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Abstract  25 

Background 26 

A complete case logistic regression will give a biased estimate of the exposure odds ratio 27 

only if there is a multiplicative interaction between the exposure and outcome with respect 28 

to the probability of missingness – whereas linear regression with a continuous outcome is 29 

biased in more scenarios, including when only the outcome causes missingness. It is not 30 

clear whether a complete case logistic regression will give a biased estimate of the odds 31 

ratio if missingness depends on a continuous outcome but this outcome is dichotomised for 32 

the analysis – a common situation in epidemiology.  33 

Methods 34 

We investigated this using a simulation study and data from the Avon Longitudinal Study of 35 

Parents and Children (ALSPAC), a UK birth cohort. We also examined whether any bias could 36 

be reduced by including a proxy for the binary outcome as an auxiliary variable in multiple 37 

imputation.  38 

Results  39 

There was negligible bias in the exposure odds ratio when the probability of being a 40 

complete case was independently associated with the exposure and (continuous) outcome 41 

but important bias in the presence of an interaction, particularly at high levels of missing 42 

data. Inclusion of the proxy led to significant bias reductions when this had high sensitivity 43 

and specificity in relation to the study outcome. 44 

Conclusions 45 

The robustness of logistic regression to missing data is maintained even when the outcome 46 

is a binary version of a continuous outcome. Bias due to an interaction between the 47 

exposure and outcome in their effect on selection could be reduced by including proxies for 48 
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the missing outcome as auxiliary variables in MI. If such proxies are available, we would 49 

recommend using MI over a complete case analysis because, in practice, it would be difficult 50 

to rule out an interaction. 51 

 52 

Keywords: Logistic regression, complete case analysis, missing data, multiple imputation, 53 

ALSPAC, data linkage, proxy.  54 

 55 

Background 56 

Epidemiological studies often suffer from missing data arising through non-response. This 57 

results in a loss of power and may induce bias. One of the most common approaches to 58 

addressing missing data is to carry out a complete case analysis, in which the analysis is 59 

restricted to individuals with complete data on all variables in the analysis model.  60 

 61 

As highlighted previously, a complete case logistic regression will produce asymptotically 62 

unbiased estimates of the exposure odds ratio (OR) as long as the probability of being a 63 

complete case depends multiplicatively on the outcome and the exposure [1]. In other 64 

words, if R is the response indicator (such that R=1 for complete cases and R=0 otherwise) 65 

and Y, X, and C are the outcome, exposure and confounders, respectively, the complete case 66 

exposure OR is asymptotically unbiased provided P(R=1|Y,X,C) = f(X,C)⨯g(Y,C)  for some 67 

functions f(X,C) and g(Y,C). 68 

 69 

However, although many outcomes in medicine are binary (for example, diagnosed with 70 

Type II diabetes), diagnoses are often based on one or more underlying continuous 71 

measures whereby, for example, a person is diagnosed if they exceed a defined threshold. 72 
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Many diseases are not simply present or absent and, as such, the binary measure is a crude 73 

version of an underlying continuous outcome. For example, although tools exist to 74 

determine whether an individual meets a diagnostic threshold for depression, it is widely 75 

acknowledged that mental disorders such as depression are best measured on a continuum 76 

[2]. Although such outcomes are often treated as binary variables in epidemiological studies, 77 

it is likely that missingness – if related to the outcome – would vary across levels of the 78 

underlying continuous measure (for example, symptom severity) rather than being only 79 

associated with whether an individual meets the diagnostic threshold. It is not clear to what 80 

extent this might bias estimates of the exposure OR obtained using a complete case analysis.  81 

 82 

In the current study, based on data from the Avon Longitudinal Study of Parents and 83 

Children (ALSPAC), we examine the association between smoking in pregnancy and offspring 84 

depression using a complete case logistic regression. We also use measures of depression 85 

derived from linked general practitioner (GP) data to explore the likely missing data 86 

mechanism and as auxiliary variables in multiple imputation (MI) and compare the estimate 87 

obtained from MI to that obtained in the complete case analysis. We then present results 88 

from a simulation study, based on this example, examining bias in the log OR when 89 

missingness in the (binary) outcome is associated with an underlying continuous measure. 90 

Finally, we explore conditions under which using an imperfect proxy of the outcome as an 91 

auxiliary variable in MI reduces (or increases) bias. We vary the sensitivity of the proxy in 92 

terms of predicting the study outcome, the proportion of missing data, and the extent to 93 

which the outcome is missing not at random (MNAR).  94 

 95 

Methods 96 
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ALSPAC provided the motivating example for the simulation study. ALSPAC is a birth cohort 97 

which recruited c14,500 pregnant women living in and around Bristol, a city in south west 98 

England, in the early 1990s. Detailed data were collected during pregnancy and the offspring 99 

have been followed up since birth. Further details are given elsewhere [3]. ALSPAC has a 100 

searchable data dictionary and variable search tool [4]. 101 

 102 

Linkage to GP data 103 

In ALSPAC, informed parental consent was mandatory until age 16. When the children 104 

reached legal adulthood, they were sent 'fair processing' materials describing ALSPAC’s 105 

intended use of their health and administrative records and were given means to consent or 106 

object. Data were not extracted for participants who objected, or who were not sent fair 107 

processing materials. Linkage to GP data is described in Additional file 1.  108 

 109 

Analysis of ALSPAC data  110 

The outcome was a binary measure of depression (meets ICD-10 criteria for a diagnosis, 111 

yes/no, derived from the revised Clinical Interview Schedule (CIS-R) [5], completed during a 112 

study clinic attended when participants were 18 years. Note that the CIS-R also can be used 113 

to generate a (numerical) depression score, but this was not used in our ALSPAC analysis. 114 

The exposure was smoking in pregnancy (yes/no); this was based on questionnaire data 115 

collected during pregnancy and shortly after birth. We adjusted for the following 116 

confounders measured during pregnancy: maternal age, parity and educational level, 117 

maternal and paternal antenatal anxiety and depression, family occupational social class, 118 

housing tenure (home owned/mortgaged, privately rented, rented from the local council or 119 
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a housing association), and number of rooms in the home (excluding bathrooms). We also 120 

adjusted for sex because of its strong association with the outcome. 121 

 122 

From the linked GP data we derived three binary measures of depression: whether or not an 123 

individual had a (1) current, (2) historical, or (3) future record of a diagnosis, symptoms or 124 

treatment for depression (henceforth referred to as current, historical or future depression). 125 

These measures, and their association with the binary depression indicator defined using the 126 

CIS-R, have been described previously [6]. Briefly, current refers to the period 6 months 127 

either side of the month in which the CIS-R was completed, historical refers to any time prior 128 

to this period, and future any time following this period.  129 

 130 

Logistic and log-link binomial regression were used to examine associations with missingness 131 

in ALSPAC-measured depression. Logistic regression – using a complete case analysis and MI 132 

using chained equations – was used to examine the association between smoking in 133 

pregnancy and offspring depression. In addition to all the variables included in the 134 

substantive model (smoking in pregnancy, binary CIS-R depression status and covariates 135 

described above), the MI models included the following auxiliary variables: the three 136 

measures of depression derived from GP data and whether the mother had ever smoked 137 

(collected via questionnaire in early pregnancy but referring to lifetime smoking). Stata’s mi 138 

impute chained command was used to carry out the imputations; 100 datasets were 139 

imputed with a burn-in of 20 iterations.  140 

 141 

Simulation study 142 
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Simulated datasets. We first simulated complete datasets of 10,000 observations (to 143 

approximately match the numbers in ALSPAC with complete baseline covariates). Missing 144 

data were then simulated in a separate process. The variables simulated were analogous to: 145 

depression (binary outcome), a numerical depression score, smoking in pregnancy 146 

(exposure) and current GP-recorded depression (linked proxy). For simplicity, we did not 147 

simulate covariates. The variables were simulated such that their marginal distributions – 148 

and relationships between them – were similar to those observed in ALSPAC. Smoking in 149 

pregnancy was simulated with probability 0.25 of having smoked. The continuous depression 150 

score for individual 𝑖 was simulated as a standard normal variable (normal with mean 0, 151 

variance 1) dependent on smoking such that: 152 

 153 

 Depression score𝑖 =  𝜇 + 𝜔 × (smoke_preg𝑖) +  𝜀𝑖  
 

(1) 

where smok_preg is smoking in pregnancy, coded 0/1, and 𝜀 is the random error, following a 154 

normal distribution with mean 0 and variance calculated to give the score a variance of 1. 155 

The binary depression measure was created using a logistic function (Equation 2):   156 

 157 

p_depsi = 11 + exp( 𝜑 × (depression scor𝑒𝑖 − 𝜋)) 
(2) 

 158 

with 𝜑 and 𝜋 chosen using trial and error to give prevalences of 7.5% and 15%, and where 159 

p_depsi represents the probability that an individual was classified as having depression (in 160 

the study data). Note that the values of 𝜑 were similar (6.1 and 6.5 for prevalences of 7.5% 161 

and 15%, respectively), so the strength of association between the continuous and binary 162 
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measure of depression was also similar in these two scenarios. A logistic function was used 163 

rather than dichotomising the continuous outcome so that the analysis (and imputation) 164 

model was correctly specified. Thus, the depression score was a linear function of the 165 

exposure and the binary depression measure was a logistic function of the depression score, 166 

which correctly implies that the binary depression measure could be written as a logistic 167 

function involving the exposure. The parameters in Equation 2 were such that this logistic 168 

function was very steep (Supplementary Figure S1, additional file 2). As a sensitivity analysis 169 

we repeated a subset of the simulations but this time dichotomising the continuous 170 

outcome at a threshold, as might be done in practice (e.g. for defining hypertension).  171 

 172 

The analysis model is given by Equation 3. 173 

 174 

 Logit(p_depsi) =  𝛽0 + 𝛽1 × (smoke_pregi)  

 

(3) 

The regression coefficient 𝜔 for smoking in pregnancy from Equation 1 was set to give an OR 175 

for depression of 1.5 (comparing smokers to non-smokers).  176 

 177 

For the purposes of this analysis, the study measure of depression was taken as the 178 

reference standard. Thus, the linked (binary) GP measure of depression was created – using 179 

a logistic function – to give different sensitivities and specificities in relation to the study’s 180 

binary measure (Equation 4).  181 

 182 

 p_GPdepi = 11 + exp(ρ × (depression scor𝑒𝑖 − 𝜃)) 
(4) 
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 183 

Values of 𝜌 and 𝜃 were chosen (using trial and error) to give sensitivities of 0.25 and 0.75 184 

and a specificity of 97.5%. 185 

 186 

Generating the missing data. We created missing data only in the outcome, (both the 187 

continuous and binary version); this was simulated as MNAR in two ways: 188 

(i) Missingness probability dependent multiplicatively on the exposure and continuous 189 

outcome but not their interaction 190 

Two different probabilities were generated using logistic regression (Equations 5 and 6):  191 

 192 

 logit(𝑝1𝑖) =  𝛼1 + 𝛿 × depression score𝑖 (5) 

 logit(𝑝2𝑖) =  𝛼2 + 𝛾 × smok_preg𝑖  (6) 

From these, we created two Bernoulli random variables R1 and R2 (with probabilities p1 and 193 

p2). The outcome was classified as being observed if both R1 and R2 were equal to 1 – and 194 

missing otherwise. The values of α1 and α2 were chosen using trial and improvement to give 195 

specific percentages of missing data and the values of 𝛿 chosen to vary the degree to which 196 

the outcome was MNAR. 𝛾 was fixed as ln(0.75). 197 

(ii) Missingness dependent multiplicatively on the exposure, continuous outcome and 198 

their interaction 199 

The probabilities were generated from the logistic model shown in Equation 7, so that the 200 

logarithm of the probability of missingness depended on exposure, outcome and their 201 

interaction. As above, the values of α were chosen to produce given percentages of missing 202 

data. In these scenarios with an interaction, 𝛿, 𝛾 and 𝜏 were fixed at ln(0.9), ln(0.7) and 203 

ln(1.1), respectively. Note that this interaction on the logit scale implies a multiplicative 204 
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interaction between the exposure and outcome with respect to the probability of 205 

missingness, such that a complete case analysis is not expected to be (asymptotically) 206 

unbiased. 207 

 208 

 logit(P(observed)𝑖)=  𝛼 + 𝛿 × depression score𝑖 +  𝛾 × smoke_preg𝑖 +   𝜏× depression score𝑖 × smoke_preg𝑖  
(7) 

 209 

Scenarios investigated. The following six factors were varied in the simulations. 210 

Factor 1: (2 levels): Outcome (depression) prevalence: 7.5%, 15% 211 

Factor 2 (4 levels): Percent missing outcome data: 20%, 40%, 60%, 80%. 212 

Factor 3 (2 levels): Degree to which outcome was MNAR: OR for observing depression for a 213 

one SD increase in depression score = 0.9, 0.75 (𝛿 from Equation (5)).  214 

Factor 4 (2 levels): Sensitivity of GP depression measure in determining study binary 215 

depression = 25%, 75%. 216 

Factor 5 (2 levels): Interaction (yes/no) between exposure and continuous outcome with 217 

respect to the log probability of missingness (described above). 218 

Factor 6 (2 levels): Percent missingness in linked GP depression measure (0% or 25%). 219 

 220 

In the scenarios without the interaction, we simulated every possible combination of Factors 221 

1-4 (32 scenarios). In the set that included the interaction (Factor 5) we varied Factors 1,2 222 

and 4 (16 scenarios). Finally, in the set of scenarios where 25% missingness was introduced 223 

in the linked variable, only Factor 2 was varied; the other factors were fixed: interaction 224 
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present, prevalence of exposure 15% and sensitivity of GP measure 75%. For each scenario 225 

we simulated 1,000 datasets. 226 

 227 

Statistical analysis. We estimated the log OR for depression on smoking in pregnancy using 228 

logistic regression. We used both a complete case analysis and MI – in which the missing 229 

(binary) study measure of depression was imputed using logistic regression from the 230 

exposure and the GP measure of depression. For each simulated dataset, 100 datasets were 231 

imputed.  232 

 233 

The estimates obtained from these analyses were compared to the true log OR. The bias was 234 

estimated as 𝑙𝑛OR̅̅ ̅̅ ̅̅ −  true 𝑙𝑛OR, where 𝑙𝑛OR̅̅ ̅̅ ̅̅  was the estimated log OR averaged over the 235 

1000 simulated datasets. This was converted to percentage bias. We also calculated the 236 

mean squared error (MSE) and the empirical standard error, the standard deviation of the 237 

point estimates for the log OR. For MI, we also calculated the fraction of missing information 238 

(FMI) and the percent increase in precision compared to the complete case analysis, given by 239 

the variance of the log OR obtained using a complete case analysis divided by the variance 240 

obtained from MI.  241 

 242 

The simulations and all data analysis were carried out in Stata 15.0. 243 

 244 

Results 245 

Analysis of ALSPAC data 246 

There were 14,684 enrolled participants alive at one year who had not subsequently 247 

withdrawn from the study. Of these, ALSPAC had no National Health Service (NHS) number 248 
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for 23 individuals and 95 explicitly dissented to linkage to their health records. This analysis 249 

is based on the remaining 14,566. Of these, 11,227 (77%) had data on smoking in pregnancy, 250 

4,537 (31%) had depression data, and 2,718 (19%) were complete cases (individuals with 251 

data on smoking in pregnancy, depression, and covariates, but not necessarily linked GP 252 

data). In addition, among the 14,566 individuals, 10,560 (72%) had sufficient GP data to 253 

generate at least one depression measure. Further details of the available data are given in 254 

Table 1.  Complete cases were more likely to be female, have a mother who was nulliparous, 255 

older, and who did not smoke during pregnancy; higher socio-economic position (measured 256 

by maternal education and other factors) was also associated with being a complete case 257 

(Supplementary Table S1). In contrast, characteristics of those with GP data were similar to 258 

those among all individuals (Supplementary Table S1). 259 

 260 

Table 1: Completeness of ALSPAC data by availability of GP data 261 

Complete data on:  Linked GP data Total 

Covariates Smoking status 

in pregnancy 

Depression 

status  

(CIS-R) 

Yesa No  

Yes Yes Yes 2,201 517 2,718 

  No 2,923 1,386 4,309 

 No Yes 180 40 220 

  No 280 135 415 

No Yes Yes 830 185 1,015 

  No 2,196 989 3,185 

 No Yes 478 106 584 

  No 1,472 648 2,120 

   10,560 4,006 14,566 

ALSPAC: Avon Longitudinal Study of Parents and Children; CIS-R: Revised Clinical Interview 262 

Schedule; GP: General Practitioner  263 
aInformation on at least one of: historical, current or future diagnosis or treatment or 264 

symptoms of depression 265 

 266 

Association between ALSPAC-measured and GP-recorded depression. Table 2 shows the 267 

relationship between the three GP depression outcomes and CIS-R-defined depression. Most 268 
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individuals (98%) without depression according to the CIS-R did not have a current GP record 269 

for depression. However, only just over a quarter of individuals with CIS-R-measured 270 

depression had a current GP depression record (Table 2). The results were similar for 271 

historical depression. Future depression had a higher sensitivity but lower specificity. 272 

 273 

Table 2: ALSPAC depression according to GP measures of depression  274 

  CIS-R diagnosis of depression 

GP measurea  No Yes 

Current diagnosis or 

symptoms or treatment 

No 

Yes 

3012 (97.7%) 

72 

199 

71 (26.3%) 

Future diagnosis or 

symptoms or treatment 

No 

Yes 

2500 (79.6%) 

640 

126 

156 (55.3%) 

Historical diagnosis or 

symptoms or treatment 

No 

Yes 

3233 (96.2%)  

127 

217 

64 (22.8%) 

ALSPAC: Avon Longitudinal Study of Parents and Children; CIS-R: Revised Clinical Interview 275 

Schedule; GP: General Practitioner  276 
aThe denominators vary because the numbers with historical, current and future data on 277 

depression are different. 278 

 279 

After mutual adjustment (for the other GP depression variables), the GP measures were all 280 

strongly associated with CIS-R-defined depression: OR = 5.04; 95% CI (3.11, 8.17); 3.14 (2.37, 281 

4.17); and 2.31 (1.44, 3.69), for current, future and historical depression, respectively. 282 

 283 

Predictors of missing ALSPAC-measured depression data. Supplementary Table S2 shows the 284 

association between covariates and missingness in CIS-R depression. Since the majority of 285 

missing data was in the outcome (depression), these factors were the same as those 286 

associated with being a complete case. Table 3 shows the associations between the GP 287 

measures of depression and missing CIS-R depression among those with complete data on 288 

smoking in pregnancy, covariates, and GP data (n=4,468). Using logistic regression, and after 289 

adjusting for covariates (including the exposure, smoking in pregnancy), individuals with a 290 
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future depression record were more likely to have missing CIS-R depression data; the 291 

association was weaker with current and historical depression. This suggests that the 292 

outcome, depression, is likely to be MNAR conditional on the exposure and covariates; the 293 

addition of the auxiliary variables (GP-recorded depression) should give a better 294 

approximation to missing at random (MAR). 295 

 296 

Table 3: Association between GP-recorded depression and missingness in ALSPAC depression 297 

Variable  Odds ratio (OR) 

(95% CI)a 

p-value 

Historical diagnosis or 

symptoms or treatment 

Current diagnosis or 

symptoms or treatment 

Future diagnosis or 

symptoms or treatment 

Yes 

 

Yes 

 

Yes 

1.13 (0.87, 1.47) 

 

1.23 (0.90, 1.69) 

 

1.32 (1.14, 1.53) 

P=0.4 

 

P=0.2 

 

P<0.001 

ALSPAC: Avon Longitudinal Study of Parents and Children; GP: General Practitioner  298 
aAdjusted for all covariates, including smoking in pregnancy (the exposure) 299 

 300 

There was no evidence for an interaction between smoking in pregnancy and current GP-301 

recorded depression with respect to missingness in CIS-R-measured depression [risk ratio 302 

(RR) for interaction between smoking in pregnancy and current depression = 0.97 (0.58, 303 

1.61), P=0.9; and RR for interaction with future depression = 0.88 (0.69, 1.13), P=0.3, when 304 

added to a binomial regression model including a restricted set of covariates (sex, mother’s 305 

education, mother’s age, parity, housing, social class, and number of rooms)]. These 306 

covariates were selected on the basis of their strength of association with missing 307 

depression data; only a restricted set of covariates could be included because models 308 

including additional covariates did not converge. Based on this, there is no evidence to reject 309 

the condition needed to ensure an unbiased estimate of the OR from the complete case 310 

logistic regression, apart from the fact that this was not the CIS-R measure of depression but 311 
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its proxy, GP-recorded depression. However, we note the confidence intervals for these 312 

interactions are quite wide. In the multiply imputed data, a log-link regression for 313 

missingness in CIS-R depression showed no evidence for an interaction between smoking in 314 

pregnancy and CIS-R depression (RR for interaction = 0.97 (0.65, 1.44), P=0.9). Thus, under 315 

an assumption that CIS-R depression is MAR given the covariates and the GP depression 316 

variables, there was again no evidence to reject the assumption required for unbiasedness 317 

of the complete case OR estimate. 318 

 319 

Relationship between smoking in pregnancy and offspring depression. Table 4 gives the ORs 320 

for depression comparing offspring of mothers who smoked during pregnancy to offspring of 321 

non-smokers obtained using the complete case analysis and MI. The complete case 322 

estimates were closer to the null than those obtained using MI; MI resulted in increased 323 

precision.  324 

 325 

Table 4: Relationship between smoking in pregnancy and offspring depression: odds ratio 326 

estimates obtained from different analysis approaches 327 

Analysis 

approach 

Crude OR  

(95% CI) 

Adjusteda OR (95% 

CI) 

Gain in precisionb 

(adjusted log OR) 

Complete case 

(n=2,718) 

MIc 

(n=14,566) 

1.72 (1.20, 2.46) 

 

1.86 (1.44, 2.40) 

1.36 (0.92, 2.12) 

 

1.46 (1.06, 2.01) 

n/a 

 

287% 

MI: Multiple imputation; OR: odds ratio 328 
aAdjusted for sex, mothers age, parity, & education, family occupational social class, 329 

maternal and paternal antenatal depression and anxiety, housing tenure and number of 330 

rooms in house. 331 
bVariance (log OR) from complete case analysis / variance (log OR) from MI, expressed as a 332 

percentage decrease/increase. 333 
cIncluding linked GP data and ever smoked (from ALSPAC) as auxiliary variables. 334 

 335 

Simulation study results 336 
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Figure 1 and Supplementary Table S3 show the percent bias in the log OR (error bars in 337 

Figure 1 are 1.96 times the Monte Carlo error) when the log probability of missingness 338 

depended linearly on the exposure and a function of the outcome (i.e. no multiplicative 339 

interaction with respect to the probability of missingness). Similarly, Figure 2 and 340 

Supplementary Table S4 show the percent bias when there was an interaction between the 341 

exposure and continuous outcome in the missingness model.  342 

 343 

Figures 1 and 2 about here 344 

 345 

Complete case analysis. There was no evidence for bias in the complete case estimate of the 346 

log OR when the log probability of missingness depended linearly on the exposure and a 347 

function of the continuous outcome (Figure 1 and Supplementary Table S3). This was also 348 

the case when the binary outcome was obtained by dichotomising the continuous outcome 349 

(Supplementary Table S5). When an interaction between the exposure and outcome with 350 

respect to the log probability of missingness was introduced (simulated by including an 351 

interaction term in the logistic model for missingness), the bias increased, ranging from 7-8% 352 

when 20% of the outcome data were missing to around 35% when 80% were missing. This 353 

bias (and the Monte Carlo error) was marginally lower when the prevalence of the exposure 354 

was 15% compared to when it was 7.5% (Figure 2). 355 

 356 

Imputation of binary outcome. In scenarios with no interaction, imputing the binary outcome 357 

gave estimates that were similar – on average across the simulated datasets – to the 358 

complete case estimates; a stronger proxy (greater sensitivity) generally resulted in slightly 359 

lower bias than with a weaker proxy (Figure 1 and Supplementary Table S3). When the 360 
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interaction was introduced, there were small reductions in bias (compared to the complete 361 

case analysis) when the proxy had low sensitivity but greater reductions when it had a higher 362 

sensitivity; precision was also increased (Figure 2 and Supplementary Table S4). Similarly, for 363 

a given percentage of missing data, the FMI was lowest when the proxy had high sensitivity 364 

(Supplementary Tables S3 and S4).  365 

 366 

Missingness in the linked outcome. When missingness was introduced in the linked outcome, 367 

the reductions in bias and gains in precision were lower than those seen in the equivalent 368 

scenarios in which the linked outcome was fully observed (Supplementary Tables S6). 369 

 370 

Discussion 371 

Our simulations suggest that when the log probability of missingness in a binary outcome 372 

depends linearly on the exposure and a function of the underlying continuous outcome, 373 

then estimates of the log OR for exposure will be subject to little or no bias; in contrast, if 374 

there is an interaction between the exposure and outcome in the dependence of the log 375 

probability of missingness on these variables, the bias could be substantial. In the absence of 376 

an interaction, including an imperfect proxy for the missing binary outcome as an auxiliary 377 

variable in MI will result in similar (but more precise) estimates of the log OR compared to 378 

the complete case analysis, particularly when the proxy has high sensitivity (and specificity). 379 

If an interaction is present, imputing the binary outcome will lead to relatively large bias 380 

reductions if the proxy has high sensitivity (and specificity); otherwise, the bias reductions 381 

are likely to be small.  Although a standard implementation of MI assumes MAR, in this case 382 

we were imputing the outcome using logistic regression; as such, although the intercept 383 

would be expected to be estimated with bias, the log OR for exposure would be 384 
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approximately unbiased under the same conditions as the complete case analysis. When 385 

there is an interaction, the reductions in bias in MI relative to the complete case analysis 386 

result from getting closer to MAR. 387 

 388 

In the ALSPAC example, we used three (rather than one) linked proxies for the outcome, 389 

with sensitivities 22% (historical), 26% (current) and 55% (future depression) and specificities 390 

96%, 98%, and 80%, respectively. These proxies were independently associated with 391 

ALSPAC-measured depression so would be better than a single proxy with sensitivity 25% 392 

but may not predict ALSPAC-measured depression as accurately as a single proxy with 393 

sensitivity 75%. Although there was no evidence for an interaction between the exposure 394 

and outcome with respect to the probability of missingness, this analysis used the proxy 395 

outcome measure, GP-recorded depression, rather than the CIS-R measure of depression. 396 

However, in the imputed data there was no interaction between the exposure and the CIS-R 397 

measure of depression in a log link model for missingness. A key difference in the ALSPAC 398 

analysis, however, was the fact that most of the covariates – including the exposure – were 399 

also partially observed, with some also potentially MNAR. Thus, since the MI estimate of the 400 

odds ratio in this example was slightly higher than the complete case estimate, the 401 

simulations suggest that the MI estimate could be subject to a small amount of (upward) 402 

bias due to a violation of the MAR assumption.  Of course, there are likely to be other 403 

sources of bias in the estimate - most notably, residual confounding [7]. Similarly, and as 404 

discussed by Bartlett et al, the estimate from both the complete case analysis and MI would 405 

also be biased if the outcome model were incorrectly specified [1]. 406 

 407 



 

19 

 

In terms of using auxiliary data, our findings are in line with previous research showing that 408 

inclusion of auxiliary variables in MI can increase precision and reduce bias as long as the 409 

correlation between the auxiliary variable(s) and the variable with missing data is reasonably 410 

high [8-10].  411 

 412 

Our study has several limitations. In particular, the simulations did not match the data 413 

example exactly. Firstly, the ALSPAC example also included covariates, many of which were 414 

subject to missing data themselves and predictors of being a complete case, whereas 415 

covariates were not included in the simulations. Secondly, in ALSPAC, GP data were not 416 

available for all participants. Although the distribution of most characteristics was similar 417 

among the subgroup with GP data compared to among the overall sample, individuals living 418 

in owned or mortgaged accommodation were more likely than those in rented 419 

accommodation to have linked GP data (Supplementary Table S1).  420 

 421 

Conclusions 422 

In summary, when a continuous outcome is MNAR a complete case analysis will result in a 423 

biased estimate of the exposure-outcome association. Our results suggest that, in contrast, if 424 

this outcome is dichotomised or if the underlying continuous outcome is not measured (such 425 

that only a binary form is available) and a complete case logistic regression is used, this is 426 

likely to produce estimates that are subject to little or no bias if the log probability of 427 

missingness is an additive function of the exposure and continuous outcome. Future work 428 

could examine whether this result holds with different (non-linear) missingness mechanisms. 429 

If this condition does not hold, however, a complete case analysis will result in a biased 430 

estimate of the exposure odds ratio. This bias could be reduced by including one or more 431 
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proxies for the missing outcome as auxiliary variables in MI. If such proxies are available, we 432 

would recommend using MI over a complete case analysis because, in practice, it would be 433 

difficult to rule out an interaction. Note that it would also be important to carry out 434 

sensitivity analyses to explore the robustness of the findings to any assumptions made about 435 

the missing data mechanism. 436 

 437 

List of abbreviations 438 

ALSPAC: Avon Longitudinal Study of Parents and Children 439 

CIS-R: revised clinical interview schedule 440 

GP: general practitioner  441 

MAR: missing at random 442 

MI: multiple imputation 443 

MNAR: missing not at random 444 

National Health Service: NHS 445 

OR: odds ratio 446 

RR: risk ratio 447 

 448 

Figure titles 449 

Figure 1: Mean percent bias in log odds ratio when the log probability of missingness 450 

depended linearly on exposure and a function of outcome  451 

Footnote: Error bars are 1.96 x the Monte Carlo error 452 

Figure 2: Mean percent bias in log odds ratio when the log probability of missingness 453 

depended on exposure, outcome and their interaction  454 

Footnote: Error bars are 1.96 x the Monte Carlo error 455 
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Mean percent bias in log odds ratio when the log probability of missingness depended linearly on
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