                        






Evaluation of record linkage results
Since we set strict deterministic matching rules with very narrow margins for error, evaluation of the record linkage results focused on matches generated by the probabilistic record linkage approach. Their quality was evaluated using sensitivity and PPV calculated from a subset of records that were linked by means of national identity number. This is justifiable because national identity numbers contain a check digit that prevents incorrect matching. We also compared characteristics of the deceased individuals in the Agincourt HDSS dataset whose records were matched and unmatched to records in the CR dataset in logistic regression models to identify characteristics associated with successful matching. Variables selected for analysis included sex, age, nationality, having a national identity number, residency status, level of education, wealth quintile, year of death, and place of death. Wealth quintiles were derived from data on ownership of assets such as cattle, a car, and cell phone and access to amenities including drinking water and sanitation using principal component analysis [43]. In addition, the distribution of background characteristics in all deaths that occurred in 2009 and those linked to CR records was compared using Pearson Chi squared tests to assess systematic bias in the resulting record-linked dataset in the latest time period.

Software
The record linkage of the data between the two data sources was done using Microsoft SQL Server 2008 which had the EM algorithm implemented in Microsoft C# progamming language, integrated in it as a common language runtime (CLR) function. The JW algorithm we used is part of the SimMetrics library [44]. It was also integrated in Microsoft SQL Server 2008 as a CLR function. Stata (version 11.2, Stata Corporation, Texas, USA) was used for data analysis.

Ethics
The study received ethical approvals from the University of Queensland School of Population Health Research Ethics Committee (approval no. JJ010911), the South African Medical Research Council Ethics Committee (EC008-6/2011), and the University of the Witwatersrand Human Research Ethics Committee (Medical) (M120106).


Results
The Agincourt HDSS and full CR datasets, respectively, contained 3,726 and 2,464,915 unit records of individuals who died from 2006 to 2009. Place of birth, residence, or death in 29,416 of the records in the CR dataset was within the Bushbuckridge municipality. Overall, 2,264 (60.8%) of the 3,726 records from Agincourt HDSS were matched to records in the CR dataset (Figure 2). The matched record pairs comprised of 2,039 record pairs that were obtained by linking Agincourt HDSS records to records in the trimmed CR dataset, and 225 record pairs obtained by linking the remaining Agincourt HDSS records with records in the full CR dataset. Deterministic and probabilistic record linkage approaches, respectively and independently, produced 1,394 and 1,969 of the record pairs that were obtained by linking Agincourt HDSS records to records in the trimmed CR dataset, and 1,324 (95.0%) of the records that were matched using the deterministic approach were also matched using the probabilistic approach. The weights computed for probabilistic record linkage for each of the variables in the two blocking schemes are presented in Tables 2 and 3. The weights indicate that village had the highest agreement weight followed by surname, and for the block on sex and year of death, record pairs that agreed on all the variables were assigned an overall weight score of 32.91344, whereas those that disagreed on all the variables were assigned an overall weight score of −14.02270.Table 2
                        Weights for the probabilistic linkage approach with blocking on sex and year of death
                      


	Variable
	
                            m
                            
                              i
                            
                          
	
                            u
                            
                              i
                            
                          
	Agreement weight
	Disagreement weight

	Surname
	0.80987
	0.01581
	5.67838
	−2.37191

	Day of birth
	0.62776
	0.03498
	4.16563
	−1.37431

	Month of birth
	0.68986
	0.08655
	2.99473
	−1.55840

	Year of birth
	0.80879
	0.01643
	5.62171
	−2.36291

	Month of death
	0.80330
	0.08366
	3.26334
	−2.21987

	Day of death
	0.53200
	0.03253
	4.03141
	−1.04770

	Village
	0.60572
	0.00832
	6.18540
	−1.33066

	Institution/place of death
	0.82912
	0.42244
	0.97283
	−1.75695




Table 3
                        Weights for the probabilistic linkage approach with blocking on sex and year of birth
                      


	Variable
	
                            m
                            
                              i
                            
                          
	
                            u
                            
                              i
                            
                          
	Agreement weight
	Disagreement weight

	Surname
	0.81578
	0.01588
	5.68252
	−2.41737

	Day of birth
	0.69855
	0.03605
	4.27643
	−1.67704

	Month of birth
	0.75919
	0.08734
	3.11968
	−1.92216

	Year of death
	0.98414
	0.28645
	1.78059
	−5.49130

	Month of death
	0.80748
	0.08367
	3.27068
	−2.25083

	Day of death
	0.52955
	0.03286
	4.01026
	−1.03967

	Village
	0.60579
	0.00808
	6.22918
	−1.33126

	Institution/place of death
	0.82785
	0.43602
	0.92498
	−1.71199





Most of the record pairs that were generated by linking the remaining Agincourt HDSS records with records in the full CR dataset had Hazyview, a town about 40 km away from the Agincourt HDSS, as the reported place of birth, residence, or death in the CR dataset. There were also a few cases for which the reported place of birth, residence, or death in the CR dataset is indeed within the Agincourt HDSS study site, such as Belfast and Somerset, but had not been assigned to the Bushbuckridge municipality in the CR system. For example, one of the death records from Somerset village in the Agincourt HDSS dataset was in the CR dataset assigned to Somerset West, a town in the Western Cape province. Over half (53.7%) of the combined deterministic matches were found via the deceased’s identity number (Table 1).
In a subset of 708 records from the Agincourt HDSS that were deterministically linked by means of national identification number, the probabilistic approaches yielded sensitivity of 90.0% and a positive predictive value of 98.5%.
Table 4 presents a number of characteristics of the deceased in the Agincourt HDSS dataset and their association with successful matching to individuals in the CR dataset. In a univariate model, higher matching likelihood was associated with age (age > =5 years), nationality (South African), having a national identity number recorded in the VA system, residency status prior to death (permanently residing in the Agincourt HDSS study area), education (at least some primary education, but higher likelihood with secondary), wealth (from second to highest wealth quintile), year of death (more recent year), and place of death (place of death specified). In a multivariable model, matched and non-matched cases differed significantly in terms of age, nationality, having a national identity number recorded, residency status, wealth (from middle to highest wealth quintile), and place of death (place of death specified). Having adjusted for all variables in the model, having a national identity number recorded increased the odds to be matched by almost 14 times.Table 4
                        Factors predictive of successful matching of death records between Agincourt HDSS and South African CR system
                      


	Variable
	n
	Matched
	Univariate
	Multivariable

	 	n (%)
	Odds ratio
	Odds ratio

	 	(95% confidence interval)
	(95% confidence interval)

	 	3726
	2264 (60.8)
	 	 
	
                            Sex
                          
	 	 	 
	Female
	1771
	1104 (62.34)
	1.00
	1.00

	Male
	1955
	1160 (59.34)
	0.88 (0.77-1.01)
	0.97 (0.82-1.14)

	
                            Age (years)
                          
	 	 	 	 
	<5
	555
	213 (38.38)
	1.00
	1.00

	5-14
	106
	67 (63.21)
	2.76 (1.79-4.24)***
	2.83 (1.64-4.90)***

	15-49
	1729
	1126 (65.12)
	3.00 (2.46-3.65)***
	2.89 (2.11-3.96)***

	50-64
	575
	368 (64)
	2.86 (2.24-3.63)***
	2.24 (1.65-3.05)***

	65+
	761
	490 (64.39)
	2.90 (2.31-3.64)***
	1.87 (1.41-2.49)***

	
                            Nationality
                          
	 	 	 
	Other nationality
	1191
	569 (47.77)
	1.00
	1.00

	South African
	2531
	1695 (66.97)
	2.22 (1.93-2.55)***
	2.05 (1.70-2.48)***

	
                            National Identity number recorded in VA system
                          
	 	 	 
	Not available
	2722
	1324 (48.64)
	1.00
	1.00

	Available
	1004
	940 (93.63)
	15.51 (11.91-20.2)***
	13.65 (10.12-18.43)***

	
                            Residency status
                          
	 	 	 
	Temporary and other
	1211
	642 (53.01)
	1.00
	1.00

	Permanent
	2515
	1622 (64.49)
	1.61 (1.40-1.85)***
	1.28 (1.06-1.54)*

	
                            Education
                          
	 	 	 
	None
	1720
	936 (54.42)
	1.00
	1.00

	Primary
	1070
	694 (64.86)
	1.55 (1.32-1.81)***
	0.92 (0.72-1.17)

	Post primary
	733
	512 (69.85)
	1.94 (1.61-2.33)***
	1.02 (0.75-1.39)

	
                            Wealth quintile
                          
	 	 	 
	Lowest
	605
	308 (50.91)
	1.00
	1.00

	Second
	631
	375 (59.43)
	1.41 (1.13-1.77)**
	1.21 (0.93-1.58)

	Middle
	647
	406 (62.75)
	1.62 (1.3-2.04)***
	1.44 (1.1-1.88)*

	Fourth
	752
	494 (65.69)
	1.85 (1.48-2.3)***
	1.59 (1.22-2.07)**

	Highest
	745
	501 (67.25)
	1.98 (1.59-2.47)***
	1.73 (1.32-2.27)***

	
                            Year of death
                          
	 	 	 
	2006
	885
	453 (51.19)
	1.00
	1.00

	2007
	901
	518 (57.49)
	1.29 (1.07-1.55)**
	1.16 (0.94-1.44)

	2008
	1024
	655 (63.96)
	1.69 (1.41-2.03)***
	0.99 (0.79-1.24)

	2009
	916
	638 (69.65)
	2.19 (1.8-2.65)***
	0.83 (0.64-1.06)

	
                            Place of death
                          
	 	 	 
	Hospital
	1759
	1117 (63.5)
	1.00
	1.00

	Health center
	42
	25 (59.52)
	0.85 (0.45-1.58)
	1.07 (0.51-2.23)

	Clinic
	26
	19 (73.08)
	1.56 (0.65-3.73)
	1.23 (0.41-3.68)

	Home
	1525
	937 (61.44)
	0.92 (0.79-1.06)
	1.12 (0.93-1.34)

	Vehicle accident site
	102
	59 (57.84)
	0.79 (0.53-1.18)
	0.79 (0.48-1.29)

	Other
	255
	98 (38.43)
	0.36 (0.27-0.47)***
	0.43 (0.31-0.6)***

	Unknown
	17
	9 (52.94)
	0.65 (0.25-1.68)
	1.13 (0.31-4.06)


Statistical significance: ***P < 0.001; **P < 0.01; *P < 0.05.




Although a number of characteristics prevented successful record linkage of mortality between the Agincourt HDSS and CR system for the period considered in this study, in the latest time period (2009), except for infants and non-South Africans, there were no significant differences in the distribution of background characteristics in all Agincourt HDSS deaths compared to those matched with CR records (Table 5).Table 5
                        Background characteristics of all 2009 Agincourt HDSS deaths compared to those matched with CR records
                      


	Variable
	All deaths in Agincourt HDSS (n = 846)
	Deaths matched with CR records (n = 618)

	
n(%)
	
n(%)
	
p-value

	
                            Sex
                          
	 	 	 
	Female
	411 (48.58)
	307 (49.68)
	 
	Male
	435 (51.42)
	311 (50.32)
	0.679

	
                            Age (years)
                          
	 	 	 
	1-4
	48 (5.67)
	22 (3.56)
	 
	5-14
	25 (2.96)
	20 (3.24)
	 
	15-49
	405 (47.87)
	299 (48.38)
	 
	50-64
	138 (16.31)
	109 (17.64)
	 
	65+
	230 (27.19)
	168 (27.18)
	0.431

	
                            Nationality
                          
	 	 	 
	Other
	246 (29.08)
	145 (23.46)
	 
	South African
	599 (70.80)
	473 (76.54)
	0.038

	
                            Residence status
                          
	 	 	 
	Permanent
	623 (73.64)
	467 (75.57)
	 
	Temporary and other
	223 (26.36)
	151 (24.43)
	0.404

	
                            Highest level of education
                          
	 	 	 
	None
	350 (41.37)
	238 (38.51)
	 
	Primary
	236 (27.90)
	190 (30.74)
	 
	Post primary
	199 (23.52)
	147 (23.63)
	0.622

	
                            Place of death
                          
	 	 	 
	Hospital
	439 (51.89)
	327 (52.91)
	 
	Health center
	8 (0.95)
	5 (0.81)
	 
	Clinic
	4 (0.47)
	4 (0.65)
	 
	Home
	329 (38.89)
	244 (39.48)
	 
	Vehicle accident site
	19 (2.25)
	13 (2.10)
	 
	Other
	46 (5.44)
	24 (3.88)
	 
	Unknown
	1 (0.12)
	1 (0.16)
	0.894

	
                            Wealth quintile
                          
	 	 	 
	Lowest
	127 (15.01)
	72 (11.65)
	 
	Second
	134 (15.84)
	92 (14.89)
	 
	Middle
	150 (17.73)
	111 (17.96)
	 
	Fourth
	184 (21.75)
	142 (22.98)
	 
	Highest
	180 (21.28)
	148 (23.95)
	0.469






Discussion
In South Africa, there are no comprehensive systems of pre-linked health data covering large or entire populations such as the Manitoba Population Health Information System in Canada [45] or systems that routinely or periodically link data at any level of jurisdiction. In this study, we have assessed the feasibility of setting up and executing record linkage of mortality data and evaluated the quality of the matched records between the Agincourt HDSS and the CR system. The study was motivated by the unexplored potential of HDSS as sources of independent mortality data for assessing the quality of mortality data in CR systems in low-and middle-income countries.
Using deterministic and probabilistic approaches, our study yielded a matching rate of 60.8% for mortality records from 2006 to 2009, with sensitivity of 90% and PPV of 98.5% for the probabilistic linkage. This matching rate was influenced by a number of limitations relating to the amount, accuracy, completeness, and consistency of information available for the linkage process [46]. First, we had a small number of common variables in the two datasets. Second, collection of the ideal unique-identifier variable, national identity number, was introduced gradually in the Agincourt HDSS over the period of our investigation, starting only in 2007. However, it is worth noting that as of 2013, national identity number was available on 68% of the individuals still under surveillance in the Agincourt HDSS. Therefore, national identity number has an increased future potential as a unique matching variable.Third, we set strict deterministic matching rules with narrow margins for error, such as in the case of the spellings of surnames. Fourth, there has been a particular problem with the reporting of tribal area names instead of village names for some deaths in the death registration system. As more than one village is contained in a tribal area, it is not possible to correct this data entry. Last, the use of proxy respondents, inevitably, in both VA and CR systems, and that VA interviews are conducted one to 11 months after death, may also have reduced the accuracy of individual-level information.
While the record linkage approach employed in this study would typically allow the assessment of completeness using a standard two-source capture-recapture analysis [47],[48], it is not possible in our study. This stems from difficulties in identifying CR deaths that occurred within the Agincourt HDSS borders due to the recording of local tribal area names rather than the official village names on the CR death registration forms for some deaths. The three tribal areas containing the study site additionally include areas not covered by the Agincourt HDSS. Furthermore, the places of birth, death and residence in the CR data, reported by the relative or friend of the deceased, were not verified against the StatsSA official or Agincourt HDSS colloquial place names. Valuable lessons were learned in this regard, and recommendations are offered in the Conclusion.
Even though the matching rate in this study is low and it is not possible to assess completeness of death registration using a standard two-source capture-recapture analysis due to the limitations above, the similarity in the distribution of most of the background characteristics in all Agincourt HDSS deaths compared to those matched with CR records in the latest time period (2009) suggests that the record-linked data can enhance understanding of death registration practices into the CR system through identifying subgroups likely to be underrepresented in the CR data. For example, the finding that after adjusting for other variables, matching rates are significantly lower for records belonging to more vulnerable people, including poorer persons, children <5 years, and non-South Africans could possibly be interpreted to mean that their deaths are less likely to be registered. In addition, adding cause of death data to the record-linked data can also allow cause attribution and leading cause of death comparisons between the data sources. Such analyses, accompanied by careful interpretation, can form a useful basis from where to adjust cause of death data according to observed biases. At the individual level, misclassification patterns can be identified, which can offer insight into newly identified and re-occurring biases in cause of death attribution. Cause of death analyses using the record-linked data generated in this linkage study are presented in a forthcoming paper [49].

Conclusion
Despite strict policies to protect the confidentiality and safety of the data reported into each system, record linkage of mortality data between a CR system and an HDSS was possible in our study. To our knowledge, our study is the first in South Africa and possibly in sub-Saharan Africa to assess the feasibility and utility of linking HDSS and CR mortality data. The resultant data are useful for assessing selected population and individual health measures as referred to above, and hold potential to improve rural data quality.
We suggest the following five crucial contributions for further fruitful linkage exercises: the routine collection of national identity number in all the South African HDSSs; collaborative efforts to address place-name inconsistencies; recording of actual village/town/suburb names on death notification forms instead of tribal area names or adequate provision to provide for both; the development of an electronic place-name database, linked to detailed maps, against which to verify place names reported into the CR system, for use by Home Affairs registration offices; and aligning study site borders with established official borders when setting up or extending HDSS sites.
Given our success in matching with surnames in this study and other studies’ successes in using names [50],[51], we additionally recommend that in addition to the surname, the deceased’s full names (which are already captured on notice of death/stillbirth forms) be included in StatsSA datasets. Finally, concerted action among the governmental departments involved, health researchers, and relevant health data advisory committees is suggested to revitalize/modify the data fields on the notification form such that it is possible to identify the place of death, death registration, most recent employment prior to death, and residence of the deceased.
From a broader perspective, the methods and findings from this study are also of interest given the potential for application in other HDSS sites. Currently there are more than 45 HDSS sites across Africa, Asia and Oceania [16],[18]. Conducting similar studies could serve to evaluate CR data where available, help identify gaps in national or sample CR systems, and where feasible, guide improved mortality and cause of death estimates. Of special interest would be the conduct of a similar study using data from an urban HDSS, such as DodaLab in Vietnam [52], to obtain empirical evidence for or against the general assumption that death registration is more complete in urban compared to rural areas and to help identify under-registered groups in urban areas. Such an empirical approach has potential to strengthen the evidence base for population health assessment and policy in developing countries where CR systems are weak.
Finally, our study provides scarce empirical evidence about factors affecting death registration, which has implications for strategies to accelerate death registration in countries with deficient CR systems.
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