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ABSTRACT:  Appropriate open defecation free (ODF) sustainability interventions are key to mobilising 
communities to consume sanitation and hygiene products and services that enhance quality of life and result 
in embedded behavioural change. This study aims to develop a logistic regression derived risk algorithm to  
estimate the risk of the loss of ODF status over a 12-month period, and to externally validate the model  
using an independent data set. ODF status loss occurs when one or more toilet adequacy parameters is 
no longer present for one or more toilets in a community. Data collected in the Zambia district health  
information software for water sanitation and hygiene management was utilised in this study. Datasets for 
the Chungu and Chabula chiefdoms were selected for this study. The data was collected from the date of 
attainment of ODF status (October 2016) for a period of 12 months until September 2017. The Chungu 
chiefdom data set was utilised as the development data set whilst the Chabula chiefdom data set was utilised  
as the validation data set. Data was assumed to be missing at random and the complete case analysis  
approach was used. The events per variables were satisfactory for both the development and validation 
data sets. Multivariable regression with a backwards selection procedure was used to decide candidate  
predictor variables with p values less than 0.05 meriting inclusion. To correct for optimism, the study 
compared amount of heuristic shrinkage by comparing the model’s apparent C-statistic to the C-statistic 
computed by non-parametric bootstrap resampling. In the resulting model, an increase in the covariates 
‘months after ODF attainment’, ‘village population’ and ‘latrine built after CLTS’, were all associated with a 
higher probability of ODF status loss. Conversely, an increase in the covariate ‘presence of a handwashing 
station with soap’, was associated with reduced probability of ODF status loss. The predictive performance of 
the model was improved by the heuristic shrinkage factor of 0.988. The external validation test confirmed 
good prediction performance with an area of 0.85 under the receiver operating characteristic curve and no 
significant lack of fit (Hosmer-Lemeshow test: p = 0.246). The results of this study must be interpreted 
with caution in context where ODF definitions, cultural and other factors are different from those described 
in the study.
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1 BACKGROUND 

Achieving and sustaining open defecation free (ODF)  
status has increasingly become a shared goal for  
communities, interventionists, non-governmental and the 

Government of Zambia. Poor access to sanitation and  
hygiene infrastructure negatively impacts progress on 
agreed international targets on health, poverty and human 
dignity (Roche, et al., 2017; Hutton & Chase, 2016). 
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In 2015, only 39% of the global population used  
safely-managed sanitation measures, with two in every 
five persons living in rural areas. As of 2015, 892 million  
people worldwide still practice open defecation (World 
Health Organization , 2017). The diseases associated 
with poor sanitation practice (including open defecation)  
account for about 10% of the global burden of disease 
(Prüss-Üstün, et al., 2008; McGinnis, et al., 2017). These 
include diarrhoeal diseases, acute respiratory infections, 
malnutrition and tropical diseases such as helminth and 
schistosomiasis infection (Van Minh & Hung, 2011; Araujo 
Navas, et al., 2016). Diarrhoea alone accounted for 19%  
of the deaths in children under the age of five in  
Sub-Saharan Africa (Mara, et al., 2010). 88% of these  
cases are attributable to unsafe water, inadequate sanitation, 
and poor hygiene (Roche, et al., 2017). The lack of access  
to safe sanitation cost the global economy USD $222.9 
billion in 2015, with associated costs linked to mortality,  
productivity and healthcare (Lixil, WaterAid Japan &  
Oxford Economics, 2016). The global economic return on 
sanitation spending is USD $5.5 per US dollar invested 
(Hutton, 2012).  

The key to mobilising communities to move away from 
poor sanitation practices, such as open defecation, is the 
use of appropriate sustainability interventions otherwise 
termed ‘Open Defecation Free’ (ODF) measures. One such 
measure is the adoption of “adequate household toilets”. An 
adequate household toilet is one that satisfies the following 
design requirements: 1) contains a smooth cleanable floor, 
2) has a superstructure that provides privacy, 3) includes 
a handwashing station with soap and, 4) has a lid or vent 
valve to prevent flies.

A community, such as a chiefdom, can be designed an Open 
Defecation Free (ODF) status when all of the household 
in every village contain an adequate household toilet. If 
not every village in the chiefdom contains adequate toilets; 
the chiefdom is designated with an open defecation (OD) 
status.

Once ODF status is granted through verification and  
certification, this status must be maintained by the  
community through ongoing maintenance of existing  
adequate household toilets as well as the construction of 
new adequate household toilets. The ODF status is not a 
permanently held status and can be lost or reverted when 
one or more of the adequacy parameters are no longer 
present for one or more toilets in a community (Galan, 
et al., 2013; Njuguna & Muruka, 2017): this trend is  
otherwise termed ODF status loss. 

It is recognised that maintaining the ODF status is  
challenging due to uncertainties in social cohesion, d and 
government prioritisation of sanitation, sustainability of 
toilet and handwashing technologies, sanitation financing, 

governance, monitoring and sanitation markets (Bongartz, 
2016; Odagiri, et al., 2017). Faced with the challenge of 
ODF status loss, there is limited scientific evidence to guide 
a systematic approach on mitigating ODF status loss risk 
factors. 

ODF status loss risk prediction can be useful in guiding 
and subsequently inform the adoption of cost-effective and 
timely mitigation measures.  (Hendriksen, et al., 2013).  A 
risk score is a standardised metric for the likelihood that a 
variable of interest will experience an outcome (Royston, 
et al., 2009). ODF status loss risk prediction modelling 
is essential in identifying and providing appropriate 
intervention measures for communities at high risk of ODF 
status loss. 

This paper aims to develop a simple systematic tool 
to identify villages at high risk of ODF status loss. It  
develops and externally validates a prognostic model to  
estimate twelve-month status loss risk for a Zambian  
chiefdom. Equipped with this information, decision-makers  
can more wisely prioritise and allocate scarce human,  
financial, logistical and other associated resources for ODF 
sustainability interventions.

2 MATERIALS AND METHODS 

2.1 Source of Data

In Zambia, for a chiefdom to be designated an ODF  
status, it must be verified and certified that all the chiefdom 
villages households include an adequate household toilet 
(Zimba, et al., 2016). The four design parameters that  
define an adequate household toilet are the following:

1.  a smooth cleanable floor

2.  a super structure providing privacy

3.  a hand washing station containing soap and

an orifice lid Retrospective longitudinal cohort data was 
extracted from the district health information software 
for water sanitation and hygiene management information  
system (DHIS2 WASH MIS) registry data for both the  
development and validation data sets. 

DHIS2 is a free and open-source framework for  
management of aggregated health information (Manoj, 
2013). The DHIS2 is used for collection, validation,  
analysis, and presentation of aggregate statistical data,  
tailored to integrated health management activities  
(Asangansi, 2012). In Zambia, the DHIS2 serves as the  
national database platform for the Ministry of Local  
Government and Housing (MLGH) (Biemba, et al., 2017). 
The DHIS2 WASH MIS is a mobile surveillance real time 
monitoring tool that is used for sanitation and hygiene 
monitoring in Zambia (Markle, et al., 2017). 
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Data in the DHIS2 WASH MIS is entered via a Java- 
supported mobile phone by community volunteers  
(community champions). The volunteers are tasked with 
providing monthly data monitoring support for village 
groups averaging 10 villages or more. The community 
volunteer amalgamates data collected from each village’s  
sanitation action group (SAG). The village SAG is  
responsible for collecting paper-based household level 
data on parameters related to toilets. They use the water  
sanitation and hygiene, sanitation action group (WASH 
SAG) data collection form. Each community champion  
visits their assigned villages of supervision, during the  
period from first to the tenth of each month. They are 
expected to collect and submit aggregated data from each 
village’s WASH SAG data collection form for the previous  
month by the tenth day of each month. Before the  
community champion aggregates data and submits through 
their mobile phone, they randomly pick three households 
on the WASH SAG form for a spot verification check.  A 
ward government line agency extension officer, conducts a 
meeting with a champion to assess the quality of the data 
prior to submission to the DHIS2WAS MIS platform. The 
following variables are collected from utilising the WASH 
SAG data collection form: village name, total number of 
households in a village, village population, number of 
toilets before and after Community-Led Total Sanitation 
(CLTS) approaches were implemented, number of toilets 
fulfilling the adequate household toilet definition.

2.2 Interventions and Village Selection 

The Chungu and Chabula chiefdoms were utilised as the 
development and validation datasets for this study. Data for 
both these chiefdoms was extracted from the DHIS2 WASH 
MIS platform. Chungu and Chabula chiefdoms are two of 
the five chiefdoms in the Luwingu district of the Northern 
Province of Zambia. 

Sanitation and hygiene interventions were introduced 
in the two chiefdoms in August 2014 through the local  
district council with support from its sanitation and  
hygiene partners. The Community-Led Total Sanitation 
(CLTS) approach was used for sanitation demand creation 
in both Chungu and Chabula chiefdoms. CLTS is designed  
to mobilise individuals in action to eliminate open  
defecation as a whole community (Harter, et al., 2018). 
It is a participatory approach in which facilitators visit  
villages and trigger awareness of sanitation practices 
and subsequently perform follow-up visits to villages to  
generate a community-wide effort to become an open  
defecation free (ODF) status holder (Crocker, et al., 2017). 

To build capacity of CLTS facilitators in implementing 
district-wide activities in Luwingu district, CLTS district 
and sub-district level implementers ere trained in the 

CLTS methodology through the District Water Sanitation 
and Hygiene Education Committee (DWASHE) with the  
assistance of the CLTS national coaches. The cadres were 
periodically followed up to review their application of 
CLTS methodology. The DWASHE is a multi-stakeholder  
representative body for all government line agencies,  
donors, local non-governmental organisations (NGOs), 
civil society organisations and the private sectors  
involved in the governance and implementation of  
sanitation interventions at district level (Lungu & Harvey,  
2009; Kanyamuna, 2010). To steer quality and  
effectiveness in implementation targets, strategies,  
standards, norms and approaches were aligned through 
the development and use of the Luwingu District Total 
Sanitation Plan 2014 to 2017 through a multi-stakeholder 
process. All trained cadres at district and sub-district level 
were trained in the use of the DHIS2 WASH MIS platform 
and provided with Java-supported phones, WASH SAG data 
forms and bicycles to enhance effectiveness in reporting.  
The baseline data in 2014 revealed that 38% of the  
population in the Luwingu district had access to toilets 
whereas 0% had a handwashing station with soap (SNV, 
2018). 

Chief Chungu and Chabula’s chiefdoms were sampled to 
determine their ODF status on the 20th of October 2016 
(Mutyoka & Makombo, 2016; Kachemba, 2016). The 
Chungu chiefdom is led by her Royal Highness Chieftainess 
Chungu and is located 58 kilometres from the Luwingu 
district administration. The Chiefdom has a population 

Figure 1: Location of Chungu and Chabula Chiefdom’s in  
Zambia 
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of 29,840 people across 220 villages; 34 villages in  
Kampemba, 42 villages in Kafinsa, 38 villages in Ilambo, 
52 villages in Mufili and 54 villages in Mulalashi wards  
(Central Stattistics Office , 2010). Villages are organised, 
small local communities of people in daily face-to-face  
interaction (Drennan & Peterson, 2006). The economy 
for the Chungu chiefdom is agricultural, with maize as the  
major cash crop. 

The Chabula chiefdom is led by chief Chabula and is  
located 85 kilometres from the Luwingu district  
administration. The chiefdom has a population of 14,112 
people across 117 villages; 79 villages in the Bwalinde and 
33 villages in Ibale wards (Central Stattistics Office, 2010). 
The Chabula chiefdom’s economy is a mix of agriculture 
and fish farming. The chiefdom borders Lake Bangweulu 
at Nsombo, a principal town at the northern part of the 
lake, which supports fish farming (Wikipedia contributors, 
2018). Figure 1 shows the location of Chief Chungu and 
Chief Chabula chiefdoms.

The village population data collected for the development 
model includes 67 villages of 220 villages assigned to the 
Ilambo, and Mufili wards in Chungu chiefdom. In the  
validation dataset of the Chabula chiefdom, the village  
population data for 56 of the total 117 villages in the 
Bwalinde and Ibale wards were used. 

To be included for both the development and validation 
datasets, only the villages that had data imputed for at least 
3 of the 12 months of the year (i.e. at least 25%) were 
considered. There are no agreed estimates in literature on 

Table 1 Village selection for the development and validation models

Chiefdom Ward Total number of 
villages

Villages with  
data

Villages without 
data

Villages with at 
least 3 month of 
data

Chungu Kampemba 34 0 34 0

Kanfisa 42 7 35 0

Ilambo 38 37 1 37

Mufili 52 30 22 30

Mulalashi 54 15 39 0

Total 220 90 131 67

Chabula Bwalinde 79 67 12 23

Ibale 33 33 0 33

Total 117 87 30 56

the amount of allowable missing data. Differing views are 
held by researchers on the appropriate cut-off point for 
data missingness but there have been suggestions as high as 
20% is appropriate (Chao-Ying Joanne, et al., 2006).  Table 
1 shows the data captured for the study.

2.3 Outcome

The measured outcome in both the development and  
validation models, was ODF status loss. The ODF status 
loss variable in each village was derived by subtracting the 
monthly number of adequate toilets from the total monthly 
number of households in the village.  Any non-zero result 
was assumed as an ODF status loss. 

2.4 Predictors 

The development and validation datasets were cleansed 
to ensure that the number of households in a village was 
always greater than or equal to the number of toilets  
defined as “adequate”. Four cases with this inconsistency  
were retrieved and evaluated. The study investigated  
historical cases to ensure the data cleansing minimised the 
introduction of any new data.

The following predicator variables were extracted for  
each village: 1) Champion and SAG meeting, 2) latrine 
in use, 3) latrine built after CLTS, 4) latrine lids and, 
5) latrine with smooth and cleanable floor data. Other  
predicator variables include: 1) latrine privacy, 2) number  
of latrines with handwashing with soap stations, 3)  
number of households and, 4) total village population. 
These predicator variables and co-variates are defined as 
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following:

• Champion and SAG meeting - the monthly number of  
interactions the community volunteer has with SAG. 

• Latrine in use - the toilet infrastructure available in the 
village that are used as toilets

• Latrine built after CLTS - the number of latrines built after 
the CLTS intervention in each village. 

• Latrine lid – ascertains the vector transmission of faecal 
matter. 

• Latrine with smooth cleanable floor – ascertains the  
technologies to enhance use and maintenance of toilet 
facilities

• Latrine privacy - assesses acceptable latrine infrastructure  
(i.e. latrine walls, door etc.) that ensures dignity for  
users. 

• Number of latrines with handwashing with soap stations – 
quantifies behavioural change through a proxy measure 
of the availability of a handwashing station with soap 
within 10 meters from a toilet.

2.5 Sample Size

The study did not calculate a formal sample size but used 
all available data in the development and validation models 
from the DHIS2 WASH MIS data to maximise the power 
and generalisability of the results. There are no generally  
accepted approaches to estimate sample size in the  
derivation and validation of studies for risk prediction 
models. Some have suggested having at least 10 events per 
candidate variable (EPV) for the derivation of a model 
(Pavlou, et al., 2015). The EPV for both the development 
and validation models for this study were satisfactory 
(Austin, et al., 2017; Vittinghoff & McCulloch, 2007) and 
therefore expected to provide estimates that are robust. 

2.6 Missing Data  

Limitations to data capture and reporting included the  
following: limited internet connection, loss of software  
application (DHIS2 WASH MIS) on mobile phones, failure 
to access villages during the wet season. As a consequence 
of these limitations, 12% of the development model data 
were not captured for random villages in random months 
and is assumed as missing. 53% of the validation model 
data was not captured and is assumed as missing. 

A data point of a village can be classified ‘missing’ during  
one data capture event but then ‘measured’ again at  
subsequent data capture events. This results in non- 
monotonic missing data patterns for villages. In this case, 
the probability of missing values was not related to the value 
of the observed responses, and thus the data was assumed 

to be missing completely at random (MCAR) for both the 
development and validation models (Kang, 2013). In the  
development model, however, 3% of the data was  
missing at random (MAR). In this case, the probability  
of data missing was dependent on the set of observed  
responses. It is established that an analysis restricted to 
study participants with complete datasets can be both  
biased and inefficient (Spratt, et al., 2010) and this is  
especially a threat to prognostic studies (Vergouw, et 
al., 2012). However, it has been shown that multiple  
imputation methods have offered no statistical advantage 
over complete case analysis in some assessed scenarios 
(Mukaka, et al., 2016). This study used the complete case 
analysis for data evaluation. The reduced dataset assumed 
the removal of the MCAR cases and was shown to still  
produce valid estimates for statistical modelling as it  
represents a randomly drawn sub sample dataset of the 
original dataset (Bennett, 2009). 

2.7 Statistical Analysis 

Multivariable regression with a backwards selection  
procedure was used to decide which of the candidate  
predictor variables should be included in the final  
prediction model, with a p-value of less than 0.05  
(p < 0.05) taken as a conservative indicator of inclusion 
in the dataset. 

In backward selection, all the selected covariates are firstly 
entered at the same time into the model. Subsequently, the 
variables with the highest p-values are removed based on 
the Wald test that allows the calculation of the significance 
level of a predictor. This step is repeated until there are  
no variables left with a p-value greater than 0.05  
(Steyerberg, et al., 2001). After the backward stepwise  
regression was performed, the following variables:  
1) month, 2) latrine built after CLTS, 3) latrine with 
handwashing and, 4) latrine privacy, remained in the  
development model. The variables: 1) champion and,  
2) SAG meeting, 3) latrine in use, 4) latrine lids and,  
5) latrine with smooth and cleanable floor were excluded. 
The variable ‘village population’ was added to the model 
due to a p-value of 0.059, very close p-value to p < 0.05  
criterion. The ability to include variables outside the  
criteria of p <0.05 is supported by literature (Hendriksen, 
et al., 2013). 

Prognostic models in general appear to perform better in 
datasets used to develop the model than in new datasets. 
In this case, the regression coefficients and the measures 
of performance for the model are optimistic (Steyerberg, 
et al., 2004). To correct for the optimism, the study’s  
development model parameter estimates were penalised by 
a shrinkage factor. To estimate the shrinkage in the model, 
the study used the Van Howelingen and le Cessie shrinkage 



Journal of Humanitarian Engineering Vol 7 No 1

34Simangolwa - Development and External Validation of a Logistic Regression

estimator (Van Houwelingen, 2001). 

In the Van Howelingen and le Cessie shrinkage technique, 
the regression coefficients are multiplied by the heuristic  
shrinkage factor and the intercept is re-estimated  
(Pajouheshnia, et al., 2016). The study’s internal  
validation associated the amount of shrinkage by  
comparing the model’s apparent C-statistic to the  
C-statistic computed by nonparametric bootstrap  
resampling. The bootstrap-resampled C-statistic corrects  
for regression towards the mean and overfitting  
(Steyerberg, et al., 2001). The internal bootstrap validation 
C-statistic for the study used the Harrell’s nine steps on 
200 bootstrap resamples of 688 cases each. 

To record overall predictive performance in addition to 
discrimination, calibration was used. Discrimination is the 
ability of the risk score to differentiate between villages 
which do and do not experience an adverse event during 
the study period (Steyerberg, et al., 2010). This measure is  
quantified by calculating the area under the receiver  
operating characteristic (ROC) curve. A value of 0.5  
represents chance, 0.7 ≤ ROC <0.8 represents acceptable  
discrimination, 0.8 ≤ ROC <0.9 represents excellent  
discrimination, and a value of 1 represents perfect  
discrimination (Hosmer & Lemeshow, 2000). 

Calibration is the ability to accurately assign the correct 
event probability at all levels of predicted risk (Crowson,  
et al., 2013). It measures the agreement between the  

observed and predicted risks. It is computed as the  
difference between the mean observed risk and the 
mean predicted risk. To measure calibration, the study 
used the Hosmer-Lemeshow goodness-of-fit test. In the  
Hosmer-Lemeshow goodness-of-fit test, model outputs are 
sorted into equally-sized groups, where the probabilities 
and true states in these groups are then checked by a x2 
goodness-of-fit test (Dreiseitl & Osl, 2012). 

In each group, the expected number of events for ODF  
status loss in each group of villages was calculated as the 
sum of the predicted probabilities for the villages in that 
group. Whereas the observed number of events for ODF 
status loss was calculated as the sum of the number of 
events observed in that group (Crowson, et al., 2013). 

The study used the December 2016 revised version of 
Stata/IC 14.2 for windows to all its statistical analyses 
(StataCorp, 2015). The study followed the Transparent  
Reporting of a multivariable prediction model for  
Individual Prognosis or Diagnosis (TRIPOD) statement in 
its reporting (Collins, et al., 2016).

3 RESULTS AND DISCUSSION

3.1 Study Baseline Data 

A total of 803 cases were available for the development 
model and 676 cases for the validation data set. The  
villages that did not have any data reported over some 

Table 2 Development and validation models key study characteristics

Characteristic Development model: Chungu chiefdom  
(n = 688)

Validation model: Chabula Chiefdom (n = 313)

Data collection period October 2016 to September 2017 October 2016 to September 2017

Study design Retrospective prognostic study Retrospective prognostic study

Setting Chief Chungu ODF chiefdom predominately 
agricultural economy 

Chief Chabula ODF Chiefdom predominantly 
fish farming economy 

Inclusion criteria All villages reported in the DHIS2 WASH  
MIS with two or more months’ worth of  
data in the system

All villages reported in the DHIS2 with two or 
more months’ worth of data in the system

Outcome ODF or ODF status loss ODF or ODF status loss

Total number of villages 
included in study

67 56

ODF Status 688 313

ODF 618 (89.8%) 246 (78.59%)

ODF status loss 70 (10.2%) 67 (21.41%)



35

Journal of Humanitarian Engineering Vol 7 No 1

Simangolwa - Development and External Validation of a Logistic Regression

months in the DHIS2 WASH MIS (i.e. 97 cases), were 
removed. Table 2 provides a summary of key study  
characteristics. The final development model had five  
covariates, with an events per candidate (EPV) equal to 14. 
The validation model had an EPV of greater than 13. 

3.2 Internal Validation

The ODF status loss risk model, when internally validated, 
had a high discrimination (apparent C-statistic = 0.8114, 
95% CI = 0.75049 to 0.87240). A Hosmer-Lemeshow 
of 0.2377 confirmed no significant difference between  
observed and predicted ODF status loss. The mean for the 
observed risk seems to be accurately estimated by the mean 
for the predicted risk grouped by tenths of predicted risk.

3.3 Bootstrap Validation

The difference in the true probabilities from the model’s 
prediction was at 95.9% and the percentage of fit due to 
noise was 4.12%. This overfitting was estimated by the  
heuristic shrinkage estimator. After bootstrapping with 200 
resamples, the optimism-corrected C-statistic was 0.802. 
The predicted equation for the ODF status loss model was 
penalised to account for 1.2% overfitting using the Harrell 
method (Harrell , et al., 1996) with a heuristic shrinkage 
factor of 0.988.

3.4 External Validation 

The model from the development cohort was penalised for 
overfitting and applied to an external validation set. The 
discrimination of the model in the new data set was high 
(C-statistic=0.844, 95% CI 0.788 to 0.899) and the model 
was well calibrated with a Hosmer-Lemeshow of p = 0.246 
confirming no significant difference between observed and 
predicted ODF status loss. 

The odds ratio of the final model in the prediction equation 
(Equation 1) indicates that for each one-month increase  
when other covariates are held constant, the odds of ODF 
status loss increases by 27.7%, whereas a one person  
increase in the population for a community with all  
covariates held constant increases the risk of ODF status  
loss by 1%. Furthermore, for each latrine that is  
constructed as a result of a CLTS intervention, the odds of 
ODF status loss increase by 11.8% when all covariates are 
held constant. For each handwashing station with soap for 
a household, the odds of a community experiencing ODF 
status loss reduce by 20.2% whereas the odds increase by 
a factor of 4.7 for each increase in a toilet facility that has 
privacy, all things being equal. 

where;

x = -4.459 (0.245t + 0.01n + 0.112l - 1.599h + 1.540v)

P = ODF status loss 

t = time (months)

n = village population (people)

l = number of latrines built after CLTS (latrines)

h = latrines with handwashing with soap facility  
(handwashing facility)

v = latrine privacy (latrine wall and door or suitable  
acceptable substitutes)

The above example results agree with literature accounts 
on the influence of variables such as: time after ODF  
attainment, population growth, CLTS interventions and 
toilet quality on the sustainability of ODF maintenance for 
villages. ODF sustainability evaluations have estimated an  
annual ODF status loss rate of 10% per year; with a  
five-year status loss rate of up to 50% (Thomas, 2016; 
Tyndale-Biscoe, et al., 2013). ODF status loss in these cases 
refer to a return in open defecation. 

The provision of technical support (ODF sustainability  
measures) by local and external support agencies  
following ODF status attainment has been identified as a 
significant factor in ODF sustainability (Tyndale-Biscoe,  
et al., 2013). These ODF sustainability measures are  
collaborative interactions of streamlined government line 
agencies, local natural leaders and chiefs (Balfour & Singh, 
2015). There is also evidence suggesting that the ODF  
status of a community can still be sustained despite limited 
follow-up enforcement following ODF status obtainment 
(Thomas, 2016). 

This study also reinforces the findings from a study in 
Ghana and Ethiopia on sustainability of CLTS outcomes.  
The study asserts that CLTS is not an appropriate  
intervention in cases where the baseline toilet coverage 
is low and local toilet technologies are poor (Crocker, 
et al., 2017). Poor quality latrines can cause households 
to revert back to open defecation (Tyndale-Biscoe, et al.,  
2013; Mosler, et al., 2018). The CLTS methodology  
encourages communities to construct low cost, simple  
toilets that leverage on locally available materials (Mosler, 
et al., 2018). The implementation of CLTS is premised 
on the assumption that households will upgrade the initial  
simple low-cost toilet hardware to increasingly higher  
standards toilets (Khale & Ashok , 2008). Undeveloped 
sanitation supply chains and poor sanitation markets  
coupled by unstable soil conditions however, contribute  
to ODF status loss (Munkhondia, et al., 2018; Garn, et 
al., 2017). Poor sanitation markets further exacerbate 
ODF status loss due to their influence on the access to  
handwashing products such as soap. A correlation in 
lack of handwashing with soap and ODF status loss was  

(1)
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established at 8% (Shivanarain & Nancy, 2015). A cross 
sectional study to ascertain the association of ODF status 
loss and the strength of social norms in Indonesia for 587 
households after a two-year ODF period estimated the  
status loss rate at 14.5% (Odagiri, et al., 2017). 

4 STRENGTHS 

This study’s strength is an exhaustive use of the easily  
accessible DHIS2 WASH MIS repository data.  
Furthermore, the external validation of the chiefdom’s  
nomadic fish farming and peri-urban social economic 
setup in selected parts of communities, were distinct  
characteristics to that of the development model. The 
study further aligned its statistical plan and results to the  
TRIPOD statement to ensure for quality and standards. To 
ensure for transparency, the study used two vigorous and 
robust measures to correct the overfitting in the model; 
the heuristic shrinkage estimator and the Harrell method 
for bootstrapping. The final model was then subject to  
correction for optimism.

5 LIMITATIONS

Bias of misrepresentation of data by the community cadres 
cannot be completely ruled out. Whilst the adverse events 
satisfied recommendations in literature of EPV of greater 
than 10, adverse events were small in the validation cohort 
than what is being advocated for in recent literature of  
at least a 100 adverse events (Collins, et al., 2016).  
Furthermore, recent literature has advocated for larger 
EPV values of between 20 and 50 (Austin & Steyerberg, 
2014). Complete case analysis was undertaken in the  
presence of 3% missing at random (MAR) data. The study 
had a strict adherence to statistical rigor in the selection of 
study covariates. The relationship between covariates was 
not explored in this study.

The results can be considered when applying future  
interventions and the prioritisation aspects of service  
provision. However, cultural, geographical, socio- 
economical and other factors may have a particular impact 
on particular predicators and should be considered in all 
applications of these results. Caution should be exercised 
when interpreting the results in contexts where the ODF 
definitions differ from those defined in this paper.

6 CONCLUSION AND IMPLICATIONS 

The study has developed and externally validated a novel 
population risk prediction algorithm that can predict a 
twelve-month ODF status loss risk for communities with 
multiple risk factors. The study utilised monthly available 
data collected through the DHIS2 WASH MIS platform. 
This prognostic tool represents a novel and yet simple  
approach to assessing the risk of ODF status loss that can 

be used to inform prioritisation of interventions by the  
following groups and individuals: sanitation action groups 
at village level, community champions and government 
extension officers, district officers, provisional officers and 
national level and general implementing organisations. 

Future research should focus on using prospective data 
to develop and externally validate the ODF status loss  
prognostic tool in a larger EPV sample (e.g. EPV >20). 
Furthermore, a controlled qualitative study should be  
conducted to ascertain factors that explain the negative  
influence on ODF status loss post ODF status obtainment 
due to the following variables village population, quality  
of toilet infrastructure after CLTS and toilet privacy  
technologies. 

7 OTHER INFORMATION

7.1 Supplementary Information 

The web calculator for the risk algorithm model is  
accessible through the following link. 

7.1 Funding

No funding was obtained to undertake the study.

7.1 Ethical Considerations 

Ethical approval was not necessary.
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9 APPENDIX 

Examples 1 to 5 provide illustrations on the practical  
interpretation of the prognostic model used the developed 
calculator. Using the tool, downloadable here, the values in 
the model are inputted to generate the following results: 

where;

x = -4.459 (0.245t + 0.01n + 0.112l - 1.599h + 1.540v)

P = ODF status loss 

t = time (months)

n = village population (people)

l = number of latrines built after CLTS (latrines)

h = latrines with handwashing with soap facility  
(handwashing facility)

v = latrine privacy (latrine wall and door or suitable  
acceptable substitutes)

(1)

Example 1: Month following ODF status attainment

A village within the first month ( month = 0) of ODF 
status and a village population of 105 people (17  
households) with 17 latrines built after CLTS, 17  
households with handwashing with soap facilities and 17 
households with latrines providing privacy, when presented 
with a risk of ODF status loss, would have the risk of status 
loss of 7%. Maintaining all prognostic factors constant, an 
increase in the number of months after ODF attainment 
to 6 months, increases the risk of ODF status loss to 25%. 
Whilst an increase to 12 months, the risk of ODF status 
loss increases to 60%. 

Scenario 1 Scenario 2 Scenario 3

t = 0
n = 105
l = 17
h = 17
v = 17

t = 6
n = 105
l = 17
h = 17
v = 17

t = 12
n = 105
l = 17
h = 17
v = 17

Example 2: Village population 

A village with 5 months ODF status having a village  
population of 60 people (10 households) with 10 latrines 
built after CLTS, 10 households with handwashing with 
soap facilities and 10 households with latrines providing 
privacy, when presented with a risk of ODF status loss, 
would have the risk of status loss of 11%. Maintaining  
all prognostic factors constant, an increase in village  
population to 120 (20 households), increases the risk of 
ODF status loss to 18%. Whilst a threefold increase to 180, 
will increase the ODF status loss to 28%. 

Scenario 1 Scenario 2 Scenario 3

t = 5
n = 60
l = 10
h = 10
v = 10

t = 6
n = 120
l = 17
h = 17
v = 17

t = 12
n = 180
l = 17
h = 17
v = 17

Example 3: Latrines built after a CLTS intervention 

A village with 5 months ODF status having a village  
population of 105 people (17 households) with 0 latrines 
built after CLTS, 17 households with handwashing with 
soap facilities and 17 households with latrines providing 
privacy, when presented with a risk of ODF status loss, 
would have the risk of status loss of 4%.  Maintaining all 
prognostic factors constant, an increase in latrines built 
after a CLTS intervention by half (8 of 17 households), 
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increases the risk of ODF status loss to 9%. When all the 17 
households in the village have all their latrines built after 
a CLTS intervention, the risk of ODF status loss increases 
to 21%. 

Scenario 1 Scenario 2 Scenario 3

t = 5
n = 105
l = 0
h = 17
v = 17

t = 5
n = 105
l = 8
h = 17
v = 17

t = 5
n = 105
l = 17
h = 17
v = 17

Example 4: Handwashing with soap facilities

A village with 5 months ODF status having a village  
population of 105 people (17 households) with 17 latrines  
built after CLTS, and none of the households with  
handwashing with soap facilities, whilst all the 17  
households are with latrines providing privacy, when  
presented with a risk of ODF status loss, would have the 
risk of status loss of 100%.  Maintaining all prognostic 
factors constant, an increase the households with latrines 
having handwashing with soap facilities by half (8 of 17 
households), still maintains the risk of ODF status loss at 
100%. When all the 17 households in the village have all 
their latrines with a handwashing with soap facility, the 
risk of ODF status loss reduces to 21%. 

Scenario 1 Scenario 2 Scenario 3

t = 5
n = 105
l = 17
h = 0
v = 17

t = 5
n = 105
l = 17
h = 8
v = 17

t = 5
n = 105
l = 17
h = 17
v = 17

Example 5: Latrines providing privacy

A village with 5 months ODF status having a village  
population of 105 people (17 households) with 17 latrines 
built after CLTS, and 17 households with handwashing 
with soap facilities, whilst all none of the households are 
with latrines providing privacy, when presented with a risk 
of ODF status loss, would have the risk of status loss at 
several multiples of a 100%.  Maintaining all prognostic 
factors constant, an increase the households with latrines 
providing privacy (8 of 17 households), still maintains the 
risk of ODF at several multiples of a 100%. When all the 17 
households in the village have all their latrines providing 
privacy, the risk of ODF status loss reduces to 21%. 

Scenario 1 Scenario 2 Scenario 3

t = 5
n = 105
l = 17
h = 17
v = 0

t = 5
n = 105
l = 17
h = 17
v = 8

t = 5
n = 105
l = 17
h = 17
v = 17


