Supplementary Information

Method Source Parameters
Mean fancyimpute

Median fancyimpute

Mean fancyimpute/R MICE

Random Sampling

K-Nearest Neighbors

Singular Value Decomposition
SoftImpute

MICE

R MICE

fancyimpute
fancyimpute
fancyimpute

R MICE

fancyimpute

1, 3,9, 15, 30, 81, 243, 751, 2000, and 6000 neighbors
All ranks from 1 to 24
Ranks 0.5, 1, 2, 4, 8, 16, 32, 64 and 128

pmm - predictive mean matching

norm - bayesian linear regression analysis

norm.nob - non-bayesian linear regression

norm.boot - linear regression with bootstrapping
norm.predict - predicted value from a linear regression
mean - mean imputation, control to fancyimpute mean
rf - random forest

ri- random indicator

sample - random sample from observed data, control

col (posterior predictive distribution), lambda values
of 0.0001, 0.001, 0.01, 0.1, 0.25

pmm (predictive mean matching), 5 nearest neighbors,
lambda values of 0.0001, 0.001, 0.01, 0.1, 0.25

Supplementary Table 1. Imputation methods, package sources and parameters used.



Supplemental Figure 1. Additional Summary of missing data across clinical lab measures.
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A.) B.) C.) Accuracy of a random forest predicting presence or absence of all 143 laboratory tests. D.)
Accuracy of a random forest predicting presence or absence of top 28 laboratory tests.



Supplemental Figure 2. Correlation Structure of Variables.
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Heatmap of the absolute values of the coefficients of correlation for each pair of variables used in for
imputation. Some of the imputation methods were sensitive to multicolinearity and we found that an
absolute correlation greater than 0.8 was a sufficient proxy of multicolinearity. There were 4 groups of
variable with correlations in this range ({787-2, 785-6}; {789-8, 4544-3, 718-7}; {2093-3, 1975-2};
{1743-4, 30239-8}). In each of these cases, imputation required that only one variable from each of these
groups be used to impute other values.



Supplemental Figure 3. KNN MCAR parameter sweep (K values shown).
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Supplemental Figure 4. Singular Value Decomposition MCAR parameter sweep (Rank values

shown).
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Supplemental Figure 5. SoftImpute MCAR parameter sweep (Shrinkage values shown).
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Supplemental Figure 6. MICE Posterior Moment Matching MCAR Spike-in.
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Supplemental Figure 7. MICE Probabilistic Moment Matching MCAR Spike-in.
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Supplemental Figure 8. MICE R package Spike-in.

MICE R Package MCAR Spike-in

C.0.3

B.0.2

A.0.1

| sidwes

L1d

L dd

| ues|y

| 101paid WIoN
L. 100g

L 9ON

| WioN

L NINd

1.4 1

0.8

| sidwes

L1d

L dd

| ues|y

| 101paid WIoN
1.jood

L dON

| WioN

L NINd

1.4

v

| sidwes

L1d

L dd

| ues|y

| 101paid WIoN
1.jood

L dON

| WioN

L NINd

1.44

3s

Nd

Method

Method

Method

E.0.5

D.0.4

| sidwes

L1d

Ldd

| uespy

_ | 101paid WIoN
| joog

L dON

| WwioN

L NINd

1.4

| sidwes

L1d

Ldd

| uespy

v- 101pald WwlioN
| joog

L dON

| WwioN

L NINd

Method

Method



Supplemental Figure 9. KNN MNAR parameter sweep (K values shown).
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Supplemental Figure 10. Singular Value Decomposition MNAR parameter sweep (Rank values

shown).
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Supplemental Figure 11. SoftImpute MNAR parameter sweep (Shrinkage values shown).
Softimpute MNAR Spike-in

A. Quartile 1 B. Quartile 2
4- 4-
w 37 w 37
wn wn
rbdddsbs
8 8 8 8 8 8 8 8 _E_
ol v 1 LT T ——

N < 0] To] ~ (V] <t [ce] © N < [0
Rank Rank
C. Quartile 3 D. Quartile 4
4- 4
w37 w37
) )
22' 22_
o o
§ vl
0_*$$$$$$—T 0-
' O - & < ® © o <

T T T T T T T T
L - N ¥ © © o % o
) L ) -
o & o

Rank Rank

<
©

128



Supplemental Figure 12. MICE Posterior Prediction MNAR Spike-in.
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Supplemental Figure 13. MICE Probabilistic Moment Matching MNAR Spike-in.
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Supplemental Figure 14. MICE R package MNAR Spike-in.
MICE R Package MNAR Spike-in
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Supplemental Figure 15. KNN MAR parameter sweep (K values shown).
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Supplemental Figure 16. Singular Value Decomposition MNAR parameter sweep (Rank values
shown).
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Supplemental Figure 17. SoftImpute MAR parameter sweep (Shrinkage values shown).
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Supplemental Figure 18. MICE Posterior Prediction MAR Spike-in.
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Supplemental Figure 19. MICE Probabilistic Moment Matching MAR Spike-in.
MICE Probabilistic Moment Matching MAR Spike-in
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Supplemental Figure 20. MICE R package MAR Spike-in.
MICE R Package MAR Spike-in
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Supplemental Figure 21. Summary of imputation accuracy scores across all 10 sets of 10,000
patients.

Missing based on real data observations.
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Supplemental Figure 22. Convergence of MICE PMM imputation chains
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Assessment of convergence in the imputed values using the pmm method in the mice package. Five
imputations were run for 125 iterations. The mean and standard deviations of the imputed values were
plotted as a function of the iteration number. This was performed for each variable but two examples are
shown above. The top for panels show a failure of convergence when all variables were included in the
predictor matrix. The bottom four panels show convergence within 20 iterations when highly correlated
variables were not used simultaneously as predictors. The means and standard deviations of the
imputation chains show no trends after 20 iterations and the individual chains are indistinguishable.



