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Abstract

Age heaping is an important source of demographic bias in many

countries. There is little scholarship on the effect of age heaping on

cancer rate estimation. We use Nigerian demographic and cancer reg-

istry data to (1) quantify age heaping in states and within cancer

registries using the Myers Blended Index and (2) examine the effect

of residual age heaping bias on age standardized cancer rates (ASRs).

We find severe age heaping at the level of the state and within cancer

registries which is more pronounced in the north than the south. Fur-

ther, we find less age heaping among women in registries compared to

both men in registries and to women in the general population. Lastly,

1



we find little evidence of residual age heaping bias comparing ASRs

estimated using the population data as given (Base) to Arriaga and

Strong smoothed imputed populations. The geographic results likely

reflect economic and educational disparities between the north and

south. The gender difference may signify that higher educated women

do more screening and seek care more often. Lastly, the absence of

ASR differences between the Base and smoothed populations provides

evidence that age heaping may not seriously bias ASRs in countries

with severe age heaping.

1 Introduction

There is a dearth of scholarship on the effects of demography on cancer

rate estimation in developing countries. Many challenges, including irregular

censuses, internal migration and age heaping, present potentially important

sources of demographic bias in estimating cancer rates [1].

Among demographic variables, age is among the most important. Popu-

lation age structures are the essential foundation for estimates of standard-

ized and comparable burdens of disease. In many countries, individuals do

not know their exact age and estimate it when required. This leads to age

heaping, a common phenomenon observed in multiple cultural and national

contexts when a greater number of people state their age as a given multiple

than would be expected if the rate of births and deaths was not cyclic on

these multiples [2]. In many cultures, age heaping around ages ending in 0

and 5 years has been observed with a greater proportion of people claiming

to be aged 40 or 45 than 39, 44, etc [3]. Different cultures may age heap on

different multiples. For example, it has been observed that the Han Chinese

age heap on 12 year multiples aligning with the zodiac cycle [4]. Age heaping

has been found to be a useful measure of population numeracy and scholars
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continue to use indices of age heaping as proxies of quantitative reasoning

ability [5].

Scholars have recognized the influence of age heaping on health, economic

and demographic statistics in Africa at least since the late 1960s and early

1970s [6, 7]. Other recent work has examined age heaping in Nigeria [8].

Among African countries, Nigeria is the most populous; one in five Africans

lives in Nigeria. As such, the country is tremendously diverse in ethno-

linguistic and cultural groups [9]. There is historical anthropological evidence

of a base 12 number system in the north of Nigeria that may influence age

heaping tendencies [10].

While current methods of cancer age standardized rates (ASR) estimation

attempt to account for bias from 0 to 5 year heaping, they do not attempt

to address heaping on base 12 numbers. How age heaping might potentially

affect ASR estimation depends not only on the number base heaped upon,

but whether different segments of the population have differing tendencies

to age heap, the real age structure of the population and the direction of the

heaping (up or down). With so many variables, it is difficult to predict how

precisely age heaping may affect ASRs.

People in any given decade of life are not likely to heap at random; cultural

and other factors may influence the direction of heaping. Therefore, age

heaping would seem likely to introduce bias to both age specific incidence

(ASI) and ASRs and regardless of the multiples heaped upon.

At present, although there are methods to address the problem, there is

little understanding of how age heaping, as an estimation bias problem in

country specific contexts, affects cancer rate estimation. To investigate the

role of age heaping on cancer rate estimation in Nigeria, we examine state

population pyramids and numerical indices of age heaping at the state level

and within individual cancer registries. Demographic methods are used to

smooth the population distributions to permit appreciation of the effect of
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residual age heaping bias on cancer rate estimation using truncated ASRs.

2 Methods

In collaboration with the Institute for Human Virology, Nigeria [11] and the

Federal Ministry of Health [12], ethical approval was sought and granted

from the University of Minnesota Institutional Review Board [13] and the

National Health Research Ethics Committee of Nigeria [14]. Twenty four

Nigerian cancer registries were identified for potential inclusion in the study

and invited to participate. Fourteen of these applied for and received permis-

sion to participate from their local health and or ethical authorities. From

these 14 registries, 12 were deemed to have data of sufficient quality to be in-

cluded in the study. The 12 registries were (1) University of Abuja Teaching

Hospital Cancer Registry, (2) The Abuja Cancer Registry, National Hospital,

Abuja, (3) University of Calabar Teaching Hospital Cancer Registry, (4) The

Ibadan Cancer Registry, (5) Professor Olikoye Ransome-Kuti (Midwestern

Nigeria) Cancer Registry, (6) Abeokuta Cancer Registry, (7) Cancer Reg-

istry, Federal Medical Centre, Ido Ekiti, (8) University of Nigeria Teaching

Hospital Cancer Registry, (9) Ife Ijesha Cancer Registry, (10) Ilorin Cancer

Registry, (11) Nnewi Cancer Registry and (12) University of Port Harcourt

Teaching Hospital Cancer Registry.

2.1 Data

Participating cancer registries submitted registration data from years of their

choice; among all registries these ranged from 1989 to 2011. Registries were

also surveyed with a questionnaire to establish working catchment areas and

to gather other pertinent meta data. Cancer case registry data from the

12 participating registries was cleaned and standardized. Some registries in-
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cluded standardized case addresses, which were used for case inclusion in

working catchment areas. Three registries did not use CanReg4 1 and did

not code their cases using any internationally recognized pathological classi-

fication system. To address this problem, a professional cancer registrar was

hired to code these cases using the International Classification of Diseases

for Oncology, third edition (ICD-O-3) [15]. To examine systematic differ-

ences and coding fidelity, the professional registrar also recoded a previously

ICD-O-3 coded registry that had been stripped of coding for comparison.

Case data from both coded and uncoded registries was then harmonized for

subsequent calculations of ASRs.

Population data from the 1991 and 2006 Censuses came from the Nigerian

National Bureau of Statistics [16] and the National Population Commission

of Nigeria [17].

2.2 Age Heaping Measure

There are several measures which have been developed to examine age heap-

ing including Whipple’s Index, the Bachi Index, the Carrier Index and the

Ramachandran Index. However, the most widely used is the Myers Blended

Index (MBI) which improves on the Whipple’s Index and does not differ

greatly in results compared to the other methods. The major improvement

with the MBI comes from its use of blending to avoid a bias associated with

the effect of mortality on ages ending in “0”. The MBI was used for quanti-

fying the degree of age heaping in both population data at the state level in

2006 and separately in individual cancer registries across all years of submis-

sion [2]. The index ranges from 0 to 100 (with 0 indicating no age heaping)

and uses deviation from expected end digit ages for the estimation. It is

1CanReg4 is case registration software created and maintained by the International

Agency for Research on Cancer
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calculated as follows; an example is found in Siegel et al. 2008 [2].

Step 1. Sum the populations ending in each digit over the

whole range starting with the lower limit of the range (e.g., 10,

20, 30,...80; 11, 21, 31...81).

Step 2. Ascertain the sum excluding the first population com-

bined in step 1 (e.g., 20, 30, 40,...80; 21, 31, 41,...81).

Step 3. Weight the sums in steps 1 and 2 and add the results

to obtain a blended population (e.g., weights 1 and 9 for the 0

digit; weights 2 and 8 for the 1 digit).

Step 4. Convert the distribution in step 3 into percentages.

Step 5. Take the deviation of each percentage in step 4 from

10.0, the expected value for each percentage [2].

Additionally, we created population pyramids for each Nigerian state in

2006 as well as for Minnesota and the United States in 2010 for comparison.

2.3 Ecological Regression

The relationship between age heaping magnitude and population education

has been previously established and the former has been used as a proxy of

the latter in many studies [5]. To the our knowledge, literature has not been

published on this relationship in Nigeria. We used univariate linear regression

and correlation to examine the relationship between Nigerian state MBI and

state literacy rates among those over 15 years old.
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2.4 Population Imputation Method

Using only the population data from the censuses in 1991 and 2006 at the

state and local government area (LGA) level, a linear model was used to

impute the population growth from 1989 to 2011 [2]. These two years are

the most recent two censuses in Nigeria. First, the ages were aggregated

into five year groups (0-4...85+) for males and females. Then the average

absolute change was calculated between 1991 and 2006 and used to impute

the population from 1989 to 2011. In 1996, several new LGAs and some

new states were created. Population imputation in these areas were handled

either through aggregating the population of several LGAs together to match

the 1991 LGAs or maintaining merged LGAs as separate entities by using

the state growth and projecting the LGA populations forward and backwards

from 1991. For this work, the 2009 and 2010 imputed populations were used.

2.5 Population Smoothing Methods

Although the age grouping by 5 year intervals is designed to remove bias from

age heaping and other demographic data anomalies, there is often remaining

residual bias. To examine the effect of age heaping on estimation of ASRs,

the Arriaga and Strong age smoothing methods were employed to impute

alternate population distributions for 2009 and 2010 [18].

Both the Arriaga and the Strong methods use all members of the popu-

lation aged 0 to 79 for imputations. However the Arriaga method achieves

“light” smoothing by not modifying the population in each 10 year age group,

while the Strong method modifies these ten year groups assuming that age

may be misreported by more than 10 years. In comparison to other light

smoothing methods including the Carrier-Farrag, Karup-King Newton and

United Nations methods, the Arriaga methods smooths from 0 to 79 years,

compared to 10-69 years. This is desirable in cancer rate estimation since
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incidence increases with age. It also uses three decades at a time with differ-

ent formulae for first three, last three and middle decades. Both the Strong

and Arriaga formulae are given in Arriaga 2003 [18].

2.6 Age Standardized Rates

Cancer ASI rates were calculated by gender (not presented) and then used for

estimation of the ASRs using the World Standard Population [19]. Although

there is some controversy about whether the World Standard Population

should be updated, most international cancer estimates use direct standard-

ization and the traditional World Standard Population for rate calculation,

as does this study [19, 20, 21].

The ASRs were calculated using the population as given (Base) with the

ASI truncated at 80 years to make these rates comparable to those estimated

using the Arriaga and Strong smoothed imputed populations. Subsequently,

separate ASRs were calculated using the Arriaga and Strong smoothed im-

puted populations.

2.7 Software

STATA release 12 was used for data management, cancer rate calculations,

population imputation and matrix and table management [22].

ArcGIS was used to develop choropleth maps of age heaping in the Nige-

rian states in 2006 for males, females and combined and the all the years of

registries submission for males, females and combined [23].

The Population Analysis System (PAS) from the United States Census

Bureau was used for the age heaping calculations, age smoothing and creating

the population pyramids [24].
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3 Results

The population pyramids for the 36 Nigerian states in 2006, the MBIs for age

heaping at the state level, the MBIs for the cancer registries and the ASR

tables for each registry by sex for 2009 and 2010 are all available on request.

3.1 Population Age Heaping

First, we will consider the age heaping results. Among Nigerian states, the

MBI for males and females respectively ranges from 17.89 and 21.93 for Lagos

State to 88.7 and 91.67 for Zamfara State. Among all states, the mean MBI

was 52.25 for males and 55.22 for females. The median MBI was 48.36 for

males and 51.9 for females. See figures 1 and 2. For comparison, the MBI

for Minnesota males and females was 2.81 and 3.13 respectively.

In the state choropleths, we see that age heaping appears to be more

severe in northern Nigeria than the south for both males and females.

3.2 Registry Age Heaping

Considering the age heaping within individual cancer registries, the MBI for

males range from 14.14 for the National Hospital Abuja to 57.90 for the Ife

Ijesha Cancer Registry. Similarly for females, the MBI range from 13.38 at

the National Hospital Abuja to 63.13 at the Ilorin Cancer Registry. The mean

registry MBI for males was 39.23 and the median was 41.54. For females they

were 37.13 and 38.02 respectively. See Appendix D.

The registry choropleths do not show any discernible pattern.

3.3 Ecological Regression

When we regressed the state MBI on the state over 15 literacy rate in 2006,

the coefficient for the literacy rate was -0.599 (95% CI: -0.831, -0.367). For
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every 1 percent increase in state over 15 year old literacy rate, the combined

male and female state MBI decreases by 0.6. The two variables shared a

correlation of -0.7615.

3.4 Age Standardized Rates

The ASR tables (per 100,000 person years) showing the three types of pop-

ulation imputation rate calculations for Ibadan Cancer Registry in 2009 are

given in Tables 1 and 2. The other registry tables are available on request.

These ASRs are all truncated at 80 years old to facilitate comparison amongst

the population imputation methods; they are not comparable to typical

ASRs. While the tables give the rates for cancers defined by ICD10 codes,

here, I focus on the cancers considered to be the most important in Nigeria.

Considering the Ibadan Cancer Registry in 2009 for males, the Base ASR

for prostate cancer is 11.64, while using the Arriaga and Strong population

smoothing methods yields rates of 11.46 and 11.25 respectively. For cancer

of the liver and intra-hepatic bile ducts, the Base ASR is 2.50, while with the

Arriaga and Strong methods, the rates are 2.45 and 2.42 respectively (see

Table 1).
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Figure 1: Population Pyramid for Lagos State in 2006
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Figure 2: Population Pyramid for Zamfara State in 2006
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Figure 3: Age Heaping in Nigerian States in 2006. The center map depicts

age heaping in the combined male and female populations. The map on the

left only considers males, while the one on the right only depicts female age

heaping.
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Figure 4: Map of Age Heaping in Nigerian Cancer Registries. The center

map depicts age heaping in the combined male and female populations. The

map on the left only considers males, while the one on the right only depicts

female age heaping.
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Among female cases registered at the Ibadan Cancer Registry in 2009, the

Base ASR for breast cancer was 22.77, while the Arriaga and Strong ASRs

were 22.46 and 21.81 respectively (see Table 2).
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In the 2009 combined estimations from the University of Abuja and Na-

tional Hospital Abuja, the Base ASR for cancer of the cervix uteri is 31.96

while using the Arriaga and Strong methods yielded 31.15 and 27.25 respec-

tively.

4 Discussion

4.1 Age Heaping

There were several interesting findings in re age heaping in Nigeria. First,

although there is historical documentation of usage of a base 12 number

system, examinations of the population pyramids for the northern states

does not reveal any obvious heaping on 12, 24, 36 etcetera. There does

appear to be fairly obvious heaping on 0 and 5 in all Nigerian states and this

may be more pronounced after 20 years old. Like most countries in Africa,

the population pyramids are bottom heavy indicating a large youth bolus.

After calculating the MBI at the state level and mapping them, it ap-

pears that the states in northern Nigeria generally have higher indices of age

heaping than those in the south (see Figure 3. This is not surprising as age

heaping has been established as a proxy for population numeracy and north-

ern Nigeria is both less economically developed and has potentially more

heterogeneity in quality of primary and secondary education compared to

southern Nigeria.

The low MBI in Lagos state likely reflects the high numeracy of the

population; similarly, the high MBI in Zamfara state likely reflects the low

numeracy there. The high correlation (-0.76) between MBI and percentage of

the population 15 years and older who are literate and associated regression

results both lend support to the education hypothesis. It is also notable that

with the exception of Anambra, Bayelsa, Ekiti, Jigawa, Katsina, Kogi, Niger
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and Osun States, the MBI is higher for women than men (see Figure 4).

This may reflect poorer numeracy among women than men and the related

educational outcomes gap. It could also reflect cultural norms in the north

that may lead to census responses by proxies for women by male family

members who are less knowledgeable about their ages [25].

In the cancer registry data, the mean and median MBI for women is lower

than for men and this appears to be true for 8 of the 12 registries. This is

interesting because it is the opposite of what is seen at the state level. There

may be several explanations for this finding. We know that vastly more

female cases are registered than male cases; better educated women may be

more likely to both seek screening for cancer (e.g. breast and Papanicolaou

exams) and seek care when they detect potential pathology in themselves.

On the other hand, the difference seen between the population and registry

data could be the result of the former being given by proxy and the latter

given by patients themselves.

Of particular note, of the original 24 registries invited to participate, only

5 were located in the north. Two of these elected to participate but had data

of such poor quality that they were not able to be included. As is evinced by

the age heaping results and other development indicators, the infrastructure

of the north of the country is less developed than the south and this has

tangible impacts on cancer rate estimation.

The other major element of interest in Figure 4 is the divergence of MBI

between the University of Abuja registry and the National Hospital Abuja

registry. These registries, although both located in the Federal Capitol Ter-

ritory (starred in Figure 4) are 1-2 hours apart and may likely have dramati-

cally different populations presenting for care. It is possible that more highly

educated patients may seek treatment at the National Hospital Abuja which

is located near central Abuja, while the patients seeking care at University of

Abuja 1 to 2 hours away may be less numerate. Because these two registries’
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catchment areas abut each other, their cases are aggregated into one larger

catchment area covering the entire Federal Capitol Territory for subsequent

ASR estimation.

Lastly, enumerators in the 2006 Nigerian census were not allowed to ac-

cept an unknown age from respondents. As is common in other country

contexts, they were trained to use recollection of milestone life events and

historical events [26, 17].

The challenge of unknown ages is not unique to Nigeria or to cancer rate

estimation [27]. There have been several other studies in African countries

with age heaping findings, however these are usually treated as a nuisance

to be addressed rather than a finding in their own right [28]. A study in

Sierra Leone examining age heaping in multiple years of census data found a

mean MBI of 23 for two censuses 9 years apart [29]. In studies of age heaping

over time, the magnitude has been found to decrease with time in multiple

populations [30, 31]. Perhaps this reflects the effect of increased development

and education.

4.2 Effect of Population Age Heaping on Cancer Rate

Estimation

Considering the tables of ASRs, it is apparent that the residual bias from

the age heaping does not appreciably alter the estimates of ASR. There

are several potential explanations for this. First, the majority of the age

heaping observed occurred on the 0 and 5 digits, which is greatly addressed

by grouping cases and denominator in 5 year age groups. Second, from the

population pyramids, there does not appear to be important heaping on 12

year intervals in either the north or the south of the country.

It is notable that the smoothed rates are slightly, but consistently lower

than the Base rates. This may be due to the other considerations of whether
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certain segments of the population are more likely to age heap and whether

they heap up or down. These factors seem to be mostly inconsequential since

the population smoothed ASRs greatly resemble the Base versions. Because

the denominator (person-years) is so many orders of magnitude larger than

the numerator (cases of cancer), it makes sense that modifying the distribu-

tion of the denominator would not have large effects on the estimated ASRs.

However, this could be examined by completing a series of modeling exercises

with different reference populations.

4.3 Necessary Assumptions & Limitations

This work and these conclusions are based on several assumptions. First,

not all of the registries under study consider themselves population based

and I have defined hypothetical catchment areas in collaboration with them

for this and associated studies in the full knowledge that many of these

catchment areas are at least partially contrived. Second, while some registries

have standardized methods for recording the address of a given case, most

registries do not. This means that for those that do not, we must assume that

all cases registered should fall into the associated catchment area. These two

major assumptions are clearly fallacious - to be a population-based registry,

a registry must not only have a clearly defined catchment area, but they must

have the resources and personnel to be able find and record all cases in the

area. Even among Nigerian registries with defined populations, the regular

and complete ascertainment of all cases is an ongoing challenge made more

difficult by insufficient resources, personnel, geography and strife.

However, because the present study is using truncated non-standard ASRs

with the as given (Base) and imputed data to study the effects of age heaping

bias and not the incidence of cancer in the country, the data interpretations

given here are robust to these limitations.
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4.4 Conclusions

To conclude, we find evidence of significant age heaping at both the level of

the state and within individual Nigerian cancer registries. Most age heaping

occurs on the 0 and 5 digits; there was no evidence of age heaping on a base 12

number system in any state. Because of the high correlation of age heaping

with numeracy and by extension education, we interpret these results as

indicating lower levels of numeracy in the north of Nigeria. Further, we find

lower levels of age heaping among female cases in Nigerian cancer registries

compared to both men in the registries and men and women in the general

population. This may be evidence of increased screening and care seeking

among higher educated Nigerian women compared to both men and Nigerian

women generally.

There appears to be very little residual bias due to age heaping as ev-

idenced by the similar ASRs produced using the Base, Arriaga and Strong

imputed populations. We find that the ASRs produced from the population

smoothed data are consistently lower than those from the Base data; future

modeling studies with different magnitudes of age heaping in particular sec-

tions of the population and different reference populations may shed light

on this finding. This empirical evidence lends increased confidence to ASRs

estimated using population data with moderate to severe age heaping.
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