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the percent missing increases (Fig. 3). Our previously de-
veloped KNN-TN method has comparable power to the
BayesImp and BayesInf methods, though the error rate
seems to exceed the nominal 5% threshold as the per-
cent missing hits 30%. As expected, the naïve simple im-
putation methods (zero, mean, and min) perform poorly
in all these scenarios. In the scenario where all missing-
ness is due to intensities below the LOD (MNAR only),
all the methods (except the naïve mean and zero ap-
proaches) demonstrate comparable power, type I error,
and AUC (Fig. 4), as well as similar bias (Fig. 5) and
MSE (Fig. 6) for estimating the beta coefficients. The sep-
aration between our method and GSimp becomes greatest
with 100% MAR (Additional file 2: Figures S1-S3) and is
slightly lower when MNAR > MAR (Additional file 2: Fig-
ures S4-S6), generally following a decreasing trend with
increasing percent MNAR. Similar results hold for the 50
samples by 400 metabolites simulations (Additional file 2:
Figures S7-S18). Due to the low power with 10 samples,
we increase the effect size to 1.6. In this scenario, the
AUC and power are both higher for BayesMetab method

(BayesInf and BayesImp) relative to GSimp and compar-
able to KNN-TN method. When MAR >MNAR, BayesMe-
tab outperforms KNN-TN with 9 and 15% missingness on
power and AUC. The type 1 error for BayesMetab is lower
than the KNN-TN and with 30% missingness the type 1
error for KNN-TN is also higher. Similar results hold when
missingness is completely MNAR and when MAR<MNAR
when comparing BayesMetab with KNN-TN (Additional
file 2: Figures S19-S30).

Real data study results
Using the imputed dataset from the various methods, we
conducted an unpaired t-test to identify the number of
significant metabolites based on a significance level of
0.05. Figure 7 gives a comparison of the number of signifi-
cant metabolites found by BayesMetab, GSimp and KNN
Truncation, and the number of commonalities. Note that
91 of the discoveries come from metabolites with fully ob-
served data in both groups, so these do not represent dif-
ferences in the methodologies. Further, all of the
metabolites flagged as differentially abundant by GSimp

Fig. 3 Box plots for MSE for Bayesian, GSimp, Zero, Min, Mean and KNNTN methods for 100 datasets, 30 samples by 225 metabolites. Total
missing was considered at 9, 15, and 30% and within each missing MNAR is less than MAR.
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are also detected by our BayesImp, but the Bayesian ap-
proach finds an addition 16 metabolites of interest when
compared with GSimp. In this data, we find the BayesMe-
tab and KNN-TN tend to perform similarly.
We further looked at the distributions of those 16 me-

tabolites that were significant with BayesMetab method
and not GSimp to see how the imputed values are
imputed based on the BayesMetab and GSimp method.
Figure 8 represents the distribution of, 1,2-dipalmitoyl-
glycerol 1-heptadecanoylglycerophosphocholine, hep-
tanoate and pentobarbital from the MI study data
respectively. The horizontal line represents the LOD, the
“G” represent the values imputed by the GSimp method
and the “B” represent the values imputed by the Bayes-
ian method. In metabolites A and B, GSimp tends to im-
pute MVs to be substantially lower and outside of the
range of the observed values, leading to inflated standard
deviations and lost power. Most of the metabolites from
the 16 unique significant metabolites from the Bayesian
method followed the similar distribution as shown in the
two examples above.

To further understand the role of imputation near the
LOD, we evaluated the distribution of two metabolites,
heptanoate (C) and pentobarbital (D). These metabolites
were not significant based on both methods and have
values close to the LOD. Here, BayesMetab suspects
these MVs are more likely to be due to truncation than
in panels (A) and (B) since the observed values are near
ξ, and the imputed values are below the LOD. For the
most part, BayesMetab approach does a similar job to
GSimp of imputing these MVs.
While comparing the results with Sansbury et al. [16],

Sansbury et al. performed a metabolomic analysis using
the half minimum imputation method and found 87 of
the 288 metabolites analyzed to be significantly different
based on an unpaired t-test. Of the 288 metabolites
measured, 41 and 24% of the metabolites were lipids and
amino acids. Table 1 shows the significant metabolites
uniquely identified by the BayesMetab and KNN-TN as
compared to the GSimp method. The majority of the
significant metabolites in Table 1 represent the lipid
super pathway and lysolipid sub pathway. As seen in the

Fig. 4 Box plots for Power, Type 1 Error and AUC for Bayesian, GSimp, Zero, Min, Mean and KNNTN methods for 100 datasets, 30 samples by 225
metabolites. Total missing was considered at 9, 15, and 30% and completely MNAR
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