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Supplemental Methods
DURIAN algorithm

Imputation of single-cell dropout using bulk (or pseudobulk) transcriptomic
data in DURIAN includes the following steps: (1) data pre-processing; (2)
deconvolution of bulk data; (3) update of the imputation objective; (3) im-
putation of the dropout reads. Below we describe each of these steps.

Data pre-processing

Prior to analysis, outlier single-cell and bulk libraries are removed, where
outliers are defined as library sizes outside 2 standard deviations of mean
(within each data type). Then, each bulk and single-cell sample is scaled
to le6 (CPM scaling). During each deconvolution step, genes are analyzed
which are expressed in at least 5 cells or 0.5% of all cells (whichever is
greater).

We recognize that, while the best case scenario for DURIAN usage in-
volves experiments that produce paired bulk and single-cell data, users of



our tool may be forced to pair datasets from different sources. For well-
characterized and/or well-differentiated systems, such as the adult pancreas,
published data from different sources may be paired with minimal consider-
ation toward pre-processing. For other tissues, such as samples from human
atopic dermatitis (ie eczema), whole-organism involvement with dermato-
logic, immunological, and neurological disruption disruption introduces con-
straints which prevent naive pairing of sequencing from separate studies.

We employ two alternative feature selection strategies (fig. S2), depend-
ing on the reproducibility of single cell labels, which DURIAN treats as
prior-knowledge: 1) Seurat variance stabilized transformation and subse-
quent CPM scaling, both standard approaches, 2) Use of the DESeq2 differ-
ential gene expression model with the following design formula: X = modal-
ity + group, where "X" are the number of detected reads in the sample,
"modality" is a nuisance variable corresponding to the original sequencing
strategy (either bulk or single cell converted to pseudobulk), and "group" is
a biological condition (eg disease/healthy) present in both bulk and single-
cell data sets. In order to employ (2), the single cell data from each of N
donors is averaged to create N pseudobulk samples, and these are analyzed
alongside the corresponding bulk data. The differentially expressed genes
corresponding to this model are those which predict the biological state of
the sample irrespective of whether it was sequenced from a bulk or single
cell library.

We devised strategy (2) as a viable alternative to more standard fea-
ture selection after discovering cell populations, described by some pub-
lished single-cell studies, which could not be recovered via deconvolution
of condition-matched bulk from other studies. As noted above, this is likely
to be a common problem, especially when the single-cell data in question
seeks to identify novel disease or developmental cell types, as illustrated in
Fig. S2 below for fibroblast subpopulations (FB.1-3), originally identified by
He et al (GSE147424). In Fig. S2a, the published cell labels are shown, in
contrast to the Seurat clustering using only the ’sequencing-strategy agnos-
tic’ genes identified by strategy (2) in Fig. S2 on right. This figure shows
that the existence of FB.1-3 may be dependent on experimental conditions
not recapitulated in other studies (eg Suarez et al (GSE65832) which was
paired with GSE147424 in Fig 4."

Deconvolution

DURIAN alternates between two basic “stages™ imputation and deconvolu-
tion. Because the imputed data is treated as fully-observed during deconvolu-
tion, while the deconvolution (via the deconvolution map) is treated as fully-
observed during imputation, these two stages are fully modular and math-
ematically independent from each other. To illustrate this point, we imple-
ment two alternative deconvolution approaches: an LDA-based topic model



(alg. 1), and non-negative least-squares (alg. 2). In addition to demonstrat-
ing the adaptability of our model, these two deconvolution approaches offer
complementary benefits for single-cell reference data: the regression-based
approach is based on the MuSiC deconvolution Wang et al. [2019] algo-
rithm which automatically performs batch correction based on inter-sample
variation in the reference data. However, this approach requires multiple
biological donor subjects, which are not always available. In contrast, our
implementation of LDA makes no assumptions about sample origin, and can
be used in cases where only a single biological replicate is available, or when
sample origin is unknown.

Deconvolution via Topic-Model

To allow scalable deconvolution of large data sets, we introduce an exact,
distributed implementation of stwdLLDA that runs faster than the originally-
described model (introduced for processing of natural-language text) without
sacrificing accuracy. Deconvolution of the bulk data in DURIAN fits a mix-
ture model using a matched single-cell dataset. We define a semi-supervised
generative model based on standard latent dirichlet allocation Blei et al.
[2003].

In the deconvolution of bulk transcriptomic data, the composition of
each sample corresponds to biological celltypes. In this context, the use of a
known expression profile serves three purposes: first, it allows DURIAN to be
utilized in modular fashion alongside state of the art unsupervised clustering
methods, to identify celltypes of interest prior to imputation. Second the use
of these celltype profiles imposes a constraint that makes deconvolution and
imputation by DURIAN repeatable, in contrast to unsupervised topic models
such as NMF (without a sparsity constraint) or standard LDA which suffer
from non-identifiability Rodriguez and Walker [2014]; Hoyer [2004]; Theis
et al. [2005]. The third benefit of using known celltype expression profiles
is that deconvolution is more scaleable on multiple bulk samples, which can
be deconvoluted in parallel due to D-separation between the individual bulk
samples Hansen et al. [2013], allowing the celltype assignment of reads from
distinct bulk samples to be sampled independently. We therefore refer to our
implementation of Gibbs sampling for the stwdLDA model as distributed,
static topic word distribution LDA (dsLDA).

dsLDA Likelihood and Posterior Distribution

The model for dsLDA is based on the bulk read likelihood, where each read
is assigned a ‘celltype’. The entire bulk sample of reads is then a mixture
of various celltypes and their ratios are the latent composition of the tissue,
aka the “deconvolution”. We can now give the likelihood for a sample of
bulk reads w,,, when the single-cell signature for celltype k is taken as the



concentration parameter 3 on the bulk celltype gene distribution ¢, and
® is the G x K matrix representing the single cell references of K celltypes,
over G genes:

N
P(Win, Zm, O |P) = Hp(wmﬂ‘¢2m,i)p(zm,i|9m)p(9m’a) (1)
i=1

In order to perform the deconvolution of W, we sample the latent cell-
type associated with each read until the Brooks-Gelman criteria are satisfied
Brooks and Gelman [1998] and take the MAP estimate of the © as the me-
dian of the highest density interval of MCMC samples.

The celltype assignment, which is drawn from the latent celltype pro-
portion matrix 6,,, is solely dependent on the local statistics underlying the
mixture of celltypes in the current bulk sample: the count ngi) of reads in
the current sample assigned to celltype k. The second part of the conditional
expresses how inference of the celltype giving rise to the current read relies
on shared information between samples. The likelihood p(wy,; = g) of a
read given celltype k is:

p(wm,i = g) = e . (2)
Zg:l ”g)ﬂ + Br,g

Marginalization of 8,,, allows sampling of the posterior for z,, via histogram
representation of p(w,, z,m) Rohde and Cappé [2011], giving rise to the
“collapsed" explicit representation of stwdLDA Hansen et al. [2013]:

n(k) C+ Qg

m,

P(2m,i = k|z—i, w)
[ZkK:I i) + O‘k} -1

: ¢Zm,i (3)

Observation of ¢, (the single-cell gene expression profiles) makes the assign-
ment vectors for any two bulk samples z,,, 2,/ : m # m/ independent from
each other. We exploit this so-called d-separation between bulk samples
(alg. 1) by sampling all bulk samples simultaneously, greatly accelerating
deconvolution compared to previous approaches Hansen et al. [2013].

Deconvolution via W-NNLS

We used the MuSiC implementation of weighted non-negative least-squares
Wang et al. [2019] as a high-efficiency alternative to dsLDA. As in eq. 1
above, each column ¢, of the reference matrix ® represents the relative
expression levels of all genes in celltype k. The latent celltype proportions
6., in eq. 4 are solved via the Lawson-Hanson NNLS algorithm during
iterative update of the latent scaling factors &,, Wang et al. [2019]. Due to



its dependence on the variance across bulk samples, & inherantly deals with
batch effects Wang et al. [2019].

6,, = argmin (Hdiag(dm)(ﬁ)m — (I)ém)H%) (4)
«,0>0

DURIAN Iterative Algorithm

Our approach alternates between fitting the dsLDA mixture model to com-
pute the mtSCRABBLE objective and optimizing the mtSCRABBLE ob-
jective (D-step and the I-step, respectively). During the initial D-step, the
unimputed scRNA-seq data used as the signature for the deconvolution of
the bulk. The subsequent I-step utilizes A based on this deconvolution, and
estimates the imputed scRNA-seq data X. Starting with the next D-step,
all deconvolutions ©;11 utilize the imputed scRNA-seq X;. During the I-
step, the penalty parameter 5 controls how closely the current imputation
is required to match the current deconvolution estimate (fig. S4).

Algorithm 1: DURIAN [dsLDA]
Initialize: X « X;
while X not converged do
Update: & «+ X, W;
for each bulk sample j in parallel do
Sample zp,; with global static P ;
Update: Ny, N;
end
Update: Ny, < Ny + Zp(ij — Ny);
Update: g Nj, Ny;
Update: S+ 6, W, X;

Optimize: X;

end

Algorithm 2: DURIAN [MuSiC]
Initialize: X + X;
while X not converged do
Update: & « X, W;
while & not converged do
Update: O« X, W,a;
Optimize: &;

end
Update: S+ O,W, X;
Optimize: X;

end




Empirical Convergence Properties of DURIAN

The framework of DURIAN relies on an iterative scheme: the imputation
stage treats the deconvolution map (reflecting the estimated celltype per-
centages of the bulk) as known, while deconvolution stage treats the cur-
rent imputation estimate of the single-cell data as known. It thus remains
to be shown that during successive DURIAN iterations, the deconvolution
and imputation estimates are jointly improving. In Fig. S1, we show a
2-dimensional histogram of the scaled iteration-by-iteration mean error for
down-sampled and splatter simulated runs in Figs. 2-3, for all replicates
corresponding to the two highest dropout rates in each strategy. Because
each simulated replicate contains completely different cells, and each down-
sampled replicate contains a completely different subset of the original pan-
creatic data, we adopted the following scaling approach for both mean and
L2 error: |(y+ — yr)/(y1 — yr)|, where y1,v:, yr represent the value of the
statistic at initiation (unimputed data), at iteration ¢ and at convergence,
respectively. For each respective strategy (e.g. down-sampling, dsLDA de-
convolution) the histogram in the top facet of Fig. Sla contains binned
imputation error for all replicates and the histogram in the bottom facet
directly below it contains the binned deconvolution error (RMSE) for the
predicted celltype x bulk sample matrix vs known, for the same replicates.
Regardless of synthetic data strategy or deconvolution method, these his-
tograms suggest that as DURIAN approaches convergence, each successive
round of imputation benefits from the previous round of deconvolution, and
vice versa.

Synthetic Single-Cell Data

Synthetic single-cell data was generated with the splatter R package Zap-
pia et al. [2017|. Detailed parameterization of the splatter graphical model
is provided in our script generate_splatter_k4_path_batchdrop.R at au-
thor’s github repository below.

Imputation Benchmarking
Pairwise Wilcox tests were performed on mean and L2 error statistics, with
Benjamini-Hochberg adjustment for false-discovery.

Convergence Metrics

Data were scaled to relative values as described in Results. Outlier values
at the 5 and 95 percentiles were removed before the respective continuous
color scales were applied.
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Figure S1: Impuation and Deconvolution Error Mutually Improve
as DURIAN Converges. a-b) 2-Dimensional histograms of the scaled er-
ror (for imputation and deconvolution) for all replicates of the two highest
dropout rates reported in figs 2-3. a) Scaled imputation error for DURIAN
run with both dsLDA and NNLS (MuSiC) deconvolution strategies, with
samples subdivided by synthetic data strategy: down-sampling and simu-

lation. b) Scaled deconvolution error collected during the imputation runs
plotted in (a).



Inference and Analysis of Cell Communication Networks

Inference of cell communication networks was performed as described in the
CellChat Jin et al. [2021] documentation, available in the CellChat github
repository. In particular, the threshold for permutation-based significance
testing was left at the default value p = 0.05.

Data and Software
Published Software
Software for CellChat, SCRABBLE, URSM, Drlmpute, and MuSiC were

downloaded from the authors’ respective github repositories. Because URSM
is based on older Python 2.7 code, we provided updates to allow it to run on
our cluster in a fork of the original github repo located in the “slurm/URSM”
subdirectory of our github repository linked below. All computational ex-
periments were run on the UCI HPC cluster using slurm.

Run Parameters of Published Software

SCRABBLE parameterization was explicitly noted in all figures and matched
that of DURIAN for all common ADMM steps. Drlmpute was run at its
default parameterization. We adopted the following parameterization for
URSM to roughly align its runtime (fig. S3) with other tested methods:
number of EM iterations = 5, burn in length = 10, gibbs sample number =
10. Although URSM does not directly output imputed data, we took the
scaled posterior gene expression profiles of each read for which the posterior
expectation of the binary dropout indicator A =1 Zhu et al. [2018]

Published Data

Mouse embryonic skin single cell and bulk sequencing Gupta et al. [2019];
Biggs et al. [2018] and previously published re-clustering labels Jin et al.
[2021] was obtained from the NCBI GEO repository (GSE122043,GSE110459)
and from private communication with the authors, respectively. Human
adult pancreas single cell sequencing Baron et al. [2016] was obtained from
the NCBI GEO repository (GSE84133). Human adult pancreas bulk se-
quencing Segerstolpe et al. [2016] was obtained from the Array Express repos-
itory (E-MTAB-5060). Human adult skin single cell and bulk sequencing He
et al. [2020]; Suérez-Farinas et al. [2015] were obtained from the NCBI GEO
repository (GSE147424, GSE65832).



Supplemental Tables

Mean Error Benchmarks

Aggregate by method

modelname count mean sd
mtSCRABBLE 1,1e-06,1e-04 2.950E+02 4.681E+00  3.679E-01
DURIAN.MuSiC 1,1e-06,1e-04 3.000E+02 4.687E+00  3.677E-01
DURIAN.MuSiC 0.01,1e-05,1e-05 2.850E+02 4.699E+00  3.047E-01
mtSCRABBLE 0.01,1e-05,1e-05 2.860E+02 4.703E+00  3.044E-01
CMFImpute 2.520E+02 4.886E+00 1.725E-01
DURIAN.dsLDA 0.01,1e-05,1e-05 2.940E+02 4.925E+00  5.055E-01
DURIAN.dsLDA 1,1e-06,1e-04 2.950E+02 4.928E+00  5.798E-01
SCRABBLE 1,1e-06,1e-04 3.000E+02 5.048E+00 9.914E-01
DrImpute 2.830E+02 5.063E+00 6.479E-01
SCRABBLE 0.01,1e-05,1e-05 2.980E-+02 5.157E4+00  9.823E-01
dropout 3.000E+02 5.169E+00 3.696E-01
URSM 2.830E+02 6.330E+00 1.069E+00
G2S3 3.000E+02 6.378E+00 1.002E+400
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Table S1: Stats for benchmark mean error (RMSE)
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DURIAN.ASLDA 0.01,1e-05,1¢-05 3.249E-10
DURIAN.dsLDA 1 04 2.581E-04  7.206E-01
DURIAN.MuSIC 0.01,1¢-05,1¢-05 07 8.259E-04
DURIAN.MuSiC 1,1¢-06,1e-04 4632E-10 6.626E-01
S3 SE-87 6.743E-06  8.229E-08
mtSCRABBLE 0.01, 05 7 9.915E-04 5.819E-01  5.997E-96
mtSCRABBLE 1 04 4 B207E-10 517 9.059E-01 TE-97 4.517E-01

SCRABBLE 0.01,1e-0s 05 1.558E-01 5.819E-01 3 2 4.888E-01 3.265E-02 1.393E-07 9.869E-10 2.958E-07  3.272E-10
SCRABBLE 1,1e-06,1e-04  1.446E-03 1.084E-04 2.426E-19 1.560E-02 5819E-01 2637E-02 6.985E-04 5.483E-59 3.560E-02 3.636E-04 2.204E-03
URSM  6.592E-88 7.988E-52 6.054E-68 6.195E-72 4.806E-74 3.691E-93 1.819E-95 4.110E-05 2.902E-93 9.083E-95 6.927E-52 1.651E-56

Table S2: Adjusted p-values for paired Wilcox tests on benchmark mean
error (RMSE)



Down-Sampled

strategy modelname count mean sd
1 Down-Sampling CMFImpute 1.020E402 4.914E+4+00 1.131E-01
2 Down-Sampling DURIAN.MuSiC 0.01,1e-05,1e-05 1.350E+02 4.975E+00  1.709E-01
3  Down-Sampling mtSCRABBLE 0.01,1e-05,1e-05 1.360E+02 4.977TE+00 1.712E-01
4 Down-Sampling DURIAN.MuSiC 1,1e-06,1e-04 1.500E+4-02  5.040E-+00 1.087E-01
5 Down-Sampling mtSCRABBLE 1,1e-06,1e-04 1.450E+402 5.040E+00  1.103E-01
6 Down-Sampling DURIAN.AsLDA 0.01,1e-05,1e-05 1.440E+402 5.385E+00  2.851E-01
7 Down-Sampling dropout 1.500E+02 5.430E+00  3.087E-01
8 Down-Sampling DURIAN.dsLDA 1,1e-06,1e-04 1.500E+02 5.473E4+00  2.115E-01
9 Down-Sampling DrImpute 1.330E+02 5.651E+00  4.657E-01
10 Down-Sampling SCRABBLE 1,1e-06,1e-04 1.500E+02 5.681E+00 1.072E+00
11 Down-Sampling SCRABBLE 0.01,1e-05,1e-05 1.480E+02 5.785E+00 1.064E+4-00
12 Down-Sampling G2S3 1.500E+02 6.978E+00 1.132E+00
13  Down-Sampling URSM 1.330E+02 7.115E+00 1.124E+400
Table S3: Stats for benchmark mean error (RMSE) - Strategy:Down-
Sampling
g g Z g & ] E E
= s 3 2 2 2 s o
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DrlImpute 1
DURIAN.dsLDA 0. Ul.l(‘,—l(]l;ol}:'(-)[\)‘-': 5. 1.429E-01
DURIAN.dsLDA 1,1e- 04 .843 0 2.324E-01 1.049E-03 9.483E-07
DURIAN.MuSiC 0.01,1e-( 05 4.769E-02 4.688E-38 2.290E-35 2.433E-33 2.198E-42
2.595E-24 1.1 -41 3.193E-40  1.329E-38  3.166E-45 3.562E-07
8.908E-41 1.3 5 6.369E-47  6.445E-47 8.420E-49
5 4.006E-02 4.5 9.211E-01 6 07  6.369E-47
5.471E-24  7.132] 4.304E-07 9 01 2.858E-48
SCRABBLE 0.01,1e-05,1e-05 3 - 3.424E- 1.328E-17 2, 09 5.656E-19 2 3.364E-09
SCRABBLE 1,1e-06,1e-04 6.803E-07 4.3 1.462E-04 1.081E-12 1. 3 3.777E-21 2.086E-03  9.195E-02
URSM  6.823E-39 1.367E-30 4.618E-45 6.265E-45 1.088E-45 9.727E-45 1.245E-46 3.578E-02 7.199E-45 5.085E-46 1.926E-19 3.449E-21

Table S4: Adjusted p-values for paired Wilcox tests on benchmark mean
error (RMSE) - Strategy:Down-Sampling

strategy mean_dropout modelname count mean sd

1 Down-Sampling 0.76 DURIAN.MuSiC 0.01,1e-05,1e-05 3.900E+01 4.822E+00  2.633E-02
2 Down-Sampling 0.76 mtSCRABBLE 0.01,1e-05,1e-05 3.900E+01 4.822E+00  2.641E-02
3 Down-Sampling 0.76 CMFImpute 4.900E+01 4.840E4+00  3.162E-02
4 Down-Sampling 0.76 DURIAN.MuSiC 1,1e-06,1e-04 5.000E+01 4.995E4+00  3.424E-02
5 Down-Sampling 0.76 mtSCRABBLE 1,1e-06,1e-04 5.000E+01 4.995E4+00  3.424E-02
6 Down-Sampling 0.76 DURIAN.ASLDA 0.01,1e-05,1e-05 4.800E+01 5.131E+00  4.510E-02
7 Down-Sampling 0.76 dropout 5.000E+01 5.140E4+00  4.988E-02
8 Down-Sampling 0.76 DURIAN.ASLDA 1,1e-06,1e-04 5.000E+01 5.316E+00  4.896E-02
9 Down-Sampling 0.76 DrImpute 5.000E+01 5.435E4+00  4.039E-01
10 Down-Sampling 0.76 SCRABBLE 1,1e-06,1e-04 5.000E+01 5.607E+00 1.119E-+00
11  Down-Sampling 0.76 SCRABBLE 0.01,1e-05,1e-05 5.000E+01 5.722E4+00 1.101E+00
12 Down-Sampling 0.76 G2S3 5.000E+01 6.877TE+00 1.119E+00
13 Down-Sampling 0.76 URSM 5.000E+01 6.947E4+00 1.087E-+00

Table S5: Stats for benchmark mean error (RMSE) - Strategy:Down-

Sampling, Mean Dropout:0.76
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le-04  2.070E-12  1.731E-03 1.169E-02 1.656E-02 1.594E-13 3 1.094E-07 1.594E-13 3.235E-01 2.983E-01

URSM  4.046E-17 7.822E-14 3.67T4E-17 4.789E-17 3.674E-17 1.373E-15 3.674E-17 2.159E-01 1.373E-15 3.674E-17 2.374E-07 7.582E-08

mtSCRABBLE 1,1e-06
SCRABBLE 0.01,
SCRABBLE 1, le-

Table S6: Adjusted p-values for paired Wilcox tests on benchmark mean
error (RMSE) - Strategy:Down-Sampling, Mean Dropout:0.76

strategy mean_dropout modelname count mean sd

1 Down-Sampling 0.818 mtSCRABBLE 0.01,1e-05,1e-05 4.800E+01 4.911E+00  6.845E-02
2 Down-Sampling 0.818 DURIAN.MuSiC 0.01,1e-05,1e-05 4.800E+01 4.911E+00  6.850E-02
3 Down-Sampling 0.818 CMFImpute 4.700E+01 4.951E+00  7.024E-02
4 Down-Sampling 0.818 DURIAN.MuSiC 1,1e-06,1e-04 5.000E+01 4.999E+00  6.366E-02
5 Down-Sampling 0.818 mtSCRABBLE 1,1e-06,1e-04 5.000E+01 4.999E+00  6.366E-02
6 Down-Sampling 0.818 DURIAN.ASLDA 0.01,1e-05,1e-05 4.900E+01 5.285E+00  9.663E-02
7 Down-Sampling 0.818 dropout 5.000E+01 5.330E4+00  9.642E-02
8 Down-Sampling 0.818 DURIAN.ASLDA 1,1e-06,1e-04 5.000E+01 5.388E+00  8.964E-02
9 Down-Sampling 0.818 DrImpute 5.000E+01 5.589E+00  3.931E-01
10 Down-Sampling 0.818 SCRABBLE 1,1e-06,1e-04 5.000E+01 5.653E+00 1.091E+00
11 Down-Sampling 0.818 SCRABBLE 0.01,1e-05,1e-05 5.000E+01 5.762E+00 1.074E+00
12 Down-Sampling 0.818 G2S3 5.000E+01 6.942E+00 1.129E+00
13 Down-Sampling 0.818 URSM 5.000E+01 7.031E4+00 1.090E+00

Table S7: Stats for benchmark mean error (RMSE)
Sampling, Mean Dropout:0.818

Strategy:Down-

Z Z
] 2 E 2
s 3 5 3 =y 8
< = < — B & =
$ £ 2 g = = 2
= 3 = T & g 8 4
= - = - — & < o
s = S = g = = 3
= 5 9] 9 s . 1) =
. = = g g = a et =
H Z Z = = a2 a 2 =
] . ] ] ] 2 = a
2 2 Z Z Z Z = = @ =
z ] 5 = = = < o o2 9 a
2 ] S =] ] ] = 2 3 2 = =
= = 9 =} =) =) =) & 2 2 S 3
o [=] < a a a =) lel a8 g8 2 2
Drlmpute  1.207E-16
dropout 5 4.533E-04
DURIAN.dsLDA 0.01,1e-05,1e-05 5.4 22 8.092E-08

DURIAN.ASLDA 1,1e-06,
DURIAN.MuSiC 0.01,
DURIAN.MuSiC 1,1e-

-04
=05 3

4.968E-01
T.690E-17 ¢

6.446E-17
N 6.619E-17 ¢ - 2.185E-16  6.302E-17 1.247E-12
G283 7 2.231E-11 5.010E-17 6.224E-17 5.010E-17  6.302E-17 5.010E-17
mtSCRABBLE 0.01,1e-05,1e-05 2 T.690E-17  9.929E-17 1.753E-22 6.446E-17 9.971E-01 1.064E-12  6.302E-17
mtSCRABBLE 1,1¢-06,1e-04  7.042E-07  6.619E-17  9.929E-17  2.185E-16 6.302E-17 1.247E-12 8.716E-01 5.010E-17 1.064E-12
-05  3.826E-07 5.810E-02 2.799E-01 4.831E-01 1.009E-01 4.126E-11 3.728E-04 3.079E-07 4.022E-11 3.728E-04
SCRABBLE 1,1e-06,1e-04 1.649E-04 7.294E-04 1.844E-03 2.746E-03 1.213E-03 1.599E-09 2.652E-01 9.556E-08 1.599E-09 2.652E-01 2.635E-01
URSM  7.144E-17 5.314E-13 5.010E-17 6.224E-17 5.010E-17 6.302E-17 5.010E-17 1.678E-01 6.302E-17 5.010E-17 1.323E-07 5.778E-08

-04

Table S8: Adjusted p-values for paired Wilcox tests on benchmark mean
error (RMSE) - Strategy:Down-Sampling, Mean Dropout:0.818
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strategy mean_dropout modelname count mean sd

1 Down-Sampling 0.907 DURIAN.MuSiC 1,1e-06,1e-04 5.000E+01 5.127TE+00  1.385E-01
2 Down-Sampling 0.907 mtSCRABBLE 1,1e-06,1e-04 4.500E+01 5.137E+00  1.416E-01
3 Down-Sampling 0.907 DURIAN.MuSiC 0.01,1e-05,1e-05 4.800E+01 5.163E+00  1.348E-01
4  Down-Sampling 0.907 mtSCRABBLE 0.01,1e-05,1e-05 4.900E+01 5.164E+00  1.327E-01
5 Down-Sampling 0.907 CMFImpute 7.000E+00 5.264E4+00  1.389E-01
6 Down-Sampling 0.907 DURIAN.ASLDA 1,1e-06,1e-04 5.000E+01 5.716E+00  1.809E-01
7 Down-Sampling 0.907 DURIAN.dsLDA 0.01,1e-05,1e-05 4.700E+01 5.749E+00  1.652E-01
8 Down-Sampling 0.907 SCRABBLE 1,1e-06,1e-04 5.000E+01 5.783E+400 1.018E-00
9 Down-Sampling 0.907 dropout 5.000E+01 5.819E+00 1.641E-01
10 Down-Sampling 0.907 SCRABBLE 0.01,1e-05,1e-05 4.800E+01 5.875E+00 1.030E-+00
11  Down-Sampling  0.907 DrImpute 3.300E+01 6.071E+00  3.837E-01
12 Down-Sampling 0.907 G2S3 5.000E+01 7.116E+00 1.157E+00
13 Down-Sampling 0.907 URSM 3.300E+01 7.497E+00 1.173E+400

Table S9: Stats for benchmark mean error (RMSE)
Sampling, Mean Dropout:0.907

Strategy:Down-

T = % < 8

= 4 = b $ 2 3
8 it g S = < T -
3 1% 5 %) 8 = = =)
z 3 z 3 E] g 5 K
2 = S ~ = & $ 5
E = E 3 B El & g
= 2 5 9 3 a E =
g 2 2 g = 2 -
N £ <z = = g g =2 =
E - Z z z z z s 2 8

3 E S = ¢ =1 1 2
= = 5 = = 1=} 1=} ] = = o o
o A < a a a =) el 8 8 172] 1]

Drlmpute  7.200E-05
dropout  4.101E-05  2.082E-02
DURIAN.dsLDA 0.01,1e-05,1e-05  4.365E-05 1.178E-04
DURIAN.dsLDA 1.1e- 04 4.101E-05 T7.07T4E-06 3.6 9.671E-02
DURIAN.MuSiC 0.01,1e- 05 3.223E-02 4.144E-22 1.905E-16
DURIAN.MuSiC 1,1e- 4 9.382E-03 7.952E-17  2.810E-02
1.101E-05 5 4.076E-16 7.952E-17 4.878E-17
mtSCRABBLE 0.01,1e-05, 3.104E-02 ¢ 1.340E-16  9.290E-01 1.991E-02 6.142E-17
mtSCRABBLE 1,1e-06 1.452E-02 4.364E-16  8.990E-02 .65 1.941E-16 7.219E-02
SCRABBLE 0.01, 5 5.849E-01 .3 - 1.584E-02 3.446E-04 6 4.651E-07 4.186E-04 1.865E-05

SCRABBLE 1,1e 4 9.903E-01 6.189E-04 OE- 6.806E-04 7.070E-03 4.554E-05 5.188E-08 7.6 -03  2.677E-04 4.734E-01

7.200E-05 3.100E-09 5.880E-14 3.426E-21 5.880E-14 4.144E-22 4.723E-14 1.750E-02 3.467E-22 1.590E-21 1.040E-07 9.762E-08

Table S10: Adjusted p-values for paired Wilcox tests on benchmark mean
error (RMSE) - Strategy:Down-Sampling, Mean Dropout:0.907

Simulated

strategy modelname count mean sd

1 Simulation DURIAN.MuSiC 1,1e-06,1e-04 1.500E+02 4.334E+00 9.188E-02
2 Simulation mtSCRABBLE 1,1e-06,1e-04 1.500E+02 4.334E+00 9.186E-02
3 Simulation DURIAN.dsLDA 1,1e-06,1e-04 1.450E+02 4.363E+00 9.276E-02
4 Simulation SCRABBLE 1,1e-06,1e-04 1.500E+02 4.416E+00 1.302E-01
5 Simulation DURIAN.MuSiC 0.01,1e-05,1e-05 1.500E+02 4.451E+00 1.409E-01
6 Simulation mtSCRABBLE 0.01,1e-05,1e-05 1.500E+02 4.455E+00 1.430E-01
7 Simulation DURIAN.dsLDA 0.01,1e-05,1e-05 1.500E+02 4.483E+400 1.511E-01
8 Simulation SCRABBLE 0.01,1e-05,1e-05 1.500E+02 4.538E+00 1.688E-01
9 Simulation Drlmpute 1.500E+02 4.542E+00 1.412E-01
10 Simulation CMFImpute 1.500E+02 4.867E+400 2.013E-01
11  Simulation dropout 1.500E+02 4.908E+400 2.042E-01
12 Simulation URSM 1.500E+02 5.635E+00 8.879E-02
13 Simulation G2S3 1.500E+02 5.778E+00 8.052E-02

Table S11: Stats for benchmark mean error (RMSE) - Strategy:Simulation
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:
dre u 1.653E-34
DURIAN.dSLDA 0.01,1e-0: 7 2.012E-04
DURIAN.ASsLDA 1, 47  2.814E-27 2.825E- 7.438E-13
DURIAN.MuSiC 0.01, 9.899E-08 T7.930E-02  3.192E-08
DURIAN.MuSiC 1, . 9 1.345E-19 2.946E-03 3.006E-14
4 4.210E-50 2E- 4.210E-50  4.210E-50
mtSCRABBLE 0.01,1e-0: 5 1.193E-40 4 1.166E-01 - 8.113E-01 1.112E-14  4.210E-50
mtSCRABBLE 1,1e-0f 4 T491E-49 2 - 1. 1.384E-19 3 3.238E-14  9.136E-01 4.210E-50 1.149E-14
SCRABBLE 0.01,1e-05 5 1.121E-3: - 1. 6 4.585E-03 3 4.550E-06 3.130E-29 4.210E-50 1.403E-05 3.203E-29

SCRABBLE 1,1e-06 04 6.912E-4! -15 4. 1.896E-04 5 4.391E-02 9.093E-11 4.210E-50 2.693E-02 9.342E-11 2.982E-12

URSM  4.210E-50 4.210E-50 4.210E-50 4.210E-50 2.382E-49 4.210E-50 4.210E-50 4.366E-31 4.210E-50 4.210E-50 4.210E-50 4.210E-50

Table S12: Adjusted p-values for paired Wilcox tests on benchmark mean
error (RMSE) - Strategy:Simulation

L2 Error Benchmarks

Aggregate by method

modelname

count

mean

sd

00 ~J O U = W N =

R e e
W N = OO

DURIAN.dsLDA 0.01,1e-05,1e-05
mtSCRABBLE 0.01,1e-05,1e-05
DURIAN.MuSiC 0.01,1e-05,1e-05
SCRABBLE 1,1e-06,1e-04
SCRABBLE 0.01,1e-05,1e-05
DURIAN.dsLDA 1,1e-06,1e-04
mtSCRABBLE 1,1e-06,1e-04
DURIAN.MuSiC 1,1e-06,1e-04
DrImpute

G2S3

CMFImpute

dropout

URSM

2.940E+-02
2.860E+-02
2.850E4-02
3.000E+-02
2.980E+-02
2.950E+-02
2.950E4-02
3.000E+-02
2.830E+-02
3.000E+-02
2.520E4-02
3.000E+-02
2.830E+-02

5.964E4-00
5.975E+-00
5.981E+00
6.159E+00
6.193E-+00
6.316E-+00
6.429E4-00
6.438E-+00
6.581E4-00
6.649E-+00
7.123E+00
7.133E4-00
7.479E4-00

6.762E-01
6.956E-01
7.006E-01
1.482E+00
1.463E+00
7.393E-01
8.466E-01
8.430E-01
4.297E-01
3.186E-01
3.635E-01
4.004E-01
3.537E-01

Table S13: Stats for benchmark L2 error (L2 norm)
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Drlmpute  2.145E-37
dropout 6.6 7.204E-41
DURIAN.ASLDA 0.01,1e-05,1e-05 .43 3.416E-21 1.037E-63
DURIAN.ASLDA 1,1e-( 1.7 2016E-04 9.655E-39  1.597E-18
DURIAN. MuSiC 0.01,1e-05,1e-05  5.744E-53  6.552E-23 1.649E-52  2595E-01  7.977E-18
DURIAN MuSiC 1,1e-06, le-0 2784B-02 2.122B-17  2.304E-23  6.544E-05  3.709E-22
G 2.638E8-02 1.284E-32  2.109E-27  1481E-04 7.135E-02
mtSCRABBLE 0.01, 8.019E-24 4.012E-53  3.339E-01  7.190E-18 3.684E-22  2.758E-26
mtSCRABBLE 1 1.856E-02 S LIT5E22  9.422E05 1.054E-21  9.905E-01 4.57SE-02  1.054E-21
SCRABBLE 0.01, X 9.905E-01 9.905E-01  9.905E-01  9.905E-01  9.905E-01 ~ 9.905E-01 ~ 9.905E-01 ~ 9.905E-01
SCRABBLE 1,1e-06,1e-04  5.083E-01  1.000E+00 1.000E+00  1.000E+00 1.000E+00 1.000E+00 1.000E-+00 1.000E+00 1.000E+00 1.310E-06
URSM _ 2.862E-21  8.659E-65 5271E-94  4.161E-55 1.7ISE-86  1.532E-45 3.800E-86  3.422E-87 1487E-44 3.869E-28 6.024E-28

Table S14: Adjusted p-values for paired Wilcox tests on benchmark L2 error

(L2 norm)

Down-Sampled

strategy modelname count mean sd

1 Down-Sampling Drlmpute 1.330E+02 6.199E+00 1.523E-01
2 Down-Sampling G2S3 1.500E+02 6.505E+00 3.732E-01
3  Down-Sampling DURIAN.dsLDA 0.01,1e-05,1e-05 1.440E+02 6.622E4+00 2.671E-01
4  Down-Sampling mtSCRABBLE 0.01,1e-05,1e-05 1.360E+02 6.641E+00 4.043E-01
5 Down-Sampling DURIAN.MuSiC 0.01,1e-05,1e-05 1.350E+02 6.659E4+00 3.945E-01
6 Down-Sampling CMFImpute 1.020E+02 6.726E+00 8.114E-02
7 Down-Sampling dropout 1.500E+02 6.749E+00 8.337E-02
8 Down-Sampling DURIAN.dsLDA 1,1e-06,1e-04 1.500E+02 7.012E+00 2.877E-01
9 Down-Sampling URSM 1.330E+02 7.106E4+00 4.615E-02
10 Down-Sampling DURIAN.MuSiC 1,1e-06,1e-04 1.500E+02 7.256E400 2.788E-01
11  Down-Sampling mtSCRABBLE 1,1e-06,1e-04 1.450E+02 7.265E4+00 2.742E-01
12 Down-Sampling SCRABBLE 1,1e-06,1e-04 1.500E+02 7.637E4+00 2.854E-02
13 Down-Sampling SCRABBLE 0.01,1e-05,1e-05 1.480E+02 7.663E+00 2.276E-02

Table S15: Stats for benchmark L2 error

Sampling

(L2 norm) - Strategy:Down-

= =
S S n
7 = s = 8
3 g 3 g 5 2 : :
s Z = g 3 g g 2
s = S = = 7 g 3
= < o o) = - g E]
3 g Z % 2 = S =
. = - = E} = =
2 C] | = = =) =) o) =)
5 < 2 2 =] ] m m 3 =
E 2 N Z z Z Z 2 2 =] =
Z E z z E z - g g 2 2
=] = & 5 5 5 5 4 2 2 15 5
3] a E a a a a 3] E E % &
Drlmpute  2.145E-37
dropout 7.294E-41
DURIAN.ASLDA 0.01,1¢-05,1¢-05 3.416E-21 1.037E-63
DURIAN.ASLDA 1,1e-06,1e-04 2.016E-04  9.655E-30
DURIAN.MuSiC 0.01,1¢-05,1e-05 52 2.
DURIAN.MuSiC 1,1e-06,1e-04 2 17 2.304E-23
G283 32 2.100E-27 7.135E-02
mtSCRABBLE 0.01,1¢-05,1¢-05 8.0 53 3.380E-01 3.684E-22  2.758E-26
mtSCRABBLE 1,1e-06,1e-04  3.124E-16  1.856E-02 6.999E-18  LI75E-22  9.422E-05 1.054E-21  9.905E-01 4.578E-02  1.054E-21
SCRABBLE 0.01,1¢-05,1e-05  9.582E-01 ~ 9.905E-01 6.307E-02  9.905E-01  9.905E-01  9.905E-01  9.905E-01  9.905E-01  9.905E-01  9.905E-01
SCRABBLE 1,1e-06,1e-04  5.083E-01 1.000E+00 1.073E-02 1.000E+00 1.000E-00 LOOOE+00 LOOOE+00 1000E+00 1.000E+00 1.000E-00 1.310E-06
URSM _2.862E-21  8.65E-65 G.024E-28 5.271E-04 4.161E-55 1.71SE-86  1.532E-45 3.800E-86  3.422E-87 1.487E-44 3.869E-28 G6.024E-28

Table S16: Adjusted p-values for paired Wilcox tests on benchmark L2 error
(L2 norm) - Strategy:Down-Sampling
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strategy modelname count mean sd

1 Down-Sampling Drlmpute 5.000E401 6.129E400 4.490E-02
2 Down-Sampling G2S3 5.000E+01 6.595E+00 4.101E-01
3 Down-Sampling CMFImpute 4.900E401 6.655E+400 2.165E-02
4 Down-Sampling dropout 5.000E+01 6.658E+00 2.365E-02
5 Down-Sampling DURIAN.dsLDA 0.01,1e-05,1e-05 4.800E+01 6.910E400 4.763E-02
6 Down-Sampling mtSCRABBLE 0.01,1e-05,1e-05 3.900E4+01 7.057TE400 5.639E-02
7 Down-Sampling DURIAN.MuSiC 0.01,1e-05,1e-05  3.900E+01 7.063E400 5.596E-02
8 Down-Sampling URSM 5.000E4+01 7.115E400 4.209E-02
9 Down-Sampling DURIAN.dsLDA 1,1e-06,1e-04 5.000E401 7.300E+00 5.523E-02
10 Down-Sampling mtSCRABBLE 1,1e-06,1e-04 5.000E401 7.523E4+00 6.119E-02
11  Down-Sampling DURIAN.MuSiC 1,1e-06,1e-04 5.000E+01 7.526E+00 6.125E-02
12 Down-Sampling SCRABBLE 1,1e-06,1e-04 5.000E401 7.608E+400 1.509E-02
13 Down-Sampling SCRABBLE 0.01,1e-05,1e-05 5.000E+01 7.638E+00 1.212E-02

Table S17: Stats for benchmark L2 error

(L2 norm) - Strategy:Down-

Sampling, Mean Dropout:0.76
2 ] »
< = b = 8
S 2 K] 2 p = =
= i =5 3 2 =3 g
2z g I g g < < g
< g = g K £ = 2
g E ] K = 3 2 2
S ~ S - = = = 3
= = o 9 s A g !
a =) ) ) = ) S —
© 2 3 ES ] 2 2 = &)
E s = = = : a 2 2 2
& 5 z z Z Z = = =) =)
£ ) 5 =z = = =< o I~ 9 4
2 £} 2 = = = z 2 9] 9 = =
= = g =) =) =] =] S 7] 2 & &
o a < a a a a o g E 3 2
Drlmpute  2.384E-37
dropout  6.687E-01  7.204E-d1
DURIAN.AsLDA 0.01,1¢-05,1e-05 5 3.416E-21
DURIAN.AsLDA 1,1e 2.016E-04 ¢
DURIAN.MuSiC 0.01, ¢ 6.552E-23 7.977E-18
DURIAN.MuSIC 1.1¢ 02 6.514E-05  3.700E-22
1284E-32 L4SIE-04  3.350E-25  7.135E-02
mtSCRABBLE 0.01,le 1012E-53 7.190E-18 :
mtSCRABBLE 1,1e 1.856E-02 6.999E-18 1. 2 9.422E-05 9.905E- 5 LOS4E-21
SCRABBLE 0.01,1c 9.905E-01 6.307E-02  9.905E-01  9.905E-01 9.905E-01  9.905E-01  9.905E-01  9.905E-01  9.905E-01
SCRABBLE 1,1¢-06, 1 1.000E+00 1.073E-02 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.310E-06
URSM_1.742E-21  8.659E-65 6.024E-28 5271E-94 4.161E-55 1.71SE-86  1.532E-45 3.800E-86  3.422E-87 1.487E-44 3.860E-28 6.024E-28

Table S18: Adjusted p-values for paired Wilcox tests on benchmark L2 error
(L2 norm) - Strategy:Down-Sampling, Mean Dropout:0.76

strategy modelname count mean sd

1 Down-Sampling Drlmpute 5.000E+01 6.108E400 6.281E-02
2 Down-Sampling G2S3 5.000E4+01 6.446E400 4.214E-01
3  Down-Sampling DURIAN.dsLDA 0.01,1e-05,1e-05 4.900E+01 6.670E4+00 5.810E-02
4  Down-Sampling dropout 5.000E4+01 6.743E400 2.459E-02
5 Down-Sampling CMFImpute 4.700E4+01 6.773E+00 1.908E-02
6 Down-Sampling mtSCRABBLE 0.01,1e-05,1e-05 4.800E401 6.824E+400 7.099E-02
7 Down-Sampling DURIAN.MuSiC 0.01,1e-05,1e-05 4.800E+01 6.832E+00 6.954E-02
8 Down-Sampling DURIAN.dsLDA 1,1e-06,1e-04 5.000E+01 7.104E+00 6.301E-02
9 Down-Sampling URSM 5.000E+01 7.110E+00 4.377E-02
10 Down-Sampling mtSCRABBLE 1,1e-06,1e-04 5.000E+01 7.347TE-+00 7.409E-02
11 Down-Sampling DURIAN.MuSiC 1,1e-06,1e-04 5.000E+01 7.350E+00 7.416E-02
12 Down-Sampling SCRABBLE 1,1e-06,1e-04 5.000E+01 7.637TE+00 1.480E-02
13 Down-Sampling SCRABBLE 0.01,1e-05,1e-05 5.000E4+01 7.664E400 1.071E-02

Table S19: Stats for benchmark L2 error (L2 norm) - Strategy:Down-

Sampling, Mean D

ropout:0.818
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Drlmpute  2.384E-37
dropout 7.294E-41
DURIAN.ASLDA 0.01,1¢-05,1e-05 3.416E-21 1.037E-63
DURIAN.ASLDA 1,1e-( 1.933E-34  2.016E-04 9.655E-39  1.597E-18
4680E-53  6.552E-23 1.649E-52  2.505E-01  7.977E-18
5078E-16  2.784E-02 2122E-17  2304E-23  6.544E-05  3.709E-22
3 3.034E-36  2638E-02 1284E-32  2109E-27  1481E-04 7.135E-02
mtSCRABBLE 0.01, 5 L5STOE-53  S.019E-24 4.012E-53  3.38E-01  7.190E-18 3.684E-22  2.758E-26
mtSCRABBLE 1 4 3.231E-16  1.856E-02 8 LITSE-22  9.422E-05 1.054E-21  9.905E-01  4.578E-02  1.054E-21
SCRABBLE 0.01, 5 9.586E-01  9.905E-01 9.905E-01  9.905E-01 ~ 9.905E-01 ~ 9.905E-01 ~9.905E-01  9.905E-01  9.905E-01
SCRABBLE 1,1e-( 5.102E-01  1.000E+00 1.O0OE+00 1.000E-00 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.000E-00 1.310E-06
L742E-21  8.650E-65 5.271E-94  4161E-55 1.71SE-86  1.532E-45  3.800E-86  3.422E-87  1.487E-44 3.860E-28 6.024E-28

Table S20: Adjusted p-values for paired Wilcox tests on benchmark L2 error
(L2 norm) - Strategy:Down-Sampling, Mean Dropout:0.818

strategy modelname count mean sd

1 Down-Sampling mtSCRABBLE 0.01,1e-05,1e-05 4.900E4+01 6.129E4+00 1.026E-01
2 Down-Sampling DURIAN.MuSiC 0.01,1e-05,1e-05 4.800E+01 6.157E4+00 1.120E-01
3 Down-Sampling DURIAN.dsLDA 0.01,1e-05,1e-05 4.700E+01 6.277E+4+00 7.139E-02
4 Down-Sampling Drlmpute 3.300E+401 6.444E+00 6.474E-02
5 Down-Sampling G2S3 5.000E401 6.472E4+00 2.546E-01
6 Down-Sampling DURIAN.dsLDA 1,1e-06,1e-04 5.000E+01 6.633E+00 7.251E-02
7 Down-Sampling dropout 5.000E401 6.847TE+00 4.066E-02
8 Down-Sampling mtSCRABBLE 1,1e-06,1e-04 4.500E+01 6.889E+00 9.106E-02
9 Down-Sampling DURIAN.MuSiC 1,1e-06,1e-04 5.000E+01 6.891E+00 8.762E-02
10 Down-Sampling CMFImpute 7.000E+00 6.942E+00 1.384E-02
11  Down-Sampling URSM 3.300E+01 7.086E-+00 5.090E-02
12 Down-Sampling SCRABBLE 1,1e-06,1e-04 5.000E4+01 7.667TE400 1.539E-02
13 Down-Sampling SCRABBLE 0.01,1e-05,1¢-05 4.800E+01 7.687TE-+00 1.020E-02

Table S21: Stats
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(L2 norm) - Strategy:Down-

8 8
3 =3 Z - 8
z T N % 2 3
8 = g = 5 2 =
l g s S 8 3
= b 2 § t g i
s g E = : i E e
= = 3} 19 S = = El
a a 7 B 2 9 = =
2 z Z E E 2 = = =
El o 5 < ] = = = =} =
& £ Z z Z Z 2 = @ @
= H ] = = = = o I~ 2 2
= g 3 = = = = - 5 5 2 2
3 B ) = = & & Z k2l Z 51 5
B = g 2 2 2 2 a Z < 31 3
3] 4 E a a a a o E E = 3
Drlmpute 2.3
dropout 7.294E-41
DURIAN.AsLDA 0.01,1¢-05,1¢-05 4 3.416E-21
DURIAN.dSLDA 1,1¢-06,1c-04 2016E-04 9.655E-39  1.507E-18
DURIAN.MuSiC 0.01,1¢-05,1¢-05 - 6.552E-23 2.505E-01  7.977E-18
DURIAN.MuSiC 1,1e-06,1e-04 5 2304E-23  6.544E-05  3.709E-22
G283 2109E-27  1.481E-04 7.135E-02
mtSCRABBLE 0.01,1¢-05,1¢-05 3.380E-01  7.190E-18 3.684E-22  2.758E-26
mtSCRABBLE 1,1¢-06, Le-! 1 22 9.422E-05 9.905E-01 4 02 1.054E-21
SCRABBLE 0.01, -05 9.90: 9.905E-01 9.905E-01  9.905E-01  9.905E-01  9.905E-01
SCRABBLE 1, 04 301 1.000E+00  1.000E+00 1.O0OE+00  1.000E+00 1.000E+00 1.000E+00 1.310E-06
URSM__1.742E-21 5.271E-94  4.161E-55 1.71SE-86  1.532E-45 3.800E-86  3.422E-87 1.487E-44 3.860E-28  6.024E-28

Table S22: Adjusted p-values

(L2 norm) - Strategy:Down-Sampling, Mean Dropout:0.907
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Simulated

strategy modelname count mean sd

1 Simulation SCRABBLE 1,1e-06,1e-04 1.500E+02 4.681E+00 6.180E-02
2 Simulation SCRABBLE 0.01,1e-05,1e-05 1.500E+02 4.744E+00 8.526E-02
3 Simulation DURIAN.dsLDA 0.01,1e-05,1e-05 1.500E+02 5.333E+00 1.108E-01
4 Simulation mtSCRABBLE 0.01,1e-05,1e-05 1.500E+02 5.371E+00 7.508E-02
5 Simulation DURIAN.MuSiC 0.01,1e-05,1e-05 1.500E+02 5.372E+00 7.679E-02
6 Simulation DURIAN.dAsLDA 1,1e-06,1e-04 1.450E+02 5.595E+00 4.794E-02
7 Simulation mtSCRABBLE 1,1e-06,1e-04 1.500E+02 5.620E+00 4.163E-02
8 Simulation DURIAN.MuSiC 1,1e-06,1e-04 1.500E+02 5.620E+00 4.164E-02
9 Simulation G2S3 1.500E+02 6.793E+00 1.502E-01
10 Simulation DrImpute 1.500E+02 6.920E400 2.885E-01
11  Simulation CMFImpute 1.500E+02 7.393E+400 1.923E-01
12 Simulation dropout 1.500E+02 7.516E+00 1.373E-01
13 Simulation URSM 1.500E+02 7.809E+00 2.623E-02

Table S23: Stats for benchmark L2 error (L2 norm) - Strategy:Simulation
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2 2 z Z z z = = = 1)
E Z E = = = = n 5] S 2 2
z £ g 5 £ £ £ N z z g g
[®] a o a a a a ] g g8 2} Iz}
Drlmpute  2.145E-37
dropout. 7 7.294E-41
DURIAN.AsLDA 0.01,1e-0 -05 6 2 3.416E-21  1.037E-63
DURITAN.AsLDA 1 2.016E-04 9. 1.597E-18
DURIAN.MuSiC 0.01, N 6.552E-23 1. 2.595E-01 T.9TTE-18
DURIAN.MuSiC 1,1e-06,1e-04 5 2.784E-02 2.304E-23  6.544E-05  3.709E-22
2.638E-02 . 2.109E-27  1.481E-04  3.350E-25  7.135E-02
mtSCRABBLE 0.01,1e-( -05  1.926E-5: 8.019E-24 4. 3.389E-01 T.190E-18  9.905E-01 3.684E-22  2.758E-26
mtSCRABBLE 1 4 3.124E-16  1.856E-02  6.999 1.175E-22  9.422E-05  1.054E-21 9.905E-01 4.578E-02 1.054E-21
SCRABBLE 0.01,1e-0 9.582E-01  9.905E-01 6. - 9.905E-01  9.905E-01  9.905E-01  9.905E-01  9.905E-01  9.905E-01  9.905E-01
SCRABBLE 1,1e-06,1e-04  5.083E-01  1.000E+00 1.073E-02 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.000E+00 1.310E-06

URSM  2.862E-21  8.659E-65 6.024E-28  5.271E-94 4.161E-55 1.718E-86  1.532E-45 3.800E-86 3.422E-87 1.487E-44 3.869E-28 6.024E-28

Table S24: Adjusted p-values for paired Wilcox tests on benchmark L2 error
(L2 norm) - Strategy:Simulation
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