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I. Supplementary notes
NAguideR integrates up to 23 commonly used missing value imputation methods (described in Table

S1) and provides two categories of evaluation criteria (four classic computational criteria and four
empirical proteomics criteria) to assess the imputation performance of various methods. Here we
present the detailed introduction and operation of NAguideR, by which users can follow to analyze

their own data freely and conveniently.
Users can visit this site: http://www.omicsolution.org/wukong/NAguideR. Then the website

homepage can be shown like this:

A Welcome X, Import Data s NA Overview 9 Methods BB Results and Assessments @ Help

~~ Dear Users, Welcome to NAguideR ~~

NAguideR is a web-based tool, which integrates 23 commonly used missing value imputation methods and provides two
categories of evaluation criteria (4 classic criteria and 4 proteomic criteria) to assess the imputation performance of various
methods. We hope this tool could help scientists impute the missing values systematically and present valuable guidance to
select one proper method for their own data. In addition, this tool supports both online access and local installation.
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Basically, there are four main steps in NAguideR:
1. Uploading proteomics expression data and sample information data;
2. Data quality control;
3. Missing value imputation;

4 Performance evaluation;
After this, NAguideR can provide valuable guidance for users to select one proper method for their own data based on the

evaluation results. Detailed introduction can be found in the Help part
Finally, NAguideR is developed by R shiny (MVersion 1.3 2), and is free and open to all users with no login requirement. It can

be readily accessed by all popular web browsers including Google Chrome, Mozilla Firefox, Safari and Internet Explorer 10
(or later), and so on. We would highly appreciate that if you could send your feedback about any bug or feature request to

Shisheng Wang at wssdandan2009@outlook.com.

Optional: For large-scale analysis, enter your email here and come back any time (Note: Please also check junk mail if

possible.):

wssdandan2009@outlook.com

A M Enjoy yourself in NAguideR »_*

@ 2019 Yansheng Liu's Group and Hao Yang's Group. All Rights Reserved
Mraatad b Qhichann WWana Fomails weedanAdan?NNa&A0 tlnnk fnm
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1. Data Preparation

NAguideR supports four basic file formats (.csv, .txt, .xIsx, .xlIs). Before analysis, users should
prepare two required data: (i) Proteomics expression table for quantification; (i) Sample information.
The data required here could be readily generated based on results of several popular tools such
as MaxQuant (20), PEAKS (21), Spectronaut (22), DIA-NN (23), OpenSWATH (24), and so on. The
users then can upload the two data into NAguideR with right formats respectively and start
subsequent analysis.

1.1 Expression data

There are currently four types of proteomics expression data supported in NAguideR (i.e.,
'Peptides+Charges+Proteins’, 'Peptides+Charges', 'Peptides+Proteins', 'Proteins'), among which
the main differences are the first few columns. In addition, users may upload other kinds of omics
data (e.g., genomics, metabolomics), for which they can just need to choose the fifth type ('Others’).
Please note, the fifth type cannot generate the results based on the proteomic criteria.

Step 1: Upload Original Data @ 1. Expression data :

The first few column types:

® Load experimental data Load example data Peptides+Charges+Proteins a

Peptides+Charges+Proteins

1. Expression data: Peptides+Charges
1.1 File format: Peptides+Proteins
) Proteins
® _csviixt Xls XIsx ||
Others

load you

1.2 Import your data :

Showing 1 to 1 of 1 entries
Browse. ..

1.1.1 Expression data with peptide sequences, peptide charge states, and protein ids

In this situation, peptide sequences, peptide charge states, and protein ids are sequentially provided
in the first three columns of input file. Peptide sequences in the first column can be peptides with
any post-translational modification (PTM, written in any routine format) or stripped peptides
(sequences without PTM). The second column is peptide charge status. The protein ids in the third
column should be UniProt ids. From the fourth column, peptides/proteins expression intensity or
signal abundance in every sample should be listed. The data structure is shown as below:



Sample names

. 4

Uniprot_ Phos_Cyc Phos_Cyc Fhos_Cyc Phos_Cyc Phos_Cyc Phos_Cyc

Peptides Charges IDs 1 2 3 4 5 8
MLISAYS[FPhospho ( AOAVES . . . . . e
KINS[Phospho (STY A0AVES 712596, 2 T44410.4 998674.3 1139399 956570.4 1120046
EFT [Fhospho (STY) AOFGRB  |511129.7 639703 N& 562894. 8 829802. 6 £45625. ¢
SSSSLLAS [Phospho AOFGRE 74890. 52 B80801. 82 80222. 84 B8B2T.91 115544.8 B0334. 89
SSSSLLAS [Phosphe ALOFGRE  |34336. 86 28903. 73 N4 30830. 68 33390, 47 N4
TQDPYPPETPSDS [Fho AQJLTZ 221698, 9 NA 270359, 6 312614,6 345215.3 284286.5
SMS[Phospho (STY) AOTNYS 248274 427877.3 358461 316457. 7 352716.8 285275. 5
M[hcetyl (Protein A1KXE4 79679, 09 NA 110380. 5 130927. 4 82461. 96 155724. 4

QNSLGC [Carbamidom
ASS[Phoesphe (STY)
SHS [Phospho (STY)
GPLS[Fhosphe (STY
IVEGMESSGCS [Phosp
SHS [Phospho (STY)
SPLS[Phospho (STY
3[Phospho (STY)IP

A1L020 5598781.1 676339.8 594215.1 692863.3 5B7093.6  TS68T3
A1L170 344653.8 413764.8 287084 286627.3 417670.3 295301. 9
A11.390 3293265 2527386 2685655 NA 2318149 4120553
A1L390 1551857 1996514 1255587 1406729 1723560 1502006
A1L390 686212.1 T03314.1 697566 G80441.7 808891.8 T4565Z. 6
A1L390 WA 604569, 9 NA 784035 554084, 8 N4

A1L390 833264.3 1034303 867998.1 714042.4 950010.2 1039246
A1L390 801754.1 B825141.1 B40367.5 709674.4 895440 913974. 4
888VLS [Fhospho (8 A1L390 728638 795307.5 637437.1 714945.1 B06124.7 818071.6
RES[Phospho (STY) A11.390 386283.1 NA 371454. 2 364010.8 415586.1 373595. 6

I ' Protein ids Intensity matrix

[SS ST T S I Y oS S TR O TSN TR TSN L N TN RN I Y S T S

Peptide Charge status

Peptide sequences

1.1.2 Expression data with peptide sequences and peptide charge states

Similar to the above situation, peptide sequences and peptide charge status are sequentially
provided in the first two columns of input file. Peptide sequences in the first column can be peptides
with post-translational modification (PTM, written in any routine format) or stripped peptides (without
PTM). The second column is peptide charge states. From the third column, peptides/proteins
expression intensity or signal abundance in every sample should be listed. The data structure is
shown as below:

Sample names

Peptides Charges Phos_Cyc Phos_Cyc Phos_Cyc Phos_Cyc Phos_Cyc Phos_Cwc
1 2 3 4 5 6
NLISAVS[F 2  |1D7G03.6 208318. 3 1205408 1510667 10G625. 7 150664, B]
KINS[Fhos 2 T12596. 2 T44410.4 998674.3 1139399 956570.4¢ 1120046
EFPT [Phosy 3 511129.7 639703 NA 5628094, 8 829802. 6 A45625. ¢
SSSSLLAS 3 74890. 52 80801. 82 B80222. 84 B88827.91 115544.8 80334. 69
SSSSLLASI 2 34336. 86 28503. 73 Ni 30830. B8 33390. 47 NA
TODPYFPET 3 221698, 9 NA 270359.6 312614.6 345215.3 284286.5
SHS [Phost 3 248274 427877.3 358461 316457.7T 352T16.8 285275.5
Mlacetyl 2 T9679. 09 NA 110380.5 130927.4 82461.96 155724. ¢
ONSLGC[Cz 3 558781.1 676339, 8 594215.1 692863. 3 587093.6 756873
485 [Phosy 2 344653. 8 413764. 8 287084 286627.3 417670.3 295301. 9
SHS [Phosy 2 32032656 2527386 2685655 Ni 2318149 4120553
GPLS [Fhos 2 1551857 1596314 1253587 1406729 1723560 1502006
IVEGMESSC 2 686212.1 703314.1 697566 580441.7 B0BBY1.8 T45552.6
SHS [Phosr 3 ILFY 604569, 9 & 784035 554084, 8 NA
SPLS [Fhos 2 833264.3 1034303 B867998.1 714042.4 990010.2 1039246
3[Phosphc 2 B801754.1 825141.1 B40367.5 T096T4.4  B95440 913974. 4
SSSYLS[PY 2 729638 795307.5 637437.1 714943.1 806124. 7 818071.6
RES [Phosy 2 386283, 1 NA 371454. 2 364010, 8 415566, 1 373595. 6

L) 1

Peptide Charge status Intensity matrix
Peptide sequences



1.1.3 Expression data with peptide sequences, and protein ids

Under this circumstance, peptide sequences, and protein ids are sequentially provided in the first
two columns of input file. Peptide sequences in the first column can be peptides with post-
translational modification (PTM, written in any routine format) or stripped peptides (without PTM).
The protein ids in the second column should be UniProt ids. From the third column, peptides/proteins
expression intensity or signal abundance in every sample should be listed. The data structure is
shown as below:

Sample names

¥

Uniprot_ [Phos_Cyc Phos_Cyc Phos_Cyc Phos_Cyc Phos_Cyc Phos_Cyc
IDs b= 2 S 4 5 6
NLISAVS[Phospho (STY) AOAVEE |157593.6 203318.3 125540.8 131965.7 195625. 7 1B0664. 5
KINS[Phospho (STY)]AP AOAVES |712596.2 T44410.4 998674.3 1139399 956570.4 1120046
EPT[Phospho (STY)]PSI. AOFGR8 |511129.7 639703 HA 562894. B 829802. 6 645625. ¢
SSSSLLAS [Phospho (STY AOFGRS |74890.52 80801.82 80222, 84 88827. 91 115544, 8 80334. 69
SSSSLLAS [Phospho (STY AOFGRS |34336. 86 28903, 73 NA 30830, 68 33390, 47 NA
TQDPYPPETPSDS [Phospho  AOJLT2 |221698. 9 NA 270359. 6 312614. 6 345215. 3 284286.5
SMS [Phospho (STY)IVDL AOTNYS 248274 427877, 3 358461 316457.7 352716. 8 2B85275.5
Mlhcetyl (Protein N-t A1KXE4 |79679.09 NA 110380.5 130927.4 82461.96 155724, 4
QNSLGC [Carbamidomethy A1L020 |558781.1 676339.8 594215.1 692863. 3 587093.6  T56873
433[Phospho (STY)IPSL A1L170 |344653.8 413764.8 287084 286627.3 417670.3 295301.9
SHS[Phospho (STY)IVPE A1L390 | 3293265 2527386 2635655 Ni 2318149 4120553
GPLS[Phospho (STY)]PF. A1L39%0 | 1551857 1596314 1253587 1406729 1723560 1502006
IWEGHESSGGS [Phospho ( 411390 |686212.1 703314.1 697566 580441.7 B08891.8 T45552. 6
SHS[Phospho (STY)IVPE A1L390 WA 604569, 9 NA 784035 554084. 8 NA
SPLS[Phospho (STY)IPT. 411390 |833264.3 1034303 867998.1 714042.4 990010.2 1039246
S[Phospho (STY)JPLSPT. 411390 |801754.1 825141.1 B840367.5 T09674.4 895440 913974, ¢
83SVLS[Phospho (STY)] A1L390 729638 T795307.5 637437.1 T714943.1 B06124.7 818071.6
RES[Phospho (STY)ILSY A1L390 |386283.1 NA 371454. 2 364010. 8 415586.1 373595. 6

1T 1

Protein ids Intensity matrix

Peptides

Peptide sequences

1.1.4 Expression data with protein ids

In this situation, protein ids are provided in the first two columns of input file. The protein ids here
should be UniProt ids. From the second column, peptides/proteins expression intensity or signal
abundance in every sample should be listed. The data structure is shown as below:



Sample names

¥

Uniprot_

IDs 1 1
AOAVES
LOAVES
LOFGRB
LOFGRR
AOFGRE
AOJLTZ
A0TRWS
A1KEE4
411020
ALL1TO
A1L390
411390
411390
410390
A1L390
A1L390
#1L390
410390

511129.7

1551857

W4
833264. 3

686212.1 T03314.1
604569, 5 A

& 3

4

Phos_Cye Phos_Cye Phos_Cic Phos_Ciye Phos_Cye Phos_Cyci

5 ]

157993, 6 2053148, 3 125540, &3
712596.2 T44410. ¢ 9986874. 3

639703 NA

T4890. 52 B0801. 82 8022Z. 84
34336, 86 28903, 73 N4
221698. 9 NA
248274 427877, 3
T9679. 09 NA
598781, 1 AT6339. B 594215.1
344653, 8 413764, 8
3293260 2527386 Z6B856D9 NA

270309. 6
398461
110380. 5

287084

1596314 1253587

69TH66

1034303 867593, 1

801794.1 825141.1 B840367.9
729638 T95307.5 637437.1
386283.1 N4

371454. 2

131965.7
1139359
962694, 8
88827, 91
30830, 68
312614.6
316407, 7
130927, 4
692863, 3
286627, 3

1406729
980441, 7

784035
T14042. ¢
TO96T4. 4
T14943.1
364010.8

155625, 7 180664, 5
956970.4 1120046
825802, 6 645625, ¢
115544. 8 80334. 59
33390, 47 N4
345215, 3 28¢286. 5
352716.8 2852759, 8
B82461. 96 155724. ¢4
5B7093.6  TO6ET3
417670, 3 295301, 9
2318149 4120583
1723560 1502006
B80B8391.8 745552, 6
554084. 8 N4
980010.2 1039246
2890440 913974. 4
B806124. 7 818071.6
415586.1 373595, 6

L

Protein ids

1.1.5 Other kinds of omics data
If users want to use NAguideR for other omics data (i.e. genomics, metabolomics), gene/metabolite

1

Intensity matrix

ids/names should be provided in the first columns of input file. From the second column,

genes/metabolites expression intensity or signal abundance in every sample should be listed. The

data structure may be shown as below:

names

. 61_520.
. 32_561.
81_393.
22_431.
54_333,
34_517.
62_259,
97_551.
. 9¢_496.
. 88_72T.
. 91_683.
. 73_366.
. 95_437.
. T6_509.
93_639.
95_595.
39_449.
31_548.
. 08_476.
.19_509.
. 64_349.

339
396
209
277
116
370
095
355
339
459
433
059
235
292
407
380
287
292
306
218
183

1

Genes/Metabolites
ids/names

Qc1 Qcz

Qc3

Sample names

Al

\ 4

A2 A3

Bl

E2

E3

29071. 81 38643. 44
873. 295 915. 3884
912. 2716 921. 4828
N& A
795. 9917 844. 7863
1280. 567 1262. 694
518. 5587 517. 8369
2038. 019 2334. 945
94826. 36 133532. 9
1051. 915 1154. 645
1383. 723 1507. 906
5932. 028 6010. 801
1463. 975 1524. 707
1568. 452 1210. 315
1659. 309 1836. 396
N& 2190. 768
1682. 981 1830. 449
137.8952 148. 7875
1154. 09 1296. 454
327. 6037 375. 0294
1369. 609 1482. 483

2B8234. 63 30406. 31
881. 619 T40. 8663
912. 8439 729. 7479
7.788453 1050, 224
745. 8313 1772. 859
1167. 615 NA
357. 9304 31. 09069
2083. 307 2214. 768
92989. 35 118231.6
1091. 713 1110. 864
1411. 877 1389. 049
4608, 131 111. 3436
1381. 035 1241. 034
2169. 963 1925. 416
1750. 505 1679. 314
2191. 84 2172. 971
957. 0811 604. 8445
152, 2905 657. 6478
1097, 852 NA
419, 5559 1801. 861
1431. 126 1292. 658

T1802.95 B3405.6
602. 5532 726. 5324
639. 6943 738. 2883
925. 818 1072, 712
684. 9352 1137. 385
NA ILEY
30. 04137 11.52148
1951. 39 2441.952
205200. 5 158300.1
897. 2376 1206. 524
1140.618 1482, 737
86. 55386 46. 36566
1259. 203 1216. 24
991. 1353 1924. 902
1371. 43 1845. 365
1688. 99 2321. 392
1224. 764 691. 8988
55. 35951 443. 2037
930, 2538 951. 6176
242, 4814 1489, 241
1102, 289 1333. 388

27240.34 34531.1
671.0133 T740. 4401
527. 454 636, 2253
14. 42876 N&
496. 0765 187. 7253
925. 803 1077. 253
4459, 264 14. 84036
2392. 231 2949. 036
143394. 8 140966. 2
1286. 293 1591. 183
1551, 337 1994. 083
1207. 938 59. 87836
1155. 202 1138. 482
1644. 312 N4
1867. 644 2435. 76T
2247. 959 2886. T44
710. 3057 705, 4097
627. 0334 B4. 37179
814. 497 927, 2989
928. 8948 203, 6372
1257. 245 1160. 143

36799.11
392. 6893
895. 943
JiF:A
461. 9466
1251. 438
21. 40445
3632. 063
216601. 7
1952. 897
2400, 456
30. 88989
1471. 988
2337.039
2920, 997
3449, 909
385. 0374
38. 64603
1172, 239
320. 4381
1530. 776

1

Intensity matrix



1.2 Samples information data

Sample information here means that users should provide sample group identity information. This
information could e.g., enable filtration strategy for different group respectively in a later step (see
below). The sample names are in the first column and their orders are same as those in the
expression data. Group information is in the second column. The data structure is shown as below:

Sample names

4

Samples Groups
Fhos_Cyc_1 Cyc
Fhos_Cvc_2 Cyc

Fhos_Cyc_3 Cyc
Phos_Cyc_4 Cyc
Fhos_Cyc_5 Cyc
Fhos_Cyc_6 Cyvc
Phos_Cwc_7 Cye

Fhos_Cvc_B Cyc
FPhos_Cvc_9 Cyc
FPhos_Cyc_10 Cye
Phos_Noco_1 Noco
Phos_Noco_2 Noco
Phos_Noco_3 Noco
Phos_Noco_4 Noco
Phes_Noco_5 Noco
Phos_Noco_B Noco
Phos_Noco_T7 Noco
Phos_Noco_8 Noco
Phos_Noco_9 Noco
Phos_Noco_10 Noco

1

Sample groups

1.3 Download example datasets
If users want to download the example datasets to their own computer and check the data format
locally, they can download them from here:

A Welcome & Import Data % NA Overview Q8 Methods BB Results and Assessments 0 Help

Step 1: Upload Original Data @ 1. Expression data :

e first few column types:
Load experimental data [8} Load example data o eptides+Charges+Proteins -
& Download example expression data. faza Click this button and download expression example data

Peptides Charges Uniprot_IDs Phos_Cyc_1 Phos_Cyc_2 Phos_Cyc_3 Phos_Cyc_4

& Download example sample group data
1 MLISAVS[Phospho (STY)]PEIR 2 ADAVKS 157593.625 203318.2969 125540.7891 131965.7031

[ X Click this button and download sample information example data
2 ADAVKS 7125961875 744410375 9986743125  1139399.125

EPT[Phospho

& PR 3 AOFGRS 5111296875 639703 562894 8125
4 f;iﬁ;g:{:'x""" 3 AOFGRS 7489052044 8080182031 8022284375 8862791406
5 (SSSTSYS)]L;::[;TITD“" 2 AOFGRS 3433685938 2890373438 30830 67578
6 :;?(%ZTTPSDSF““D"“ 3 ADUT2 221698.9063 270359.5625  312614.5938
g iSMcEmocpho 3 AGINWS 2482740156 42787725 3584609685 3164577188

(STY)]VDLSHIPLKDPLLFK

First, select “Load example data” and the example data will be shown on the right panel interactively.
Users can visually observe what the data looks like.



Second, users can download the example data (expression data and sample information data) by
clicking the corresponding button. The data are saved as .csv format and users can open them in
other software, such as Excel.



2. Import Data

This is the first step, in which users should upload data here or load the example data with the above
data formats. By default, we use the example data to show result of every step.

2.1 Uploading data. When users prepare their data (expression and sample information data set),
they can upload these data from here:

1. Parameters panel - " °

Step 1: Upload Original Data @ 1. Expression dea : 2. Results panel

‘The first faw column types:

1. Expression data
show 10 v entries saarch

111 Flle format

Geseription

2. Samples information data

snow 10 entnies search

Deseniption

There are two main panels: first, parameters panel, users can adjust parameters here; second,
results panel, many results after users set the parameters will be shown here and users can also
download these results.

In the parameters panel of “Import Data”, there are two choices for users:

a. Load experimental data. When users choose this option, they can upload their own data here.
Users should select the right format based on their data and then click “Browse” button to import the
data;

First row as column names: this means whether the first row is column names. If true, you should
choose this parameter.

First column as row names: this means whether the first column is row names. If true, you should
choose this parameter.

b. Load example data. As described in part 1.3, users can choose this option and download the
example data to check them locally.

In the results panel of “Import Data”, if users don’t upload their data, here will show “NAguideR
detects that you did not upload your data. Please upload the expression data (or sample information
data), or load the example data to check first” to warn users.

Before uploading expression data, users should also recognize which type their data belongs to and
choose the right parameter by adjusting the “The first few column types”. The instruction of the
column types can be found above (Data Preparation part).



Step 1: Upload Original Data @

@® Load experimental data © Load example data

1. Expression data :

1. Expression data:
1.1 File format:

® csvitxt O xls O xisx

1.2 Import your data :

Browse. .. No file selected

The first few column types:

Peptides+Charges+Proteins

Peptides+Charges+Proteins
Peptides+Charges
Peptides+Proteins

Proteins

Others

Showing 1 to 1 of 1 entries




3. NA Overview

Users can check the missing value situation of their own data and filter those data with a high
proportion of missing value in this step. Note, “NA” is short for Not Available, which means missing
value here (see below).

A e J
NA gui dek
A Welcome X import Data i\ NA Overview &3 Methods EA Results and Assessments @ Help

NA Distribution NA Filter Input data check
Step 2: NA Overview @

1. Missing value type:

® NA data Plot by column Plot by row

 Calculate
NA

w 2. Count NA by each group or not?
3. NA ratio
05
¥l 4. Median normalization or not?
@l 5.Log or not?
6. CV threshold (raw scale):

03

Height for figure:

900

3.1 Parameters

Step 2: NA Overview @
1. Missing value type

NA

¥ 2. Count NA by each group or not?
3. NA ratio:

0

o

#| 4. Median normalization or not?

# 5. Log or not?

6 CV threshold (raw scale)

03

Height for figure

900

1. Missing value type: what the missing values look like in the expression data, for example,
Spectronaut (25,26) software usually export “Filtered” as missing values, so users should change
this parameter to “Filtered” if their data contain “Filtered”. NAguideR will recognize these characters
and replace them with NAs. Any other characters indicating a missing value can be similarly defined.
2. Count NA by each group or not: if true, NAguideR will count the number of missing values in each
group and calculate the NA ratio. Otherwise, it calculates the NA ratio across all groups, for example,

as below:
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There are 2 groups (10 biological replicates in each group) here, if users select this parameter,
NAguideR will calculate 2 NA ratios for this peptide (first group: 1/10=0.1, second group: 5/10=0.5),
otherwise, only one NA ratio: 6/20=0.3.

3. NA ratio: the threshold of NA ratio. Those peptides/proteins with NA ratio above this threshold will
be removed.

4. Median normalization or not: if true, NAguideR will process median normalization for original data.
(Note, NAguideR was not designed to perform sophisticated normalization analysis. Any normalized
datasets with NA can be accepted for analysis).

5. Log or not: if true, the data will be transformed to the logarithmic scale with base 2.

6. CV threshold (raw scale): the threshold of coefficient of variation. Those peptides/proteins with
NA ratio above this threshold will be removed. “raw scale” here means the CV of each
peptide/protein is calculate using the data before logarithm transformation.

7. Height for figure: users can adjust the height of figures by changing this parameter.

If users set these parameters well, then click “calculate” button, the results will appear on the right

panel.
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3.2 results of NA overview

a. NA Distribution. This part contains three sub-parts:

a.1l NA data. Here shows the result where the “Missing value type” defined by “NA” will be shown
with a blank cell and users can click “Download” button to download this result to their own computer:
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a.2 Plot by column. Here shows the result of the NA distribution of every sample.
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a.2 Plot by row. Here shows the result of the NA distribution of every peptide/protein.
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b. NA filter. This part will show the filtered result. That means, on the basis of the preset parameters



(i.e. NA ratio, CV threshold), those objects (peptides/proteins/genes/metabolites) without meeting

these requirements would be removed.
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c. Input data check. This part will show the checking information as a summary note for input data.

By default, if there still remain more than half (>50%) objects in the filtered data, NAguideR would

think that this is acceptable, and will give users a message like below:
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~~ Check information for input data ~~

1. There are 3327 rows and 20 columns in the input expression data;

2. After removing those rows with high proportion of missing values and coefficient of variation (the threshold can be set on the left parameter panel), there
are 3253 rows left in the filtered data;

Finally, 98 % of the input data are retained, we think this is acceptable. However, if you do not think so, please check your input data
and the parameters, you can adjust them on the left panel and then proceed to the next step.

Otherwise, NAguideR will give some warnings to users, which means users should pay more

attention to their own data and those preset parameters. It is recommended that the users should

then make sure that there are no problems before they can proceed to the next step:
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~~ Check information for input data ~~

1. There are 54076 rows and 20 columns in the input expression data;

2. After removing those rows with high proportion of missing values and coefficient of variation (the threshold can be set on the left parameter panel), there
are 13946 rows left in the filtered data;

Warning: 74 % of the input data are removed, we suggest you check or adjust your input data and the parameters again. If you can be
sure there are no problems on the input data and parameters, you can proceed to the next step.



4. Methods
In this step, users can select any of 23 missing value imputation methods that are currently

supported. All methods have been classified into three categories based on their algorithm (Single
value approaches, global structure approaches and local similarity approaches). In order to control
the running time, we set these fast methods (17 methods) chosen by default. If users choose those
slow methods (6 methods), that means the running time will be longer. If users want to try these
slow methods, they just need to select the corresponding methods. The detailed information about
each method can be found in Table S1. In addition, we also provide the reference for every method

just blow each option on the web:

& £ s OfMethods B Results and 4 i O Help

Step 3: Missing value imputation. All methods have been classified based on their algorithm, please select the imputation methods you
want (by default, fast methods are chosen in each category), then click the 'Calculate’ button. @
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After selecting suitable methods, users need to click 'Calculate’ button, and a popup window will be
jumped out to show the selected methods, then click 'OK' button and continue:



Selected Methods

Dear user, you have chosen several methods as below:

Metnod 1 zero
Metnod 2: minimum
Memoa 3 coimesian

Metnod &
Metnod & knnmethod
Metnod 7 s

Metnoa & mi

Metnad & minprot
Method 10; mindet
Metnod 11: impseq
Melnad 12; impsegrob
Metnod 13; mice-norm
Metnod 14; gric
Metnod 15 seqknn

click "OK’ and mave on.




5. Results and Assessments

This step will process missing value imputation and performance evaluation of every method that
users select in “Methods” step. Click “Results and Assessments”, NAguideR will start to impute these
missing value items, a process bar will appear in the bottom right corner to tell users where it goes:

Calculating......

The result from every imputation method will be shown on the “Results” panel:
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2. Parameters for ‘Criteria

a. Parameters for ‘Results’. Herein users can change the parameter “Select one method” on the left
panel to check relative result, for example, if users select “zero”, it will show the result derived from
zero method:



Step 4: Results and Assessments (7]
1. Parameters for 'Results’

1.1. Select one method: @

ZEro -

zero
minimum
colmedian
objectmedian
svdmethod
knnmethod

lIs

b. Parameters for ‘Criteria’. Users can customize the criteria and relative weighting for specific
experimental designs and aims. By default, these parameters are not selected and all criteria
weights are equal.

2. Parameters for 'Criteria’

2.1. Customize the classic criteria or not?

2.2. Customize the proteomic criteria or not?

b.1 Customize the classic criteria or not? If true, users can set the classic criteria and relative weight
they want, by default, four classic criteria (NRMSE, SOR, ACC_OI, PSS) are chosen and their
weights are equal. Please note, the number of criteria and weights should be equal, for example, if
users select ‘NRMS’, ‘'SOR’, and ‘PSS’, the weights parameter should be type in “1;1;1’, which are
separated by semicolons, and in this situation, the three criteria weights are all 0.333 (1/3). If users
think ‘NRMS’ should has a higher weight and type in ‘3;1;1’, this means the weight of ‘NRMS’ is 0.6
(3/5), ‘SOR’ and ‘PSS’ is 0.2 (1/5), respectively:
2. Parameters for 'Criteria’

# 2.1. Customize the classic criteria or not?

2.1.1. Please select the criterion/criteria you want:

NRMSE SOR ACC Ol PSS

2.1.2_ Please set the weighting for each criterion you select:

1,111



b.2 Customize the proteomic criteria or not? If true, users can set the proteomic criteria and relative
weight they want, by default, four proteomic criteria (Charge, PepProt, CORUM and PPI) are chosen
and their weights are equal. Please also note, the number of criteria and weights should be equal
and other descriptions are similar to those for classic criteria as above. Note, the b.1 and b.2 options
enable users to customize the criteria and set relative weightings for those specific experimental
designs (e.g., a mixture of protein standards being measured in which no in-vivo protein complex
formation or interactions expected).

#| 2.2 Customize the proteomic criteria or not?
2.2 1. Please select the criterion/criteria you want:

Charge PepProt CORUM PPI

2.2 2. Please set the weighting for each criterion you select:

1,111

Especially for type ‘Proteins’ dataset (see part 1 above), Charge and PepProt criteria cannot be used
(As there are no information about charges and peptides in the data), so users should change the
parameters like this if they decide to customize the proteomic criteria:

¢ 2.2 Customize the proteomic criteria or not?
2.2 1. Please select the criterion/criteria you want:

CORUM PPI

2.2 2. Please set the weighting for each criterion you select:

1.1

Next, click “Classic criteria” and “Calculate” button. NAguideR will assess every method under the

four classic criteria:



Calculating......

The tables and figures are provided here under the four classic criteria.

1. This table shows the comprehensive ranks of every imputation method. By default, all criteria
weights are equal, if users change their weights, and the comprehensive ranks would also change
correspondingly based on the new criteria and weights;

2-5, the tables show the scores of every imputation method based on 'Normalized root mean
squared Error (NRMSE)', 'NRMSE-based sum of ranks (SOR)', 'Procrustes sum of squared errors
(PSS)', and 'Average correlation coefficient between original value and imputed value (ACC_Ol)',
respectively;

6. Figures here show the normalized scores of every imputation method under the four classic
criteria. 'Normalized Values' here means that every score is divided by the corresponding max value.



1. Comprehensive ranks under classic criteria:
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3. NRMSE-based sum of ranks (SOR):
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Then click “Proteomic criteria” and “Calculate” button. NAguideR will assess every imputation
method under the four proteomic criteria:

Calculating......

The tables and figures are provided here under the four proteomic criteria.

1. This table shows the comprehensive ranks of every imputation method. By default, all criteria
weights are equal, if users change their weights, and the comprehensive ranks would also change
correspondingly based on the new criteria and weights;

2-5, the tables show the scores of every imputation method based on 'Average correlation coefficient
between peptides with different charges (ACC_Charge)', 'Average correlation coefficient between
peptides in a same protein (ACC_PepProt)', 'Average correlation coefficient between protein
complexes (ACC_CORUM)', ‘'Average correlation coefficient between protein complexes
(ACC_PPI)', respectively;

6. Figures here show the correlation coefficient distribution of the original values and the imputed
values from every imputation method under the four proteomic criteria. Figures will be instantly
updated for a particular NA method that can be specified in “1.1 Select one method” parameter under
Step 4 (left panel). The figure example below shows the results of method “zero”.



1. Comprehensive ranks under proteomic criteria.
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4. Average correlation coefficient between protein complexes (ACC_CORUM):
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5. Average correlation coefficient between protein complexes (ACC_PPI):
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Next, click ‘Final check’ for checking final imputation results as a summary note. NAguideR will re-
check those scores based on every criterion. If everything is acceptable (see below), NAguideR will
show a message like:

Step 4: Results and Assessments 2]

1. Parameters for 'Results’ ~~ Check information for final Imputation results ~~

nethod. @ 1. Based on the classic criteria, The rank first method is impseq (NRMSE: 0.08639, SOR: 1782, ACC_OI: 0.95148, PS5: 0.00192);
2. Based on the proteomic criteria. The rank first methed is grr (ACC_Charge: 0.84294, ACC_PepProt: 0.54506, ACC_CORUM: 0.30691, ACC_PPI
- 0.48179)

1.1. Sele

Finally, NAguideR thinks the imputation results are acceptable, you can choose the best one based on the classic criteria or proteomic

2. Parameters for ‘Criteria criteria for future analysis.
21 Customize the classi crera of o7
22 Custamize the proteomi criria or not?

Figure height

Here, NAguideR performs a simple check to report if there is any big difference among these
imputation methods under more than half of the criteria (by default, NAguideR check the fold change
between the maximum score and the minimum score for each criterion, if the fold change is below
2, a fact suggesting that no big difference under the corresponding criterion, i.e., that NAguideR
cannot provide a significantly discriminant guidance on NA method selection), NAguideR will give
some warnings and possible solutions for users to review/re-calculate these imputation results:

NA
& 1 " L =:] n o
Step 4: Results and Assessments @
1. Parameters for 'Results’ ~~ Check information for final imputation results ~~
1.1. Select one method. @ 1. Based on the classic criteria, The rank first method is colmedian (NRMSE: 1.00201, SOR: 1300, ACC_OL: 0.40675, PSS: 0.10354);
2. Based on the proteomic criteria, The rank first methed is colmedian (ACC_Charge: 0.43176, ACC_PepProt: 0.26665, ACC_CORUM: 0.13892
- ACC_PPI: 0.23858).

Warning: NAguideR detects the scores based on mare than half of the criteria don't seem to change much (PSS, ACC_Charge
2. Parameters for ‘Criteria’ ACC_PepProt, ACC_CORUM, ACC_PPI). The imputation results may not be quite acceptable, please check the results again

21. Cust

& classic crite

2.2, Customize the proteomic criteria or not? Possible solutions:

1. Please check the input data quality in the step 2;
Figure height 2. Please check the normalization and logarithm parameters, your data may need to be normalized and logarithmic, or vice verse:
3. The imputation methods you choose may be incompetent to deduce the proprt results, please choose more complex methods;
4. Please use targeted check for additional analysis. Even if no discriminative results were obtained, this does not mean the NA
imputation method(s) failed. NAguideR just failed to provide a clear guidance.

Last but not least, NaguideR implements one optional function, ‘Targeted check’, which is designed
for many biologists with specific experimental aims. For example, this feature conveniently allows
users to directly visualize the results of a particular peptide or protein item (i.e., spiked-in standard
peptides, proteins, or known housekeeping proteins like beta-actin, etc.). Therefore, by following
their experimental design, they can type in the peptide sequence or protein id in the text area and
click the ‘Check’ button.

Then, NAguideR will locate this peptide or protein id in the input and resultant matrix (if the
peptide/protein is not listed in the user’s input data, it will give a message, “Target protein/peptide
not found. Please make sure the item is included in the input table”, example 1 as below). If the
peptide/protein is searched, NAguideR will show the results before and after imputation by using bar
plots and provide a note “Target protein/peptide was missed in N=X samples among all N=Y samples”
(example 2 as below). This plot should help the users to inspect results following their particular
experimental design. If the target protein/peptide is quantified without the need of NA imputation,



NAguideR will still display the bar plots and provide a note, “Target protein/peptide was not missed
in any sample” (example 3 as below).
Example 1 (Target protein/peptide not found. Please make sure the item is included in the input
table):
NAguideR

Resuls  Classicoieria  Profeomiccriteria Finalcheck  Targeled check (Optional)

Step 4: Results and Assessments @ Prease note. This funSon  aptina and designed for many biokogsts wih speifc experimental ams, for example, same users may ward o check a paicur pepidelprotein (6. sphedin
1. Parameters for 'Results’ proteins, of known fka bata-actin, etz ) before and after imputation

1.1, Select one method @

Please ype in a protein id or peptide sequance as hal in the original

zer0 - expression data

P29532X
2. Parameters for 'Criteria’
2.1, Customize te ciassk critena or not?

22 Customize the proteomic crileria of not?
& Download

Figure heignt:

800

Target protein/peptide not found. Please make sure the item is included in the input table!

Example 2 (Target protein/peptide was missed in N=10 samples among all N=20 samples):

A Welcome. & Import Data 4 NA Overview 02 Metnads BB Results and Assessinents 0 Help
Resuls  Cuasskciens  Proleomiccilena  Finalcheck | Targeted check (Optional)

Step 4: Results and Assessments @ P ol T unclion 3 apinl s o many bl i secic axpernertal e, o axanplo, s ey aantachck ks Pl i spkac-n
1. Parameters for 'Results’ preteins, of kn ete ) berlore and after mputation
11 Select one methad @

Flease lype i a peotein id or peplice sequance s Ihal n the rginal
ta:

impasq - expression dat

Pa96az
2. Parametars for 'Critaria’ m
2.1, Custamize the classic criteria or not?

2.2 Custamize he proteomic Citeria of nat?

& Cownicas
Figure neigne:
Target protain/peptide was missed in N=10 samples among al N=20 samples
800 Imputation method: impseq
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Example 3 (Target protein/peptide was not missed in any sample):



NAguideR

& vielcome & Import Cata M NAOveriew 08 Methods BB Results and Assessments O Hep

Resuls ~ Cusskcrtena  Froleomic ciiens  Finalcheck | Targeted check (Optional)
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6. Help
This part provides brief introductions and operation manual about NAguideR for users to quickly
learn this tool and start to use this tool.

NAguide®,

# Wekome  RimpoiData M NAOverview  ©SMemods [ Resusand Assessments @ Help

1.1 Abstract

M y (MS) based proteomics frequently generate data with missing values, which may profoundiy affect downstream analyses. A wide varlety of
missing value imputation methods have been established o deal with the missing-value issue. To date, however, there is a scarcity of efficient, systemalic, and easy-to-handie toois that
are tailored for proteomics community. Herein, we developed & user-friendly and powerful web 100l, NAguideR, to enable implementation and evaluation of different missing value
B 2 User manual methods offered by twenty popular missing-value imputation algorithms, Evaluation of data imputation results can be performed through classic computational criteria and,
unprecedentedly, proteomic empirical critesia such as between different charge of the same peptide, different peptides belonging to the same proteins, and
individual proteins participating functional protein complexes. We applied NAguideR into three label-free proteomic datasets featuring peptide-level, protein-level, and phosphoproteomic
variables respectively. all generated by data independent mass spectrometry (DIA-MS) with substantial biological replicates. The results indicate that NAguideR is able to discriminate the
optimal imputation methods that are facilitating DIA-MS over those sub-optimal and aigorithms. NAguideR web-tool further provides downloadable tables
and figures supporting fiexible data analysis and interpretation. The flowchart below summarizes the process of data analysis in NOREVA

Detailed description

&1 Oy

Feature |
Feature 2

Fotrent oo tose [ 1o s R

B - =N [
Fﬂmun_hhhl-—-kln o e -

b I NA

NAguide®.

4 Wecome  LimportDam M NAGveniew  ®GMetods [ Resufsand Assessments @ Help

~ N 2.1 Input data preparation
Detailed description
NAguideR supports four basic file formels (.csv, .bd, xsx, xis). Before analysis, users should prepare twa required data: (1) Praleomics expression data and (2) Sample information data

@ 1.Overview of NAguideR The data required here could be readily generated based on results of several popular tools such as MaxQuant, PEAKS, Spectronaul, and so on. Then can upload the two data info
NaguidsR with right formats respectivall and start subsaquant analysis.

| 2.1.1 Proteomics expression data
Thers are four types of prateamics expression data supparted in NAguideR, among which the main differences are the first few columns.
21444 peptide charge status, and protein ids

In this situation, peplide sequences, peptide charge stalus, and protein ids are sequentially provided in the first three columns of input file. Peplide sequences in the first column can be
peptides with post-translational modification (FTM) or stripped peptides (without PTM). The second calumn is peptide charge status. The prolein ids in the third column should be UniProt
ids. From the fourth column on, they are peptides/proteins expression intensity in every sample. The data structure is shown as below:

Sample names
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7. How to run this tool locally?
NAguideR is an open source software for non-commercial use and all codes can be obtained on
our GitHub: https://github.com/wangshisheng/NAguideR. If users want to run NAguideR on their

own computer, they should operate as below:

As this tool was developed with R, you may:
a) Install R. You can download R from here: https://www.r-project.org/.
b) Install RStudio. (Recommendatory but not necessary). You can download RStudio from here:
https://www.rstudio.com/.
c) Check packages. After installing R and RStudio, you should check whether you have installed
these packages (shiny, shinyBS, shinyjs, shinyWidgets, DT, gdata, ggplot2, ggsci, openxIsx,
data.table, DT, raster, Metrics, vegan, tidyverse, ggExtra, cowplot, Amelia, e1071, impute, SegKnn,
pcaMethods, norm, imputeLCMD, VIM, rrcovNA, mice, missForest, GMSimpute, DreamAl). You
may run the codes below to check them:

if('require(pacman)) install.packages("pacman™)

pacman::p_load(shiny, shinyBS, shinyjs, shinyWidgets, DT, gdata, ggplot2, ggsci, openxIsx,
data.table, DT, raster, Metrics, vegan, tidyverse, ggExtra, cowplot, Amelia, e1071, impute,
SegKnn, pcaMethods, norm, imputeLCMD, VIM, rrcovNA, mice, missForest, GMSimpute,
DreamAl)

Please note, you may find the SegKnn package (https://github.com/cran/SegKnn) cannot be
installed rightly as it has not been updated for a long time. If so, please download this package
from here: https://github.com/wangshisheng/NAguideR/blob/master/SegKnn_1.0.1.tar.gz. Then

you can install this separate package locally:

setwd('path’) #path is where the two packages are.
install.packages("SegKnn_1.0.1.tar.gz", repos = NULL,type="source")

d) Run this tool locally

if('require(NAguideR)) devtools::install_github("wangshisheng/NAguideR")
library(NAguideR)
NAguideR_app()

Then NAguideR will be started as below, and the detailed operation about NAguideR can be found
in the Supplementary Notes part 1-6:


https://github.com/wangshisheng/NAguideRtool
https://github.com/wangshisheng/NAguideR/blob/master/SeqKnn_1.0.1.tar.gz.

NAguideR

A Welcome X, Import Data i\ NA Overview &3 Methods EB Results and Assessments @ Help

~~ Dear Users, Welcome to NAguideR ~~

NAguideR is a web-based tool, which integrates 23 commonly used missing value imputation methods and provides two
categories of evaluation criteria (4 classic criteria and 4 proteomic criteria) to assess the imputation performance of various
methods. We hope this tool could help scientists impute the missing values systematically and present valuable guidance to
select one proper method for their own data. In addition, this tool supports both online access and local installation.

Data Quality
Matrix Control

50U

Evaluation

Basically, there are four main steps in NAguideR:

1. Uploading proteomics expression data and sample information data;

2. Data quality control;

3. Missing value imputation;

4. Performance evaluation;
After this, NAguideR can provide valuable guidance for users to select one proper method for their own data based on the
evaluation results. Detailed introduction can be found in the Help part.

Finally, NAguideR is developed by R shiny (Version 1.3.2), and is free and open to all users with no login requirement. It can
be readily accessed by all popular web browsers including Google Chrome, Mozilla Firefox, Safari and Internet Explorer 10
(or later), and so on. We would highly appreciate that if you could send your feedback about any bug or feature request to
Shisheng Wang at wsslearning@omicsolution.com.

A_N Enjoy yourself in NAguideR *_*

© 2019 Yansheng Liu's Group and Hao Yang's Group. All Rights Reserved.
Created by Shisheng Wang. E-mail: wsslearning@omicsolution.com.



Il. Supplementary tables and figures

Table S1. Description of 23 missing value imputation methods.

Manipulation Remarks & Suggestions Package/R
Class Abbreviation Algorithm Description Function Speed
Method eferences
zero zero Replaces the missing values by 0. These algorithms are relatively 0 base (1)
Replaces the missing values by the | simple and fast. However, they
minimum minimum ) o min base (2)
smallest non-missing value in the data. may introduce severe bias in
Replaces the missing values by the | data.
Column
colmedian median of non-missing value in each impute el071 (3)
median
column.
Replaces the missing values by the
rowmedian Row median ) o ) impute e1071 (3)
median of non-missing value in each row.
1. Single value methods Perform the imputation of left-censored
(SV methods), which mean missing data using a deterministic
replacing missing values minimal value approach. Considering an Fast
by a constant or a expression data with n samples and p
Deterministic
randomly selected value. features, for each sample, the missing imputeLCM
Mindet minimum impute.MinDet
entries are replaced with a minimal value D 4)
imputation . -
observed in that sample. The minimal
value observed is estimated as being the
g-th quantile of the observed values in
that sample.
Performs the imputation of left-censored
impute.MinPro imputeLCM
missing data by random draws from a
b D (4)

Gaussian distribution centred to a




Probabilistic

minimal value. Considering an

Minprob minimum expression data matrix with n samples
imputation and p features, for each sample, the
mean value of the Gaussian distribution
is set to a minimal observed value in that
sample. The minimal value observed is
estimated as being the g-th quantile of the
observed values in that sample. The
standard deviation is estimated as the
median of the feature standard
deviations.
Perseus Replace missing values from normal
PI rnorm base (5)
imputation distribution
Initializes all missing elements with zero | These models assume the
Singular value | then estimate them as a linear | existence of a global covariance
pcaMethod
SVD decomposition | combination of the k most signifcant | structure among all samples or svdPca Fast ©)
s (6
imputation eigen-variables iteratively until reaches | objects (i.e.,
certain convergence threshold. proteins/peptides/genes) in the
Bayesian PCA expression matrix. When this
o An iterative method using a Bayesian o ) pcaMethod
2. Global structure BPCA missing value assumption is not appropriate, bpca Slow
o model to handle missing values. ) s (7)
methods (GS methods), estimation for example, when the proteins
which decompose the data Imputation exhibit dominant local similarity
matrix or minimize the based on structures, their imputation may prelim.norm,
) Maximum likelihood-based imputation
determinant of the MLE maximum become less accurate. em.norm, Fast norm (8)
) method using the EM algorithm.
covariance and then likelihood imp.norm
iteratively reconstruct the estimation




missing values.

Sequential

Estimates sequentially the missing
values in an incomplete observation by
minimizing the determinant of the

covariance of the augmented data matrix.

Impseq imputation of impSeq rrcovNA (9)
Then the observation is added to the
missing values
complete data matrix and the algorithm
continues with the next observation with
missing values.
Robust o )
Similar to Impseq, but improved by
sequential o ) ) ) rrcovNA
Impseqrob plugging in robust estimators of location impSeqRob
imputation of (10)
and scatter.
missing values
K Nearest K-nearest neighbors in the space of | Inthese models, only a subset
KNN Neighbors peptides/proteins to impute missing | of objects (i.e., impute.knn impute (6)
imputation expression values. proteins/peptides/genes) that
Imputes the missing values sequentially | exhibits high correlation with
Fast
Sequential K- | from the peptide/protein having least | one object (i.e.,
SegKnn
Seqg-KNN nearest missing values based on KNN method, | protein/peptide/gene) containing SeqKNN
. . (11)
neighbor and uses the imputed values for the later | the missing values is used to
imputation. compute the missing values in
Applies a Newton-Raphson (NR) | the object. Therefore, their
Truncation k- optimization to estimate the truncated | imputation can be more
nearest mean and standard deviation. Then, | accurate when a strong local
trKNN . . sim_trKNN_wr Imput_func
neighbors Pearson correlation was calculated | correlation exists between Slow
: . . apper s.R (12)
imputation based on standardized data followed by | objects in the data, otherwise,

correlation-based kNN imputation.

they may not perform well.




3. Local similarity methods
(LS methods), which
exploit local similarity
structure based on the
expression profiles of
those objects (etc.
peptides, proteins) in the

data.

K variables (peptides/ proteins) are

selected by Pearson, spearman or

Local least Kendall correlation coefficients. Then
LLS squares missing values are imputed by a linear
imputation combination of the k selected variables.
The optimal combination is found by LLS
regression.
Quantile A missing data imputation method that
regression performs the imputation of left-censored
QR imputation of missing data using random draws from a
left-censored truncated distribution with parameters
data estimated using quantile regression.
In each step of the iteration, one variable
Iterative robust
is used as a response variable and the
IRM model-based
) ) remaining variables serve as the
imputation
regressors.
A prediction model is employed for the
prediction of missing values by setting a
Glmnet Ridge | targeted missing variable as outcome
CRR Regression and other variables as predictors. Here
Glmnet Ridge Regression model is
applied as a prediction model.
Generalized Applies a Lasso model to select subsets
Mass of detected peaks to predict the missing
e Spectrum values using a two-step procedure, two-

missing peaks

step Lasso (TS-Lasso).

pcaMethod
lIsimpute
s (13)
Fast
imputeLCM
impute.QRILC
D (14)
irmi VIM (15)
impute.Reglm DreamAl
Slow
pute (16)
GMSimput
GMS.Lasso
e (17)




imputation with
Two-Step

Lasso

Mice-norm

Multivariate
Imputation by
Chained
Equations-
Bayesian linear

regression

Generates multiple imputations for
incomplete multivariate data by Gibbs
sampling. Missing data can occur
anywhere in the data. The algorithm
imputes an incomplete column (the target
column) by generating ‘'plausible’
synthetic values given other columns in
the data. Each incomplete column must
act as a target column, and has its own
specific set of predictors. The default set
of predictors for a given target consists of
all other columns in the data. For
predictors that are incomplete
themselves, the most recently generated
imputations are used to complete the
predictors prior to imputation of the target
column. The imputation method depends

on Bayesian linear regression.

Mice-cart

Multivariate
Imputation by
Chained
Equations-

classification

Generates multiple imputations  for
incomplete multivariate data by Gibbs
sampling. Missing data can occur
anywhere in the data. The algorithm

imputes an incomplete column (the target

mice

(method="nor Slow mice (18)
m’)
mice

(method="cart’ Slow mice (18)

)




and regression

trees

column) by generating ‘plausible’
synthetic values given other columns in
the data. Each incomplete column must
act as a target column, and has its own
specific set of predictors. The default set
of predictors for a given target consists of
all other columns in the data. For
predictors that are incomplete
themselves, the most recently generated
imputations are used to complete the
predictors prior to imputation of the target
column. The imputation method depends

on classification and regression trees.

RF

Random forest

Imputes missing values particularly in the
case of mixed-type data based on a
random forest. It can be used to impute
continuous and/or categorical data
including complex interactions and
nonlinear relations. It yields an out-of-bag

(OOB) imputation error estimate.

missForest

missForest

(19




Table S2. The summary of NAguideR tested on different operation systems and browsers.

Operation Version Chrome Firefox Safari
System
Windows 7 68.0.3440.106 63.0.3 not tested
Linux CentOS 7 not tested 52.8.0 not tested
MacOS HighSierra 70.0.3538.110 not tested 12.0.1




Table S3. The number of detected peptides/proteins and the proportion of missing values in each

data set.
Level Peptide level Protein level
Dataset PhosDIA PepSWATH ProtSWATH
Total number 54,076 57,687 4,797
Missing value number
%) 41,262 (76.3) 31,769 (55.1) 981 (20.4)
Number after filtered 13,946 36,363 3,640

Note: ‘Total number’ here means the identified peptides/proteins number in each dataset. ‘Missing

value number’ means the number of quantified peptides/proteins with missing value in at least one

sample, the number in parentheses is the rate of missing value corresponding to “Total number”.

‘Number after filtered’ means the number of quantified peptides/proteins after removing those with

high proportion of missing values and coefficient of variation (e.g., those peptides/proteins with 50%

proportion of missing values or coefficient of variation above 30% will be removed).



Figure S1. Distribution of the time consumption of each imputation method. Results were obtained
from the ProtSWATH dataset, only for the demonstration of speed difference between methods. We
repeated 100 times for every method Note, the time is just a reference for users because it is also
related to data size and internet status (or whether computer hardware configuration if running
NAguideR locally). Obviously, if the data size is smaller and internet speed is fast, the imputation
time will be less.

zero minimum Pl Mindet

?
—————
<ﬂ>

2
=]
<

0.005 0.010 0.000 0.025 0.050 0.075 0.100 0.01 0.02 0.0 0.02

colmedian MLE KNN Minprob

=
—5=

w

0.00 0.05 010 015 0.20 0.25 0.015 0.020 0.025 0.030 01 02 01 0.2 0.
Impseq rowmedian LLS Seg-KNN

plo 075 020 025 030014 016 D018 020 D22 024036 040 .44 048
Impseqrob SVD triKNN

400 425 450

e
w
el
@

16 17 1
Mice-norm BPCA

P

09 10 14

1=
tn
o
=Y
o
3
=
@
o
3
=
@

Mice-cart

:

71 73 75 77
Time (seconds)

~

" 12 13 35.0 375 40.0 425 9

IS
@
]



Figure S2. lllustration of major steps of the data analysis process in NAguideR. We take two groups
of samples (five biological replicates in each group, labeled Al, A2, A3, A4, A5, B1, B2, B3, B4, B5
in the original intensity data), just for the illustrative example. “Feature” here denotes the identified

proteins/peptides.

Original intensity data with missing values (NAs)

Complete data from well performed methods

Al | A2 | A3 | A4 | A5 | B1 | B2 | B3 | B4 | BS A | Az | A3 | A4 | A5 | B1 | B2 | B3 | B4 | BS
Feature 1 | NA | bz | s | ha | Is | ha | D7 | ls | s | o Feature 1 IS0 TP ITER T hs e 117 e | he | ho
Feature2 [ NA | NA | I3 | NA | s | 1s | I ba he | luo Feature 3 I3 Iz [E5) 134 Ias 36 ls7 [ [ I310
Feature 3 Is1 I3z Is3 la4 las I ls7 5] lag l310
Feature m-1 | limay | kimtz | Bmeja | Dimets | limesss | limene | lmn7 | bimeie | limete | lim-tino
Feature i-1 | lenn | lene | MA | loow | lens | NA | e | Tene | leva | oo ceaturem | ton | 2 | ts | tm | te | tom | tr | e | e | toro
Featurei | 1o | le | o | b | ks | be | W | NA| 1o | lno
Step 1: Data quality control.
1.1: Missing value identification, count and visualization. Step 4: Assessments of performance
1.2: If number of NAs > 0.5 (by default) with two types of criteria respectively.
1.3:  remove this feature 4.1: Calculate assessment score based on each
1.4: Median normalization (by default) criterion.
1.5: If CV > 0.3 (by default) 4.2: Rank each method according to the scores.
1.6: remove this feature output: Assessment scores in each criterion and
1.7: Logarithmic transformation (by default). result visualization.
output: Filtered Data with normalized and logarithmized
intensity; NA rate.
S Q)
Al | A2 |A3| a4 | A5 | B1| B2 | B3 | B4 | BS /. CC_Charge,
Feature 1 | NA | 1o [ ba | ta | vs [ e | e | e | ke | b /§ ACC, NRMSE, ACC_PepProt,
Feature3 |l | f2 | B | lsa | b | s | b | e | b | ks £ PSS, SOR ACC_CORUM,
ACC_PPI
Feature m-1 | k)1 | limsiz | NA | limaps | km1s | NA | Dz | limete | limetye | Kenito . . A
Classic criteria Proteomic criteria
Feature m Imt Im2 Im3 Ima. Ims Imé Im7 NA Ima Imio

Step 2: Missing value imputation.
2.1: Record the missing value positions.

2.2: for i in methods (23 imputation methods)
2.3: deduce values

2.4: Combine the results.

output: Imputed data from each method

and missing value positions.

zero

SvD
BPCA
MLE
Impseq
Impseqrob

Imputation Methods

minimum
colmedian KNN, Seq-KNN
rowmedian trKNN, LLS
Mindet QR, IRM
Minprob GRR, GMS
Pl Mice-norm
Mice-cart

Step 3: Preparing data for evaluation based om the
next two types of criteria:

a. For classic criteria.

3.1: remove the features with NA based on the missing value
pasitions, the remain data are marked as “original complete data”.
3.2: Generating missing values in the original complete data randomly
with same NA rate from Step 1 (“Simulated NA data") and record the
NA positions.

3.3: Missing value imputation for the data from 3.2.

b. For proteomic criteria.

3.4: Obtain the feature information (e.g. peptide sequences, charges,
protein id.

output: Data suitable for classic criteria and data suitable for
proteomic criteria.

RF



Figure S3. Distribution of missing values in all the three example datasets. (A-B) Missing value
distribution of each sample and every feature in PhosDIA dataset. (C-D) Missing value distribution
of each sample and every feature in PepSWATH dataset. (E-F) Missing value distribution of each

sample and every feature in ProtSWATH dataset. ‘Feature’ here denotes a peptide or protein.
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Figure S4. Comparisons of original values and imputed values of every peptide from every
imputation method on the extracted complete data matrix from PhosDIA. The adjusted R squared of
each result was also obtained by ‘Im’ function and shown in for each method (except zero and
minimum method). We first only extracted the complete data matrix and generated random missing
values on it with a similar proportion of missing values existed in the original data matrix. Thus, every
imputed data point will have a real reference (i.e., the original value) for correlation analysis.
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Figure S5. Systematic evaluation analysis of the pepSWATH dataset (Similar to Figure 2). (A)
Pearson correlation analysis of the original intensities and imputed intensities based on 23 methods.
Density plots illustrate the correlation in detail between the original values and imputed values from
minimum, SVD, and Impseqrob respectively. NA here means ‘No Result’ because the standard
deviations of imputed values from zero and minimum method are equal to 0 and hence the cor
function returns NA. (B) Comparison of the distribution of the correlation coefficient among original
values and 23 imputation methods under the four proteomic criteria. The comprehensive scores
distribution of 23 imputation methods under the four classic criteria (C) and four proteomic criteria
(D). ‘Normalized Values’ here means every score is divided by corresponding maximum value.

>
A & % minimum Impseq
& : 8
© Qo § -3.0
o) <
zero A SS §, N 6
minimum & & 2 3 Al
colmedian [§8ll é 5
A 2 2
rowmedian 3 E
Mindet gB#f - E E ]
Minprob ! [
Pl 8 . -24
SVD oz 1 } s 2 0 2 4 & &
MLE Original Value
Im
peed SVD
Impseqrob N 8
BPCA 5
KNN . -
Seq-KNN L TE 4
QR 2 2 F 4
LLS sl - g _qé___
GRR . Eo{ T
Mice-norm —24 2
trKNN T T T T T T T
IRM -4 -2 0 2 4 6 8
» Original Value
GMS : Density
Mice-cart i |
RF i 0 1
B ACC_Charge ACC_PepProt ACC_CORUM ACC_PPI
Original
BPCA
Impseq
Impseqrob
Seg-KNN
trKNN
KNN
Mice-norm
GMSs
GRR
Mice-cart
LLS Density
RF 06
IRM -
MLE 2
rowmedian 02
QR 0.0
zero
colmedian
SVD
Mindet
Minprob
Pl
minimum
-1.0 -0.5 00 05 1.0 -05 0.0 05 1.0 -0.5 0.0 0.5 1.0 -05 00 05 1.0
C Classic criteria Proteomic criteria
1.00 D
13 0
(] o
% 0.75 ‘_?5
z i Groups
.g 'g @ ACC_Charge
T 050 ® A\ ACC_PepProt
£ € I ACC_CORUM
2 2 ~-Acc_ppI
0.25

0.00

ZZ< PRV ELZ L= CWEDOE O 52 & ZIUDZ LW EZONL S CUIX O C 5025 £
zzo§9§m5ngmﬂ—lc—4>‘!m‘l%9= ERF e s o Rk e
xé‘%&gwcg xP=g="—0gN & o.E z%agx.o:on =3= NBEDS E
o 3 B g =Ec ESoe IS g g £ €

2 g & £ sg =888 E< = &
§°¢ 3 2§ § "= @28 § 3 °°F



Figure S6. Systematic evaluation analysis of the ProtSWATH dataset (Similar to Figure 2). (A)
Pearson correlation analysis of the original intensities and imputed intensities based on 23 methods.
Density plots illustrate the correlation in detail between the original values and imputed values from
minimum, SVD, and Impseqrob respectively. NA here means ‘No Result’ because the standard
deviations of imputed values from zero and minimum method are equal to 0 and hence the cor
function returns NA. (B) Comparison of the distribution of the correlation coefficient among original
values and 23 imputation methods under the four proteomic criteria. The comprehensive scores
distribution of 23 imputation methods under the four classic criteria (C) and four proteomic criteria
(D). ‘Normalized Values’ here means every score is divided by corresponding maximum value.
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Figure S7. Comparisons of original values and imputed values of the correlation coefficients among
peptides that are derived under ACC_Charge criterion across every imputation method that was
directly applied on the full PhosDIA dataset. The adjusted R squared of each result was also
obtained by ‘Im’ function and shown for each imputation method.
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Figure S8. Evaluation of every imputation method across different missing proportions on the three
proteomics datasets under the proteomic criteria (A: PhosDIA, B: PepSWATH, C: ProtSWATH). The
proportion of missing values is from 5% to 70% in step of 5%. The lower right part shows the
imputation method names with relative marked colors and the grey arrow facilitates the reading of
the relative rank of every method.
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Figure S9. The score distribution of every imputation methods based on the classic criteria in
the three proteomics datasets with different biological replicates (Left: PhosDIA, middle:
PepSWATH, right: ProtSWATH). ‘Normalized Values’ here means every score is divided by
corresponding maximum value. 10 VS 10’ means there are 10 replicates in each group (marked
with darkblue color), and ‘3 VS 3’ means there are 3 replicates in each group (marked with red
color).
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Figure S10. Comparison of the root mean square error (RMSE) of the average correlation
coefficients across sample among each method on the pepSWATH data set. (A) The distribution of
the across sample correlation coefficient RMSE among original, Requant and 23 imputation methods
under the four proteomic criteria. (B) The normalized RMSE distribution of Requant and 23
imputation methods under the four proteomic criteria. ‘Normalized Values’ here means every RMSE
divides by corresponding max value. “Requant” means “Requantification” method in

OpenSWATH.
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Figure S11. Volcano plots examples for differential expression analysis in PhosDIA (following Figure

5). (A) From original full data (labelled as ‘Gold Standard’), imputed data of randomly selected 5

biological replicates (labelled as Random 5) (B-D) and 3 biological replicates (labelled as Random

3) (E-G) in each group from Imseq, Seq-KNN, minimum method, respectively.
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Figure S12. Motif analysis of the differentially expressed peptides in the PhosDIA dataset. (A) Venn
diagram of the differential peptides identified in the first 3 biological replicates with Seq-KNN method
(First 3.segknn) and zero method (First 3.zero). (B) Venn diagram of identified motifs from the ‘Gold
standard’ dataset (Gold.standard) and those peptides identified in First 3.segknn dataset but not in
First 3.zero dataset (First 3.segknn.zero.diff). (C) Detailed motif illustrations. Note that the last motif
seems to be newly identified from First 3.zero or First 3.segknn.zero.diff, whereas it actually can be
derived from the inspection of Gold.standard result.
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Figure S12C continued.
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