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STUDY OVERVIEW

• Population: Women aged 15–49 in Ethiopia

• Sample size: n = 7,494

• Outcome: Unmet need for family planning (binary)

• 1= unmet need, 0=no unmet need.

• All other background characteristics of the women were categorical

• Objective: to estimate prevalence and factors associated with said unmet needs of family 
planning.

• Specific parameter: population log-odds of unmet need among Ethiopian women aged 15-
49.

Full title: A binary logistic regression model with complex sampling design of unmet need for family planning 
among all women aged (15-49) in Ethiopia.



SAMPLING DESIGN OVERVIEW

• Data Utilized: PMA2020 Round 4 Survey, a national conducted survey in Ethiopia, 
conducted in April 2016.

• Performance Monitoring for Action, collaboration between Addis Ababa U and John Hopkins 
U.

• Two-stage stratified cluster sampling design

• Stage 1: 221 Enumeration Areas (PSUs, clusters, or neighborhoods)

• Stage 2: 35 households per EA (SRS within cluster)

• Eligible women interviewed

• Broad representation ensured but also introduced clustering effects via Stage 1.

Primary Sampling Unit = PSU



SAMPLING FRAME

• Central Statistical Agency’s master sampling frame of enumeration areas (221 EAs 
selected).



STRATIFICATION

• PMA2020 population divided into strata 

• Improves precision

• Ensures subgroup representation

• Changes variance estimation structure



WHY SAMPLING DESIGN MATTERS

• Classical regression assumes IID sampling,

– Independent (one observation’s outcome isn’t influencing another 
observation’s outcome)

– Equal selection probabilities

– Simple Random Sampling (SRS)

– Survey used stratification, clustering, multistage sampling



CLUSTERING AND INTRA-CLASS CORRELATION

• Women within same EA correlated

• Design Effect: 𝐷𝑒𝑓𝑓 = 1 + (𝑛 − 1)𝜌

• Inflates variance relative to SRS

• Ignoring clustering underestimates Standard errors!

• 𝑆𝐸𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = 𝐷𝑒𝑓𝑓 ∙ 𝑆𝐸𝑆𝑅𝑆

• Deff =1 same as …

• Example: ρ = 0.2, given the nature of these clusters, 

And given n=35, Deff=2.79 so the clustering SE increases by a factor of 2.79

n= average cluster size (35)

ρ = intra-class correlation coefficient (ICC).

ρ = 1 → all group members are identical
ρ = 0 → none of the group members are identical (SRS)

Measures variance inflation when combined with cluster size 
via within-cluster similarity.



CLUSTERING AND INTRA-CLASS CORRELATION

• Effective sample size to consider,  

• design effect “affects” effective sample size:

• 𝑛𝑒𝑓𝑓 =
𝑛

𝐷𝑒𝑓𝑓

• With n=7,494, the “effective” sample size that can provide useful independent information is 
reduced by design effect value. This is because of ICC

ρ = intra-class correlation coefficient (ICC).

If women within clusters (same EA) are very similar the coefficient is higher → higher DE. 
This means a larger sample is now required to maintain same power of useful independent 
information.



IF SIMPLE RANDOM SAMPLING (SRS) WAS USED?

CONSIDERATION EFFECT BY SRS EFFECT BY TWO-STAGE CLUSTER

COST HIGHER LOWER

VARIANCE LOWER HIGHER

INDEPENDENCE YES NO

WEIGHTING NOT NEEDED NEEDED



WHY STANDARD LOGISTIC REGRESSION IS UNSUITABLE

• logit(P(Y=1|X)) = β0 + β1X1 + ... + βpXp

• Requires independence (cluster sampling violates)

• Requires equal probability sampling

• Estimator coefficients may remain consistent



COMPLEX OR SURVEY-ADJUSTED LOGISTIC REGRESSION
(PSEUDO-LIKELIHOOD)

• Incorporates sampling weights

• Accounts for clustering (PSU)

• Accounts for stratification

• Accounts for nonresponse adjustment 

Base Weight: wi = 1 / πi
πi = selection probability
Corrects unequal probability sampling
provides population-representative estimates
Higher selection probability → less weight contribution and vice versa

• Variance estimated via first-order Taylor linearization at the PSU level.

• Approximates sampling distribution of ෠𝛽 to estimate its variance.

• Accounts for clustering

• B-weighted information matrix (bread)

• M-cluster-level variation (meat)



HOW IS STANDARD ERROR AFFECTED? POINT ESTIMATES?

• All 7494 women interviewed for standard logistic regression assumes independent information. But with cluster 
sampling, women might likely be similar within same EAs.  Design effect inflates variance.

• Less independent information available → variance of point estimates increases

• Ignoring clustering underestimates Standard errors!

• 𝑆𝐸𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = 𝐷𝑒𝑓𝑓 ∙ 𝑆𝐸𝑆𝑅𝑆

• Conditional mean model is unaffected.

• Point estimates themselves however, are often not changed.

• Example of what that would look like:

Logistic Regression ෡𝜷 SE p-value

Normal/naive ~same lower <0.05

Survey-adjusted ~same higher <0.05



SURVEY-WEIGHTED ESTIMATING EQUATION 

• σ𝑖=1
𝑛 𝑤𝑖𝑋𝑖 𝑌𝑖 − 𝜇𝑖 = 0

• Where,

• 𝜇𝑖 = 𝑙𝑜𝑔𝑖𝑡−1 𝑋𝑖
𝑇 ∙ 𝛽

• Survey logistic regression uses weighted score equation to solve for 
parameter estimates. This weight component reflects unequal selection 
probabilities mentioned earlier.



KEY RESULTS, VIA ODDS RATIOS

• Inference is design-adjusted

• Adjusted Odds Ratios Findings (of unmet family planning needs):

• Urban residence ↓ odds

• Young age ↑ odds

• Currently married ↑ odds

• Higher education ↓ odds

• More births ↓ unmet need

The key determinants of unmet need FP in 
Ethiopia were residence, age, marital-status, 
education, household members, birth-events 
and number of under-5 children. 

Government should take immediate steps to 
address the causes of high unmet need for 
family planning among women.



REPERCUSSIONS OF COMPLEX DESIGN OMISSION

• Underestimated standard errors

• Inflated Type I error

• Different conclusions

• Potential policy misinterpretation



DESIGN STRENGTHS

• National representativeness

• Cost-efficient implementation

• Made region estimates possible

• Design-consistent inference



LIMITATIONS

• Stratification variable not explicitly described in article

• Perhaps due to PMA2020 protocol

• Specifics of weight construction and design effect value not 
provided

• Was FPC used? Not provided.



BROADER STATISTICAL IMPLICATIONS AND CONCLUSION

• Design-based vs Model-based inference

• Survey logistic regression (inference-protected) vs Multilevel modeling (can model cluster 
variation)

• Finite population inference

• Public health policy implications

• Proper use of multistage stratified sampling
• Correct survey-weighted logistic regression
• Valid design-adjusted inference

• Population of Ethiopian women in 2016 is fixed and known 
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  D e f f = 1 + ( n − 1 ) 𝜌


    S E  c l u s t e r =   D e f f ∙   S E  S R S


   n  e f f =  n  D e f f


   𝛽 ^


    S E  c l u s t e r =   D e f f ∙   S E  S R S


   𝜷 ^


   ∑  i = 1 n   w i  X i  (   Y i −  𝜇 i ) = 0


   𝜇 i =   l o g i t  − 1  (   X i T ∙ 𝛽 )

