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Abstract

Advances in mass spectrometry (MS) have enabled high-throughput analysis of proteomes in bio-
logical systems. The state-of-the-art MS data analysis relies on database search algorithms to quantify
proteins by identifying peptide-spectrum matches (PSMs), which convert mass spectra to peptide se-
quences. Different database search algorithms use distinct search strategies and thus may identify
unique PSMs. However, no existing approaches can aggregate all user-specified database search
algorithms with guaranteed control on the false discovery rate (FDR) and guaranteed increase in the
identified peptides. To fill in this gap, we propose a statistical framework, Aggregation of Peptide Iden-
tification Results (APIR), that is universally compatible with all database search algorithms. Notably,
under a target FDR threshold, APIR is guaranteed to identify at least as many, if not more, peptides as
individual database search algorithms do. Evaluation of APIR on a complex protein standard shows
that APIR outpowers individual database search algorithms and guarantees the FDR control. Real
data studies show that APIR can identify disease-related proteins and post-translational modifications
missed by some individual database search algorithms. Note that the APIR framework is easily ex-
tendable to aggregating discoveries made by multiple algorithms in other high-throughput biomedical
data analysis, e.g., differential gene expression analysis on RNA sequencing data.

Introduction

Proteomics studies have discovered essential roles of proteins in complex disease such as neurodegen-
erative disease [1] and cancer [2–4]. These studies have demonstrated the potential of using proteomics
to identify clinical biomarkers for disease diagnosis and therapeutic targets for disease treatment. In
recent years, proteomics analytical technologies, particularly tandem mass spectrometry (MS)-based
shotgun proteomics, have advanced immensely, thus enabling high-throughput identification and quan-
tification of proteins in biological samples. Compared to prior technologies, shotgun proteomics has
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simplified sample preparation and protein separation, reduced time and cost, and saved procedures
that may result in sample degradation and loss [5]. In a typical shotgun proteomics experiment, a
protein mixture is first enzymatically digested into peptides, i.e., short amino acid chains up to ap-
proximately 40-residue long; the resulting peptide mixture is then separated and measured by tandem
MS into tens of thousands of mass spectra. Each mass spectrum encodes the chemical composi-
tion of a peptide; thus, the spectrum can be used to identify the peptide’s amino acid sequence and
post-translational modifications, as well as to quantify the peptide’s abundance with additional weight
information (Fig. 1a).

Since the development of shotgun proteomics, numerous database search algorithms have been
developed to automatically convert mass spectra into peptide sequences. Popular database search
algorithms include SEQUEST [6], Mascot [7], MaxQuant [8], Byonic [9], and MS-GF+ [10], among
many others. A database search algorithm takes as input the mass spectra from a shotgun proteomics
experiment and a protein database that contains known protein sequences. For each mass spectrum,
the algorithm identifies the best matching peptide sequence, a subsequence of a protein sequence,
from the database; we call this process “peptide identification,” whose result is a “peptide-spectrum
match” (PSM). However, due to data imperfection (such as low-quality mass spectra, data processing
mistakes, and protein database incompleteness), the identified PSMs often consist of many false PSMs,
causing issues in the downstream system-wide identification and quantification of proteins [11].

To ensure the accuracy of PSMs, the false discovery rate (FDR) has been used as the most pop-
ular statistical criterion [12–21]. Technically, the FDR is defined as the expected proportion of false
PSMs among the identified PSMs; in other words, a small FDR indicates good accuracy of PSMs. How-
ever, controlling the FDR is only one side of the story. Because shotgun proteomics experiments are
costly, a common goal of database search algorithms is to identify as many true PSMs as possible to
maximize the experimental output, in other words, to maximize the identification power given a target,
user-specified FDR threshold (e.g., 1% or 5%).

It has been observed that, with the same input mass spectra and FDR threshold, different database
search algorithms often find largely distinct sets of PSMs [22–26]. There are two possible reasons
for this phenomenon. One is that different algorithms find different sets of true PSMs by design. The
other is that some algorithms have identified excessive false PSMs due to failed FDR control. It is
important to disentangle these two reasons because, if the former is true, we may aggregate the distinct
sets of identified PSMs to increase the peptide identification power; otherwise, before performing the
aggregation, we must refine the outputs of the algorithms that have failed to control the FDR.

To investigate this question, in this study, we generated the first publicly available complex pro-
teomics standard dataset from Pyrococcus Furiosus (Pfu) to approach the dynamic range of a typical
proteomics experiment. We used this standard dataset for benchmarking five database search algo-
rithms: SEQUEST [6], Mascot [7], MaxQuant [8], Byonic [9], and MS-GF+ [10]. Our results confirm that,
while some database search algorithms fail to control the FDR, they are indeed designed to capture
unique sets of PSMs (see Results for details). This result justifies the need for algorithm aggregation to
boost the power of identifying peptides from shotgun proteomics data.

In the proteomics field, existing aggregation methods include Scaffold [25], MSblender [21], FDR-
Analysis [27], iProphet [20], ConsensusID [19], and PepArML [12]. Among these six methods, except
FDRAnalysis that has been shown infeasible for high-throughput proteomics [22], the rest have at least
one of the two major drawbacks: (1) limited compatibility with database search algorithms and (2) lack of
guarantee for identifying more peptides under the same FDR threshold. For the first drawback, except
ConsensusID, the other five aggregation methods unanimously limit the choices of database search
algorithms. As for the second drawback, although empirical evidence shows that, on some datasets,
these aggregation methods may identify more peptides than those identified by individual database
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search algorithms, none of these aggregation methods is guaranteed to do so by algorithm design.
In addition to the above aggregation methods developed for proteomics data, generic statistical

methods developed for aggregating rank lists are in theory applicable to aggregating the PSM lists
output by database search algorithms. However, none of these generic methods have been developed
into software packages compatible with database search algorithms, nor are they guaranteed to identify
more peptides given an FDR threshold. (Note that many generic methods aggregate rank lists without
FDR control.) Therefore, the field calls for a robust, powerful, and flexible aggregation method that
allows researchers to reap the benefits of the diverse and ever-growing database search algorithms.

Here we develop Aggregate Peptide Identification Results (APIR), a statistical framework that aggre-
gates peptide identification results from multiple database search algorithms with FDR control. APIR is
the first statistical framework universally adaptive to database search algorithms that output PSMs with
scores (e.g., q-values or posterior error probabilities (PEPs)) and is guaranteed to identify at least as
many as, if not more, peptides than individual database search algorithms do. APIR is a robust, flexible
framework that enhances the power while controlling the FDR of peptide identification from shotgun
proteomics data.

Note that the framework of APIR could be easily extended to aggregate discoveries made by multi-
ple algorithms in other high-throughput biomedical data analysis, such as differential gene expression
analysis on RNA sequencing data.

Results

APIR aims to combine the identified PSMs of multiple database search algorithms with valid FDR con-
trol. Aside from an FDR threshold q (e.g., 5%), APIR inputs the target-decoy search outputs (see
Methods) of the database search algorithms users would like aggregate. APIR is a sequential FDR
control framework that relies on APIR-adjust, its core component, to control the FDR in each step. Be-
low we briefly describe APIR by first introducing APIR-adjust and then the sequential framework that
aggregates the PSMs identified by any of pre-specified database search algorithms.

The core component of APIR is APIR-adjust, an FDR control method that identifies PSMs, under an
FDR threshold q, from the output of a single database search algorithm; the output includes target and
decoy PSMs with matching scores (see Methods). APIR-adjust is partly based on Clipper, a p-value-free
FDR control framework [28] (see Methods).

Given the PSMs identified by APIR-adjust from the outputs of multiple database search algorithms,
the sequential framework of APIR combines these PSMs based on a mathematical fact: if disjoint sets
of discoveries all have the false discovery proportion (FDP; also known as the empirical FDR) under q,
then their union set also has the FDP under q. Hence, the sequential framework of APIR is designed
to find disjoint sets of PSMs from search algorithms’ outputs. The final output of APIR is the union of
these disjoint sets, which is guaranteed to contain more unique peptides than what could be identified
by any search algorithm.

We evaluated five popular database search algorithms and benchmarked APIR against two aggrega-
tion methods on our Pfu proteomics standard dataset. We also designed simulation studies to bench-
mark APIR against two naı̈ve aggregation approaches: intersection and union of different database
search algorithms’ identified PSM sets. To demonstrate the power of APIR, we applied it to five real
datasets, including our proteomics standard dataset, three acute myeloid leukemia (AML) datasets, and
a triple-negative breast cancer (TNBC) dataset. Notably, we generated two of the three AML datasets
from bone marrow samples of AML patients with either enriched or depleted leukemia stem cells (LSCs)
for studying the disease mechanisms of AML.
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Byonic, Mascot, SEQUEST, MaxQuant and MS-GF+ capture unique true PSMs in
the Pfu proteomics standard dataset, and MaxQuant fails to control the FDR

We first benchmarked five popular database search algorithms—Byonic [9], Mascot [7], SEQUEST [6],
MaxQuant [8], and MS-GF+ [10]—on the proteomics standard dataset. Specifically, we ran tandem
MS analysis on a Pfu protein standard sample and obtained 49,303 mass spectra (see Methods). We
then constructed a reference database by concatenating the Pfu database [29], the Uniprot Human
database [29], and two contaminant databases: one for affinity purification (the CRAPome) [30] and
the other from MaxQuant. (The inclusion of two contaminant databases followed the convention in
proteomics data analysis.) In the reference database construction, we removed human proteins that
contain Pfu peptides (via in silico trypsin digestion). Finally, we input the 49,303 mass spectra and the
reference database into the five database search algorithms (see Methods). To evaluate a database
search algorithm, we consider its output PSMs, peptides, and master proteins as true if and only if they
belong to either Pfu or the two contaminant databases.

Our evaluation results in Fig. 1b show that the five individual database search algorithms indeed
capture unique true PSMs in this proteomics standard dataset at FDR thresholds q = 1% and 5%.
Notably, at q = 1%, the number of true PSMs identified by Byonic alone (2,720) is nearly four times
the number of true PSMs identified by all five algorithms (727). At q = 5%, Byonic again identifies
more unique true PSMs (1,903) than the true PSMs identified by all five algorithms (1,416). Moreover,
MaxQuant and MS-GF+ also demonstrate distinctive advantages: MaxQuant identifies 147 and 520

unique true PSMs, while MS-GF+ identifies 153 and 218 at q = 1% and 5%, respectively. In contrast,
SEQUEST and Mascot show little advantage in the presence of Byonic: their identified true PSMs are
nearly all identified by Byonic (Fig. S1). Our results confirm that these five database search algorithms
have distinctive advantages in identifying unique PSMs, an observation that aligns well with existing
literature [22–26, 31].

In terms of FDR control, four database search algorithms—Byonic, Mascot, SEQUEST, and MS-
GF+—demonstrate robust FDR control as they keep the FDPs on the benchmark data under the FDR
thresholds q ∈ {1%, . . . , 10%}. In contrast, except at small values of q such as 1% or 2%, MaxQuant
fails the FDR control by a large margin (Fig. 1c).

For individual database search algorithms, APIR-adjust shows robust FDR con-
trol and power advantage on the Pfu proteomics standard dataset

To demonstrate the use of APIR-adjust, we applied it as a FDR-control add-on to the five database
search algorithms for identifying PSMs from their outputs. On the Pfu proteomics standard dataset,
we examined the FDPs and power of APIR-adjust for a range of FDR thresholds: q ∈ {1%, . . . , 10%}.
Our results in Fig. 1c show that APIR-adjust achieves the FDR control and similar power (to that of
the default q-value/PEP thresholding) when applied to the outputs of Byonic, Mascot, SEQUEST, and
MS-GF+. As for MaxQuant, APIR-adjust alleviates the FDR control issue by reducing the FDPs to be
closer to the FDR thresholds, and it achieves the FDR control when q > 5%.

Even with valid q-values or PEPs, q-value/PEP thresholding cannot guarantee to control the FDR
unless all PSMs with q-values/PEPs ≤ q are present in the output of a database search algorithm.
(The reason is that, if all true PSMs with q-values/PEPs ≤ q are removed from the output, then the
FDP would be 1 for calling the remaining PSMs with q-values/PEPs ≤ q as discoveries.) In other
words, q-value/PEP thresholding no longer guarantees to control the FDR after a subset of PSMs are
removed. In contrast, APIR-adjust does not have this constraint, and its FDR control still works for a
subset of PSMs because APIR-adjust considers q-values/PEPs as scores in its internal FDR control
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(see Methods), which is robust to missing PSMs.
To verify the FDR control performance of q-value/PEP thresholding and APIR-adjust (described

above) on the proteomics standard dataset, we applied q-value/PEP thresholding after excluding from
each database search algorithm’s output the 1,416 shared true PSMs identified by all five algorithms at
the FDR threshold q = 5%. Our results in Fig. S2 show that thresholding the q-values of MS-GF+ no
longer controls the FDR. In contrast, APIR-adjust demonstrates a robust control of the FDR even with
missing PSMs.

Set union and intersection operations do not guarantee to control the FDR on
the aggregated discoveries, while APIR does

In data analysis, a popular intuition is that, if multiple algorithms designed for the same purpose are
applied to the same dataset to make discoveries, and that all algorithms have FDRs under q, then the
intersection of the discoveries (i.e., the discoveries found by all algorithms) should have the FDR under
q [12]. However, this intuition does not hold in general. The reason is that, if all algorithms find different
true discoveries, then their common discoveries (i.e., the intersection) could be enriched with false
discoveries and thus have the FDR much higher than q. To demonstrate this, we designed a simulation
study called the shared-false-PSMs scenario, where the set intersection operation fails to control the
FDR. In parallel, we designed another simulation study called the shared-true-PSMs scenario, where
the set union operation fails to control the FDR. (Although intuition says that the set union operation
may not control the FDR, we include it here for completeness.)

Under the shared-true-PSMs scenario, we designed three toy database search algorithms that tend
to identify overlapping true PSMs but non-overlapping false PSMs (Fig. 2a top). In contrast, under the
shared-false-PSMs scenario, we designed another three toy database search algorithms that tend to
identify overlapping false PSMs but non-overlapping true PSMs (Fig. 2a bottom) (see Methods). Under
both scenarios, we first applied APIR-adjust to each toy database search algorithm’s output. Then
we aggregated APIR-adjust’s identified PSMs from the three algorithms under each scenario using set
intersection, set union, or APIR, and we evaluated the FDR of each aggregated PSM set. Fig. 2b shows
that, while set union fails to control the FDR in the shared-true-PSMs scenario and set intersection fails
in the shared-false-PSMs scenario, APIR controls the FDR in both scenarios.

For aggregating multiple database search algorithms, APIR has verified FDR
control and outpowers Scaffold and ConsensusID on the Pfu proteomics stan-
dard dataset

We demonstrate that APIR controls the FDR after aggregating individual search algorithms on the Pfu
proteomics standard. As expected, APIR improves the power of identifying PSMs over that of individual
search algorithms, under the same FDR threshold. Next, we benchmarked APIR against two existing
aggregation methods, Scaffold and ConsensusID, because they are the only two aggregation methods
compatible with the five database search algorithms we used: Byonic, Mascot, SEQUEST, MaxQuant,
and MS-GF+. Because database search algorithms are typically time-consuming to run, we expect that
users are unlikely to aggregate more than three database search algorithms in practice. Therefore, we
examined 20 combinations of the five algorithms, including 10 combinations of any two algorithms and
10 combinations of any three algorithms.

Because of the trade-off between FDR and power, power comparison is valid only when FDR is
controlled. Hence, for the three aggregation methods, APIR, Scaffold, and ConsensusID, we compared

5

.CC-BY-NC 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 10, 2021. ; https://doi.org/10.1101/2021.09.08.459494doi: bioRxiv preprint 

https://doi.org/10.1101/2021.09.08.459494
http://creativecommons.org/licenses/by-nc/4.0/


them in terms of both their FDPs and power on the Pfu proteomics standard dataset. Regarding the
power increase of each aggregation method over individual database search algorithms, we computed
the percentage increases in the aggregated true PSMs, peptides, and proteins, by treating as base-
lines the maximal numbers of true PSMs, peptides, and proteins identified by the five database search
algorithms (MaxQuant was used with APIR-adjust to control the FDR; see Fig. 1c). For example, to
aggregate Byonic and MaxQuant, we would calculate the percentage increase in identified true PSMs
by treating as the baseline the larger of two numbers: the numbers of true PSMs identified by Byonic
and MaxQuant.

Our results in Fig. 3 and Fig. S4 show that, at both FDR thresholds q = 5% and 1%, APIR achieves
consistent FDR control and power improvement over individual database search algorithms. In con-
trast, Scaffold controls the FDR but shows highly inconsistent power improvement, while ConsensusID
neither controls the FDR nor has power improvement. Specifically, in terms of FDR control, although
ConsensusID controls the FDR at q = 1%, its FDPs exceed the FDR threshold by a large margin at
q = 5%: they rise above 15% in 9 out 20 combinations. In summary, only APIR achieves power in-
crease over individual database search algorithms consistently across the 20 algorithm combinations,
an advantage that neither Scaffold nor ConsensusID realizes.

A technical note is that Scaffold cannot control the FDR of aggregated PSMs; instead, it controls
the FDRs of aggregated peptides and proteins, and it requires the target FDR thresholds to be input for
both. Hence, strictly speaking, Scaffold is not directly comparable with APIR in terms of FDR control
because APIR controls the FDR of aggregated PSMs. For a fair comparison, we implemented a variant
of Scaffold, which, compared with the default Scaffold, has an advantage in power at the cost of an
inflated FDR (see Methods). Our results in Fig. S5a and Fig. S6a show that at both FDR thresholds
q = 5% and 1%, this Scaffold variant demonstrates a slightly inflated FDP in 11 combinations at q = 1%

and in 5 combinations at q = 5%. In terms of power, this Scaffold variant still fails to outperform the
most powerful individual database search algorithm in 10 combinations at q = 1% (Fig. S5b) and in 8

combinations at q = 5% (Fig. S6b).

APIR empowers peptide identification by aggregating the search results from
Byonic, Mascot, SEQUEST, MaxQuant, and MS-GF+ on four real datasets

We next applied APIR with the aforementioned 20 algorithm combinations to four real datasets: two
in-house phospho-proteomics (explained below) AML datasets (“phospho AML1” and “phospho AML2”)
we generated for studying the properties of LSCs in AML pateints; a published nonphospho-proteomics
AML dataset (“nonphospho AML”) that also compares the stem cells with non-stem cells in AML patients
[32]; and a published phospho-proteomics TNBC dataset that studies the drug genistein’s effect on
breast cancer [33]. Phospho-proteomics is a branch of proteomics; while traditional proteomics aims to
capture all peptides in a sample, phospho-proteomics focuses on phosphorylated peptides, also called
phosphopeptides, because phosphorylation regulates essentially all cellular processes [34]. On each
dataset, we applied APIR at two FDR thresholds q = 1% and 5% and examined its performance at four
levels: the percentage increases in PSMs, peptides, peptides with modifications, and proteins, which
we calculated in the same way as what we did for the proteomics standard dataset.

Our results in Fig. 4 (q = 5%) and Fig. S7 (q = 1%) show that APIR has positive percentage
increases at two levels (PSMs and peptides) on all four datasets, confirming APIR’s guarantee for
identifying more peptides than individual algorithms do. At the peptide-with-modification level, APIR
also achieves positive percentage increases across 20 combinations on all four datasets with only one
exception: APIR falls short by a negligible 0.1% when aggregating the outputs of Byonic, Mascot, and
SEQUEST on the TNBC dataset at q = 5%. At the protein level, APIR still manages to outperform
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single database search algorithms for all 20 combinations on both phospho-proteomics AML datasets
and for more than half of the combinations on the TNBC and nonphospho-proteomics AML datasets.
Our results demonstrate that APIR could boost the usage efficiency of shotgun proteomics data.

APIR identifies biologically meaningful proteins from AML and TNBC datasets

Next, we investigated the biological functions of the proteins missed by individual database search
algorithms but recovered by APIR from the phospho AML and TNBC datasets.

On both phospho AML1 and AML2 datasets containing patient samples with enriched or depleted
LSCs, APIR identified biologically meaningful proteins that were missed by individual database search
algorithms. On phospho AML1, APIR identified across the 20 combinations 80 additional proteins (the
union of the additional proteins APIR identified from the combinations) at the FDR threshold q = 1%

and 121 additional proteins at the FDR threshold q = 5%. These two sets of additional proteins re-
covered by APIR include some well-known proteins, such as transcription intermediary factor 1-alpha
(TIF1α), phosphatidylinositol 4,5-bisphosphate 5-phosphatase A (PIB5PA), sterile alpha motif domain
containing protein 3 (SAMD3), homeobox protein Hox-B5 (HOXB5), small ubiquitin-related modifier 2
(SUMO-2), transcription factor jun-D (JUND), glypican-2 (GPC2), dnaJ homolog subfamily C member
21 (DNAJC21), mRNA decay activator protein ZFP36L2, leucine-rich repeats and immunoglobulin-like
domains protein 1 (LRIG-1), and mitochondrial intermembrane space import and assembly protein 40
(CHCHD4). Here we summarize the tumor-related functions of these well-known proteins. High levels
of TIF1α are associated with oncogenesis and disease progression in a variety of cancer lineages such
as AML [35–41]. PIB5PA has been shown to have a tumor-suppressive role in human melanoma [42].
Its high expression has been correlated with limited tumor progression and better prognosis in breast
cancer patients [43]. SMAD3 is known to play key roles in the development and progression of various
types of tumor [44–49]. HOXB5 is among the most affected transcription factors by the genetic muta-
tions that initiate AML [50–52]. SUMO-2 has been found to play a key role in regulating CBX2, which is
overexpressed in several human tumors (e.g., leukemia) and whose expression is correlated with lower
overall survival [53]. JUND has been shown to play a central role in the oncogenic process leading to
adult T-cell leukemia [54]. GPC2 has been identified as an oncoprotein and a candidate immunother-
apeutic target in high-risk neuroblastoma [55]. DNAJC21 mutations have been linked to cancer-prone
bone marrow failure syndrome [56]. ZFP36L2 has been found to induce AML cell apoptosis and inhibit
cell proliferation [57]; its mutation has been associated with the pathogenesis of acute leukemia [58].
LRIG-1 has been found to regulate the self-renewing ability of LSCs in AML [59]. CHCHD4 plays key
roles in regulating tumor proliferation [60]. On phospho AML2, APIR has identified 62 additional proteins
at FDR 1% and 19 additional proteins at FDR 5%, including JUND and myeloperoxidase (MPO). MPO
is expressed in hematopoietic progenitor cells in prenatal bone marrow, which are considered initial
targets for the development of leukemia [61–63].

On the TNBC dataset, APIR identified 92 additional proteins missed by individual database search
algorithms at the FDR threshold q = 1% and 69 additional proteins at q = 5%. In particular, at q =

1%, APIR has uniquely identified breast cancer type 2 susceptibility protein (BRCA2), and Fanconi
anemia complementation group E (FANCE). BRCA2 is a well-known breast cancer susceptibility gene;
an inherited genetic mutation inactivating the BRCA2 gene can be found in people with TNBC [64–
69]. The FANC-BRCA pathway, including FANCE and BRCA2, is known for its roles in DNA damage
response. Inactivation of the FANC–BRCA pathway has been identified in ovarian cancer cell lines and
sporadic primary tumor tissues [70, 71]. Additionally, at both q = 1% and 5%, we identified JUND and
roundabout guidance receptor 4 (ROBO4); the latter regulates tumor growth and metastasis in multiple
types of cancer, including breast cancer [72–75].
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Our results, summarized in Table 1, demonstrate APIR’s strong potential in identifying novel disease-
related proteins.

APIR empowers the identification of differentially expressed peptides

An important use of proteomics data is the differential expression (DE) analysis, which aims to identify
proteins whose expression levels change between two conditions. Protein is the ideal unit of measure-
ments; however, due to the difficulties in quantifying protein levels from tandem MS data, an alternative
approach has been proposed and used, which first identifies differentially expressed peptides and then
investigates their corresponding proteins along with their modifications. Because it is less error-prone
to quantify peptides than proteins, doing so would dramatically reduce errors in the DE analysis.

Here we compared APIR with MaxQuant and MS-GF+ by performing DE analysis on the phospho
AML1 dataset. We focused on this dataset instead of the TNBC dataset or the nonphospho AML dataset
because the phosphos AML datasets were generated for our in-house study and thus may yield new
discoveries. The phospho AML1 dataset contains six bone marrow samples: three enriched with LSCs,
two depleted of LSCs, and one control. To simplify our DE analysis, we selected two pairs of enriched
and depleted samples as shown in Fig. 5a. Specifically, we first applied APIR to aggregate the out-
puts of MaxQuant and MS-GF+ on the phospho AML1 dataset using all six samples. Then we applied
DESeq2 to identify DE peptides from the aggregated peptides of APIR, APIR-adjusted MaxQuant, and
APIR-adjusted MS-GF+ using the four selected samples. Our results in Fig. 5 show that at the FDR
threshold q = 5%, we identified 318 DE peptides from 224 proteins based on APIR, 251 DE peptides from
180 proteins based on MaxQuant, and 242 DE peptides from 190 proteins based on MS-GF+, respec-
tively. In particular, APIR identified 6 leukemia-related proteins: the promyelocytic leukemia zinc finger
(PLZF), serine/threonine-protein kinase B-raf (B-raf), signal transducer and activator of transcription 5B
(STAT5B), promyelocytic leukemia protein (PML), cyclin-dependent kinase inhibitor 1B (CDKN1B), and
retinoblastoma-associated protein (RB1), all of which belong to the AML KEGG pathway or the chronic
myeloid leukemia KEGG pathway [76–78]. In particular, PLZF and CDKN1B were uniquely identified
from the APIR aggregated results but not by either APIR-adjusted MaxQuant or APIR-adjusted MS-GF+.

We next investigated the phosphorylation on the identified DE peptides of PLZF or CDKN1B. With
regard to PLZF, APIR identified phosphorylation at Threonine 282, which is known to activate cyclin-A2
[79], a core cell cycle regulator of which the deregulation seems to be closely related to chromosomal
instability and tumor proliferation [80–82]. As for CDKN1B, APIR identified phosphorylation at Serine
140. Previous studies have revealed that ATM phosphorylation of CDKN1B at Serine 140 is important
for stabilization and enforcement of the CDKN1B-mediated G1 checkpoint in response to DNA damage
[83]. A recent study shows that inability to phosphorylate CDKN1B at Serine 140 is associated with en-
hanced cellular proliferation and colony formation [84]. Our results, summarized in Table 2, demonstrate
that APIR can assist in discovering interesting proteins and relevant post-translational modifications.

Discussion

We developed a statistical framework APIR to combine the power of distinct database search algorithms,
by aggregating their identified PSMs from shotgun proteomics data with FDR control. The core com-
ponent of APIR is APIR-adjust, an FDR-control method that re-identifies PSMs from a single database
search algorithm’s output without restrictive distribution assumptions. APIR offers a great advantage
of flexibility: APIR is compatible with any database search algorithms. The reason lies in that APIR is
a sequential approach based on a mathematical fact: given multiple disjoint sets of discoveries, each
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with the FDP smaller than or equal to q, their union also has the FDP smaller than or equal to q. This
sequential approach not only allows APIR to circumvent the need to impose restrictive distribution as-
sumptions on each database search algorithm’s output, but also ensures that APIR would identify at
least as many, if not more, unique peptides as a single database search algorithm does.

By assessing APIR on the first publicly available complex proteomics standard dataset we gen-
erated, we verified that APIR consistently improves the power of peptide identification with the FDR
controlled on the identified PSMs. Our extensive studies on AML and TNBC data suggest that APIR
can discover additional disease-relevant peptides and proteins that are otherwise missed by individual
database search algorithms.

The current implementation of APIR controls the FDR at the PSM level. However, in shotgun pro-
teomics experiments, PSMs serve merely as an intermediate to identify peptides and then proteins, the
real molecules of biological interest; thus, an ideal FDR control should occur at the protein level. A fact
is that FDR control at the PSM level does not entail FDR control at the protein level because multiple
PSMs may correspond to the same peptide sequence, and multiple peptides may correspond to the
same protein. To realize the FDR control on the identified proteins, APIR-adjust needs to be carefully
modified. A possible modification would be to construct a matching score for each protein from the
matching scores of the PSMs that correspond to this protein’s peptides. Future studies are needed to
explore possible ways of constructing proteins’ matching scores. Once we modify APIR-adjust to control
the FDR at the protein level, the current sequential approach of APIR still applies: applying the modified
APIR-adjust to sequentially identify disjoint sets of proteins from individual database search algorithms’
outputs; outputting the union of these disjoint sets as discoveries.

Although APIR is designed for proteomics data, its framework is general and extendable to aggregat-
ing discoveries in other popular high-throughput biomedical data analyses, including peak calling from
ChIP-seq data, differentially expressed gene (DEG) identification from bulk or single-cell RNA sequenc-
ing data, and differentially interacting chromatin region identification from Hi-C data [28]. For example,
an extended APIR may aggregate discoveries made by popular DEG identification methods, such as
DESeq2 [85], edgeR [86], and limma [87], to increase the power while maintaining the FDR control.

Methods

1. APIR

1.1. Target-decoy search strategy

The key idea of the target-decoy search strategy is to generate a negative control of PSMs by matching
mass spectra against artificially created, false protein sequences, called “decoy” sequences. Decoy
sequences can be created in multiple ways, and a typical way is to reverse each protein sequence to
obtain a corresponding decoy sequence. Given the decoy sequences, the target-decoy search strategy
can be implemented as the concatenated search or parallel search.

In the concatenated search, a concatenated protein database is created by pooling original protein
sequences, called “target” sequences, with decoy sequences; then a database search algorithm uses
the concatenated protein database to find PSMs; consequently, each mass spectra is matched to either
a target sequence or a decoy sequence with only one matching score (Fig. S8a).

In the parallel search, a database search algorithm conducts two parallel searches: a target search
where each mass spectrum is matched to target sequences and a decoy search where the mass spec-
trum is matched to decoy sequences; consequently, each mass spectrum receives two matching scores
for the two searches (Fig. S8b).
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In both implementations, a PSM is called a target PSM or simply a PSM if it contains a target
sequence; otherwise, it is called a decoy PSM. Finally, a database search algorithm uses the decoy
PSMs, i.e., the PSMs known to be false, to estimate the FDR [11, 16]. In technical terms, each target
PSM receives a q-value from an algorithm such as Byonic, Mascot, SEQUEST, and MS-GF+ [6, 7, 9,
10] or a posterior error probability (PEP) from an algorithm such as MaxQuant [8] (see Methods). Both
q-value and PEP are related to the FDR so that users can control the FDR under a threshold q if they
keep only the target PSMs with q-values or PEPs not exceeding q; however, the FDR control is only
guaranteed when the q-values and PEPs are valid [15].

1.2. APIR methodology

APIR aims to aggregate the PSMs identified from multiple database search algorithms with FDR control.
Aside from an FDR threshold q (e.g., 5%), APIR requires as input a list of target PSMs with scores
and a list of decoy PSMs with scores from each database search algorithm. To maximize power, we
recommend users to input the entire list of target PSMs and decoy PSMs by setting the internal FDR
of each database search algorithm to 100%. Because nearly all database search algorithms output q-
values or PEPs for target and decoy PSMs, we recommend users to use − log10-transformed q-values
or − log10-transformed PEPs as the input of scores. Unless specified otherwise, in this manuscript,
the results of APIR are generated based on − log10-transformed PEPs from MaxQuant and − log10-
transformed q-values from the other four database search algorithms. Below we introduce the details
of APIR by first introducing APIR-adjust and then the general framework based on APIR-adjust for
aggregating search results.

1.2.1. APIR-adjust: FDR control on the target PSMs identified by any individual search algorithm
The core component of APIR is APIR-adjust, an FDR-control method that re-identifies target PSMs
from a single database search algorithm. APIR-adjust takes as input an FDR threshold q, a list of target
PSMs with scores, and a list of decoy PSMs with scores. APIR-adjust then outputs identified target
PSMs.

We first define the target coverage proportion as the proportion of target PSMs whose mass spectra
also appear among the decoy PSMs. Depending on the database search algorithms and the imple-
mentation of target-decoy search strategy (concatenated or parallel), the target coverage proportion
could vary from 0 to 1. When the target coverage proportion is high, most of the target PSMs could be
one-to-one paired with decoy PSMs by their mass spectra so that in each pair, the decoy PSM score
serves as a negative control for the target PSM score. When the proportion is low, we cannot form many
pair-decoy score pairs but use decoy PSM scores collectively as a negative control. We thus design
two approaches, tailored specifically for these two scenarios, into APIR-adjust.

Here we introduce notations to facilitate our discussion. Suppose a database search algorithm
combination of an experimental design, a distributional family, and a background scenario outputs m
target PSMs with scores T1, . . . , Tm and n decoy PSMs with scores D1, . . . , Dn. Also, suppose that
among the m target PSMs, the first s ≤ min(m,n) target PSMs can be paired one-to-one with decoy
PSMs; accordingly, the target coverage proportion is s/m. Without loss of generality, we rearrange
decoy PSM indices such that the i-th decoy PSM shares the same mass spectrum with the i-th target
PSM for 1 ≤ i ≤ s.

When the target coverage proportion is relatively high (s/m ≥ 40%), APIR-adjust identifies target
PSMs using Clipper, a p-value-free statistical framework for FDR control on high-throughput data by
contrasting two conditions, although a similar approach has been proposed in Couté, Bruley, and Burger
[88]. Specifically, Clipper constructs a contrast score Ci = Ti − Di if i = 1, . . . , s and Ci = 0 if i =
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s + 1, . . . ,m; then it finds a cutoff Cthre = min
{
t ∈ {|Ci| : Ci 6= 0} : |i:Ci≤−t|+1

max(|i:Ci≥t|,1) ≤ q
}

, and outputs
{i : Ci ≥ Cthre} as the indices of identified target PSMs. Based on Clipper, APIR-adjust requires two
assumptions to control the FDR: first, T1, . . . , Tm, D1, . . . , Dn are mutually independent, and second, Ti
and Di are identically distributed if the i-th target PSM is false. See the original paper for detailed proofs
that guarantee FDR control [28].

When the target coverage proportion is relatively low (s/m < 40%), APIR-adjust uses a p-value-
based approach to identify target PSMs. By assuming that the scores of decoy PSMs and false target
PSMs are independently and identically distributed, the p-value-based approach constructs a null dis-
tribution by pooling Dj , j = 1, . . . , n. Then APIR-adjust computes a p-value for the i-th target PSM as
the tail probability right of Ti, i.e., pi = |{j : Dj ≥ Ti}|/n, i = 1, . . . ,m, and controls the FDR using the
Benjamini-Horchberg procedure [89].

1.2.2. APIR: a sequential framework for aggregating multiple search algorithms’ identified target
PSMs with FDR control Suppose we are interested in aggregating K algorithms. Let Wk denote the
set of target PSMs output by the k-th algorithm, k = 1, . . . ,K. APIR adopts a sequential approach that
consists of K rounds.

• In the first round, APIR applies APIR-adjust or q-value/PEP thresholding to each algorithm’s output
with the FDR threshold q. Denote the identified target PSMs from the k-th algorithm by U1k ⊂Wk.
Define J1 ∈ {1, · · · ,K} to be the algorithm such that U1J1 contains the largest number of unique
peptides among U11, . . . , U1K . We use the number of unique peptides rather than the number of
PSMs because peptides are more biologically relevant than PSMs.

• In the second round, APIR first excludes all target PSMs output by J1, identified or unidentified in
the first round, i.e., WJ1 , from the outputs of the remaining database search algorithms, resulting
in reduced sets of candidate target PSMs W1 \WJ1 , . . . , WK \WJ1 . Then APIR applies APIR-
adjust with FDR threshold q to these reduced sets except WJ1 \WJ1 = ∅. Denote the resulting
sets of identified target PSMs by U2k ⊂ (Wk \WJ1), k ∈ {1, . . . ,K} \ {J1}. Again APIR finds the
J2-th algorithm such that U2J2 contains the most unique peptides.

• APIR repeats this in the subsequent rounds. In Round ` with ` ≥ 2, APIR first excludes all target
PSMs output by the selected ` − 1 database search algorithms from the outputs of remaining
database search algorithms and applies APIR-adjust. That is, APIR applies APIR-adjust with
FDR threshold q to identify a set of identified PSMs U`k from Wk \ (WJ1 ∪· · ·∪WJ`−1

), the reduced
candidate pool of algorithm k after the previous ` − 1 rounds, for algorithms k ∈ {1, · · · ,K} \
{J1, · · · , J`−1}. Then APIR finds the algorithm, which we denote by J`, such that U`J`

contains
the most unique peptides.

• Finally, APIR outputs U1J1 ∪ · · · ∪ UKJK
as the identified target PSMs.

By adopting this sequential approach, APIR is guaranteed to identify at least as many, if not more,
unique peptides as those identified by a single database search algorithm; under reasonable assump-
tions, APIR controls the FDR of the identified target PSMs under q. See Fig. 6b for graphical illustration
and next section for the the theoretical guarantee of FDR control by APIR.

1.3. Post-processing

Master protein recommendation For a given PSM, database search algorithms may disagree on its
master protein, causing difficulties in downstream analysis. APIR tackles this issue using a majority
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vote. Specifically, APIR selects the most frequently reported master protein across database search
algorithms for the given PSM. If there is a tie, APIR outputs all tied master proteins.

Post-translational modification recommendation For a given PSM, how APIR aggregates its mod-
ifications across database search algorithms depends on the type of modifications: static or variable.
Static modifications occur universally at every instance of a specified amino acid residue or terminus.
For example, tandem mass tags occur at every N-termimal. Since static modifications are known and
could be specified in the database search process, different database search algorithms will agree in
terms of the locations and types of static modifications. Therefore, for any PSM, APIR simply outputs
its static modifications by any database search algorithm based on user specification. The default static
modification used by APIR includes cysteine carbamidomethylation and tandem mass tags at N-terminal
and lysine.

Unlike static modifications, variable modifications do not apply to all instances of an amino acid
residue. For example, phosphorylation typically occurs at only one or few serines in a peptide with many
serines. Because variable modifications are hard to detect, database search algorithms may disagree in
the types (such as phosphorylation versus oxidation) and/or sites of modifications; however, they always
agree on the number of modifications. Suppose database search algorithms report M modifications
for the given PSM. To handle these potential disagreements, APIR uses one of the two strategies to
recommend variable modifications for a given PSM: PhosphoSitePlus (PSP)-free or PSP-based. In a
PSP-free modification recommendation, APIR first counts the number of database search algorithms
that report each modification—a combination of modification type and site. Then APIR reports the top
M most frequently reported variable modifications. A PSP-based modification strategy is similar to PSP-
free except for the handling of tied phosphorylation sites. When there is a tie among phosphorylation
sites, APIR reports the most frequently studied phosphorylation sites by searching the literature hits
on PSP (https://www.phosphosite.org/), a manually curated and interactive resource for studying
protein modifications. In particular, PSP has cataloged and counted existing literature and experiments
by phosphorylation. Based on PSP, APIR reports the modification with the largest number of high-
throughput literature hits if there is a tie between phosphorylations. If doing so fails to identify a unique
modification, APIR compares their numbers of Cell Signaling Technology mass spectrometry studies
that found the given phosphorylation and report the largest-numbered phosphorylation. If this fails to
provide a unique modification, APIR will report the ties.

Abundance aggregation At the PSM level, APIR first averages a PSM’s abundance across database
search algorithms. Then APIR performs normalization by scaling aij , which denotes the averaged
abundance of PSM i in channel j, by 106/(

∑
i aij) so that resulting normalized samples will have total

abundance 106.
To obtain the abundance at the peptide level, APIR averages the abundance of PSMs containing the

same peptide and then performs a scaling across channels such that its cross-channel average equals
100. Specifically, let bij denotes the averaged abundance of peptide i in sample j. The normalized
abundance would be 100bij/(

∑
j bij).

To obtain the abundance at the protein level, APIR averages the abundance of PSMs with the same
recommended master protein and then performs the same row normalization as it does at the peptide
level.
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1.4. Theoretical results of APIR

To facilitate our discussion, we start with notations for the mathematical abstraction of APIR, followed
by assumptions and proofs.

Let Ω denote the set of all possible PSMs from a tandem MS experiment and Wk ⊂ Ω denote the
set of target PSMs output by the k-th database search algorithm, k = 1, . . . ,K. Let Sk denote the set
containing scores of the PSMs in Wk. The exact definition of Sk depends on the implementation of
APIR-adjust: Clipper or the pooled approach. Specifically, if APIR-adjust adopts Clipper, Sk = {Ci : i ∈
Wk} ⊂ R, where Ci is the contrast score of Clipper (See the previous section). If APIR-adjust adopts
the pooled approach, Sk = {pi : i ∈ Wk} ⊂ R, where pi is the p-value calculated using the pooled
approach (see the previous section). We define W := {W : W ⊂ Ω} to be the power set of Ω and
S := {S : S ⊂ R} to be the power set of R.

Here we introduce the mathematical abstraction of APIR-adjust. Given an FDR threshold q ∈ (0, 1)

and a set of target PSMs W with their scores S from a single database search algorithm, we define
Pq :W × S → W as a identification procedure that takes W and S as input and outputs a subset of W
with FDR controlled under q.

Next, we introduce a selection procedure, denoted by Q, that finds the index of the “best” set among
multiple target PSM sets, where “best” in default APIR means having the most unique peptides. Specif-
ically,

Q :W × · · · ×W︸ ︷︷ ︸
any finite number

→ {1, . . . ,K}

takes as input multiple sets of target PSMs, each from a distinct database search algorithm, and outputs
the index of the database search algorithm whose set is selected as the “best.” In case the “best” set is
not unique, Q randomly selects one of the “best” sets and outputs its index.

Then APIR consists of K rounds:

Round 1 :

U11 :=Pq (W1, S1) ;

...

U1K :=Pq (WK , SK) ;

K sets of identified PSMs

J1 := Q ({U1k : k = 1, · · · ,K}) ; the index of the selected algorithm

...

Round ` :

U`1 :=Pq

(
W1 \

(
∪`−1k′=1WJk′

)
, S1

)
;

...

U`K :=Pq

(
WK \

(
∪`−1k′=1WJk′

)
, SK

)
;

K sets of identified PSMs

J` = Q ({U`k : k 6= J1, · · · , J`−1}) ; the index of the selected algorithm

...

Round K :

UK1 :=Pq

(
W1 \

(
∪K−1k′=1WJk′

)
, S1

)
;

...

UKK :=Pq

(
WK \

(
∪K−1k′=1WJk′

)
, SK

)
;

K sets of identified PSMs

JK = Q ({UKk : k 6= J1, · · · , JK−1}) ; the index of the selected algorithm

and outputs ∪K`=1U`J`
as the final set of identified PSMs. Let V`k denote the number of false PSMs in

U`k, `, k = 1, . . . ,K. Because U1J1
, . . . , UKJK

are mutually disjoint, to show FDR control we only need
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to show that

E

 ∑K
`=1 V`J`(∑K

`=1 |U`J`
|
)
∨ 1

 ≤ q , (1)

where a ∨ b means max(a, b).
To facilitate our theoretical discussion, we would like to emphasize the source of randomness and

how we represent them in our notations. First, both {Wk}Kk=1 and {Sk}Kk=1 are random because the
shotgun proteomics technology is innately random. Consequently, the mass spectra from tandem MS
experiments could vary in terms of numbers and quality, leading to random lists of target/decoy PSMs
and random scores output by database search algorithms. By convention, we use capital letters “W ”
and “S” to represent a random set of PSMs and a random set of scores respectively. Second, Pq and
Q could be random or deterministic functions. Third, {U`k : `, k = 1, · · · ,K} are random due to the
random input of Pq; therefore, they are also represented by capital U . For similar reasons, {J1}Kk=1

are also random. Lastly, as a result, notations such as WJ`
and SJ`

have two layers of randomness:
random PSM sets and scores represented by W and S and random database search algorithm index
J`. Notably, although a capital letter, K is deterministic because it represents the number of database
search algorithms we want to aggregate.

Here we introduce assumptions of APIR for FDR control. Conditioning on Wk, let µk := E[Sk] denote
the set of expected scores output by algorithm k. We impose three sets of assumptions respectively on
{Wk, µk, Sk}Kk=1, Pq and Q.

As for {Wk, µk, Sk}Kk=1, we require

(A.1) conditioning on {Wk, µk}Kk=1, S1, . . . , SK are mutually independent.

As for Pq, we assume the following.

(A.2) Conditioning on {Wk, µk}Kk=1 and given any subset W̃k ⊂ Wk for any k = 1, . . . ,K, we ob-
tain Pq(W̃k, Sk). Let Ũk := Pq(W̃k, Sk) and Ṽk denote the number of false PSMs in Ũk. Then
E[Ṽk/(|Ũk| ∨ 1) | {Wk, µk}Kk=1] ≤ q for all k = 1, . . . ,K. That is, Pq controls FDR when applied to
any subset of target PSMs from each of the K database search algorithms. Notably, this assump-
tion is guaranteed for APIR-adjust if the assumptions in the previous section hold.

(A.3) Following (A.2), if we assume that Ṽk/(|Ũk| ∨ 1) is independent of |Ũk|/(
∑K

k=1 |Ũk| ∨ 1) for k =

1, . . . ,K . That is, the FDP of the discoveries, i.e., identified PSMs from a subset of the target
PSMs, from algorithm k is independent of the proportion of the discoveries from algorithm k among
all discoveries.

Finally, we assume the following about Q.

(A.4) Conditioning on {Wk, µk}Kk=1, {J`}K`=1 is independent of {Sk}Kk=1. That is, the output of procedure
Q is conditionally independent of the randomness of the scores output by the K algorithms.

We start our proof by first showing that conditioning on {Wk = wk}Kk=1, {µk}Kk=1 and {Jk = jk}`k=1,

{J`+1, · · · , JK} ⊥
V`j`

|U`j` | ∨ 1
. (2)

Because V`j`/(|U`j` | ∨ 1) is the FDP of Pq(wj` \ (∪`−1k′=1wjk′ ), Sj`), the randomness of V`j`/(|U`j` | ∨ 1)

results solely from the randomness of scores in Sj` . By (A.4), Sj` is independent of {J`+1, · · · , JK}
conditioning on {Wk, µk}Kk=1 and J1, . . . , J`. Equation (2) follows accordingly.
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We can then show FDR control in the `-th round conditioning on {Wk, µk}Kk=1 and {J`}K`=1:

E
[

V`J`

|U`J`
| ∨ 1

∣∣∣∣W1 = w1, · · · ,WK = wK , {µk}Kk=1, J1 = j1, · · · , JK = jK

]
=E

[
V`j`

|U`j` | ∨ 1

∣∣∣∣W1 = w1, · · · ,WK = wK , {µk}Kk=1, J1 = j1, · · · , JK = jK

]
=E

[
V`j`

|U`j` | ∨ 1

∣∣∣∣W1 = w1, · · · ,WK = wK , {µk}Kk=1, J1 = j1, · · · , J` = j`

]
≤q ,

where the last equality results from (2). The last inequality holds by (A.2).
Finally, we prove (1):

E

 ∑K
`=1 V`J`(∑K

`=1 |U`J`
|
)
∨ 1


= E

[
E

[
K∑
`=1

|U`J`
|

(|U1J1
|+ · · ·+ |UKJK

|) ∨ 1

V`J`

|U`J`
| ∨ 1

∣∣∣∣∣ {Wk, µk, Jk}Kk=1

]]

= E

[
K∑
`=1

E
[

|U`J`
|

(|U1J1
|+ · · ·+ |UKJK

|) ∨ 1

∣∣∣∣ {Wk, µk, Jk}Kk=1

]
E
[

V`J`

|U`J`
| ∨ 1

∣∣∣∣ {Wk, µk, Jk}Kk=1

]]
(3)

≤
K∑
`=1

E
[
E
[

|U`J`
|

(|U1J1 |+ · · ·+ |UKJK
|) ∨ 1

∣∣∣∣ {Wk, µk, Jk}Kk=1

]]
· q

≤ q ,

where (3) holds as a result of (A.3).

2. Simulation studies

Here we describe how we conducted the simulation studies. Suppose that we have a total of 104 mass
spectra and that target PSMs and decoy PSMs are ordered in such a way that the i-th target PSM
shares the same mass spectrum as the i-th decoy PSM. Among the 104 target PSMs, 1500 are true
PSMs, and the rest are false. Let Tij and Dij denote the score of the i-th target PSM and the score of
the i-th decoy PSM by toy database search algorithm j, j = 1, . . . , 6. In addition, we generated missing
indicesM1,M2, andM3 ⊂ {1, 2, . . . , 104} by randomly sampling without replacement 1000, 2000, and
3000 indices from {1, 2, . . . , 104}. We set Mj+3 = Mj for j = 1, 2, 3. We generated 200 simulated
datasets under either the shared-true-PSMs scenario or the shared-false-PSMs scenario using the
following procedures.

Under the shared-true-PSMs scenario, we generated the target and decoy output of toy search
algorithms 1, 2, 3 using the following procedure. If the i-th target PSM is true, we generated Xi from
the exponential distribution with mean 8, Yi from the exponential distribution with mean 1 and set Ti1 =

Ti2 = Ti3 = Xi and Di1 = Di2 = Di3 = Yi; if the i-th target PSM is false, we generated Ti1, Ti2, Ti3,
Di1, Di2, Di3 independently from exponential with mean 1. Under the shared-false-PSMs scenario, we
generated the target and decoy output of toy search algorithms 4, 5, 6 using the following procedure.
If the i-th target PSM is true, we generated Ti4, Ti5, Ti6 independently from exponential with mean
4 and Di4, Di5, Di6 independently from exponential with mean 1; if the i-th target PSM is false, we
first generated Xi and Yi independently from the exponential distribution with mean 1 and then set
Ti4 = Ti5 = Ti6 = Xi and Di4 = Di5 = Di6 = Yi. Under either scenario, we set Tij to be a missing
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value if i ∈Mj so that each algorithm captures unique target PSMs.
We examined the actual FDRs of APIR-adjust on each toy database search algorithm and of ag-

gregation methods: union or intersection of the identified PSM sets from individual database search
algorithms, and APIR at the FDR threshold q = 5%. For each FDR-control method, we calculated an
FDP—the proportion of identified PSMs that are false—on each simulated data and averaged those 200

FDPs to compute the FDR. To obtain the FDP of APIR-adjust, we applied APIR-adjust with the FDR
threshold q = 5% to each toy database search algorithm. To obtain the FDP of union/intersection, we
took the union/intersection of the three sets of identified target PSMs by APIR-adjust, one per each toy
database search algorithm. To obtain the FDP of APIR, we applied the default APIR to aggregate the
three toy database search algorithms with the FDR threshold q = 5%.

3. Data generation

3.1. Complex proteomics standard dataset generation

The complex proteomics standard (CPS) (part number 400510) was purchased by Agilent (Agilent,
Santa Clara, CA, USA). CPS contains soluble proteins extracted from the archaeon Pyrococcus furio-
sus (Pfu). All other chemicals were purchased from Sigma Aldrich (Sigma Aldrich, St. Louis, MO, USA).
The fully sequenced genome of Pfu encodes for approximately 2000 proteins that cover a wide range
of size, pI, concentration levels, hydrophobic/hydrophilic character, etc. CPS (500ug total protein) was
dissolved in 100uL of 0.5 M tri-etrhylammonium bicarbonate (TEAB) and 0.05% sodium dodecyl sulfate
(SDS) solution. Proteins were reduced using tris(2-carboxyethyl)phosphine hydrochloride (TCEP) (4 uL
of 50mM solution added in the protein mixture and sample incubated at 60◦C for 1hour) and alkylated
using methyl methyl methanethiosulfonate (MMTS) (2 uL of 50mM solution added in the protein mixture
and sample incubated at room temperature for 15 minutes). To enzymatically digest the proteins, 20ug
trypsin dissolved 1:1 in ultrapure water was added in the sample and this was incubated overnight (16
hours) in dark at 37◦C. The tryptic peptides were cleaned with C-18 tips (part number 87784) from
Thermo Fisher Scientific (Thermo Fisher Scientific, Waltham, MA, USA) following the manufacturer’s
instructions. Peptides were LC-MS analysed using the Ultimate 3000 uPLC system (EASY-Spray col-
umn, part number ES803A, Thermo Fisher Scientific) hyphenated with the Orbitrap Fusion Lumos mass
spectrometry instrument (Thermo Fisher Scientific). Peptides were fragmented using low energy CID
and detected with the linear ion trap detector.

On this complex proteomics standard dataset, we benchmarked the five database search algorithms—
SEQUEST [6], Mascot [7], MaxQuant [8], Byonic [9], and MS-GF+ [10]—in terms of identifying target
PSMs. Specifically, we first generated a reference database by concatenating the Uniprot Pyrococcus
furiosus (Pfu) database [29], the Uniprot Human database [29], and two contaminant databases: the
CRAPome [30] and the contaminant databases from MaxQuant. During the process, we performed
in silico digestion of Pfu proteins and removed human proteins that contained Pfu peptides from the
reference database. We then input the Pfu mass spectra and the resulting database into a database
search algorithm. We consider a target PSM as true if the database search algorithm reports its master
protein as from Pfu or the two contaminants and false if from the human. The in silico digestion was
performed in Python using the pyteomics.parser function from pyteomics with the following settings:
Trypsin digestion, two allowed missed cleavages, minimum peptide length of six [90, 91]

3.2. Phospho-proteomics AML datasets generation

Frozen cell lysates were further diluted with 7.2 M guanidinium hydrochloride (GuHCl) with 100 mM
ammonium bicarbonate, reduced with 10 mM DTT for 30 minutes at 56◦C, and alkylated with 22.5
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mM iodoacetamide for 30 minutes protected from light. After diluting GuHCl to a concentration of 1 M,
proteins were digested overnight with trypsin at 37◦C. Peptides were desalted by C18, dried by vac-
uum centrifugation, labeled with TMT stable isotope labeling reagents (ThermoFisher Scientific, Madi-
son, WI), combined, and dried by vacuum centrifugation. Combined labeled peptides were desalted to
remove labeling by-products, and phosphopeptides were enriched by immobilized metal affinity chro-
matography as described (PMID: 27365422). Enriched phosphopeptides were analyzed by RP-SAX-RP
at a depth of 13 fractions as described (PMID: 27365422).

4. Public data used in this study

• The raw MS data files of the TNBC dataset are available at the PRoteomics IDEntifications
Database (PRIDE) with the dataset identifier PXD002735 [92].

• The raw MS data files of the nonphospho AML dataset are available at the (PRIDE) with the
dataset identifier PXD008307 [92].

5. Implementation of database search algorithms

5.1. On the proteomics standard

Byonic, SEQUEST, and Mascot Byonic, SEQEUST, and Mascot were each run in Proteome Discov-
erer 2.3.0.523 (ThermoScientific). The following settings were used for all 5 database search algorithms:
10 ppm precursor tolerance; 0.6 Da fragment tolerance; static modifications: methylthio (C); dynamic
modifications: deamination (NQ), oxidation (M). Percolator was used in conjunction with both SEQUEST
and Mascot, and the target decoy mode was set to separate. To acquire the total list of identified PSMs,
peptides, and proteins, internal FDRs for all database search algorithms were set to 100%.

MaxQuant MaxQuant was implemented with the following settings: 10 ppm match tolerance; 0.6 Da
fragment tolerance; static modifications: methylthio (C); dynamic modifications: deamination (NQ), ox-
idation (M); second peptide search: True. To acquire the total list of identified PSMs, peptides, and
proteins, the internal FDR was set to 100%. MaxQuant outputs a posterior error probability (PEP) for
each target PSM and decoy PSM.

MS-GF+ MS-GF+ was implemented with the following settings: 10 ppm match tolerance; static mod-
ifications: methylthio (C); dynamic modifications: deamination (NQ), oxidation (M). To acquire the total
lists of identified PSMs, peptides, and proteins, the internal FDR was set to 100%.

5.2. On the phospho AML datasets

Byonic, SEQUEST, and Mascot The phospho AML spectra were searched with the following settings:
10 ppm precursor tolerance; 0.02 Da fragment tolerance; static modifications: TMT6plex (N-term, K),
Carbamindomethyl (C); dynamic modifications: Oxidation (M), Phopho (STY).

MaxQuant MaxQuant was implemented with the following settings.

• Group-specific parameters:

– type: reporter ion MS2, isobaric labels 6plex TMT, filter by PIF (minimal reported PIF 0.75);
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– modifications: variable modifications including oxidation (M) and phosphorylation (Y), fixed
modification carbamidomethyl (C), maximal number of modifications per peptide 5;

– instrument: orbitrap with default parameters except that the first search peptide tolerance is
set to 10 ppm;

– digestion: enzyme Trypsin/P, missed cleavage 2.

• Global parameters:

– sequences: contaminants FALSE, minimal peptide length 6, maximal peptide mass (Da)
10000 Da, and the rest parameters are default;

– advanced identification: use second peptides (default);

– MS/MS-ITMS: all default parameters except that ITMS MS/MS match tolerance 0.6 Da;

– identification: PSM FDR and protein FDR 1, with rest parameters set to default;

– protein quantification: set “Use only unmodified peptides and...” and “Advanced ratio estima-
tion” to false;

– MS/MS FTMS: FTMS MS/MS match tolarance 10 ppm and the rest parameters are set to
default.

MaxQuant outputs a posterior error probability (PEP) for each target PSM and decoy PSM.

MS-GF+ MS-GF+ was implemented with the following settings: 10 ppm precursor tolerance; search
decoy database: 1 (true); instrument ID: 1 (Orbitrap/FTICR/Lumos); Enzyme ID: 1 (Trypsin); protocol
ID: 4(TMT); output additional features: 1 (true); maximum missed cleavages: 2; maximum number of
variable modifications per peptide: 4; variable modifications including oxidation (M) and phosphorylation
(Y); fixed modification carbamidomethyl (C), TMT6plex (K and N-term). To acquire the total lists of
identified PSMs, peptides, and proteins, the internal FDR was set to 100%.

5.3. On the TNBC dataset

Byonic, SEQUEST, and Mascot The Genistein spectra were searched with the following settings:
20 ppm precursor tolerance; 0.02 Da fragment tolerance; static modifications: TMT6plex (N-term, K),
Carbamindomethyl (C); dynamic modifications: Oxidation (M), Phopho (STY).

MaxQuant MaxQuant was implemented with the following settings.

• Group-specific parameters:

– type: reporter ion MS2, isobaric labels 6plex TMT, filter by PIF (minimal reported PIF 0.75);

– modifications: variable modifications including oxidation (M) and phosphorylation (Y), fixed
modification carbamidomethyl (C), maximal number of modifications per peptide 5;

– instrument: orbitrap with default parameters except that the first search peptide tolerance is
set to 20 ppm;

– digestion: enzyme Trypsin/P, missed cleavage 2.

• Global parameters:

– sequences: contaminants FALSE, minimal peptide length 6, maximal peptide mass (Da)
10000 Da, and the rest parameters are default;
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– advanced identification: use second peptides (default);

– MS/MS-ITMS: all default parameters except that ITMS MS/MS match tolerance 0.6 Da;

– identification: PSM FDR and protein FDR 1, with rest parameters set to default;

– protein quantification: set “Use only unmodified peptides and...” and “Advanced ratio estima-
tion” to false;

– MS/MS FTMS: FTMS MS/MS match tolarance 20 ppm and the rest parameters are set to
default.

MaxQuant outputs a posterior error probability (PEP) for each target PSM and decoy PSM.

MS-GF+ MS-GF+ was implemented with the following settings: 20 ppm precursor tolerance; search
decoy database: 1 (true); instrument ID: 1 (Orbitrap/FTICR/Lumos); Enzyme ID: 1 (Trypsin); protocol
ID: 4(TMT); output additional features: 1 (true); maximum missed cleavages: 2; maximum number of
variable modifications per peptide: 4; variable modifications including oxidation (M) and phosphorylation
(Y); fixed modification carbamidomethyl (C), TMT6plex (K and N-term). To acquire the total lists of
identified PSMs, peptides, and proteins, the internal FDR was set to 100%.

5.4. On the non-phospho AML dataset

Byonic, SEQUEST, and Mascot The nonphospho AML spectra were searched with the following
settings: 10 ppm precursor tolerance; 0.6 Da fragment tolerance; digestion enzyme: Lys-c; static modi-
fications: TMT6plex (N-term, K), carbamindomethyl (C); dynamic modifications: oxidation (M).

MaxQuant MaxQuant was implemented with the following settings.

• Group-specific parameters:

– type: reporter ion MS2, isobaric labels 6plex TMT, filter by PIF (minimal reported PIF 0.75);

– modifications: variable modifications oxidation (M), fixed modification carbamidomethyl (C),
maximal number of modifications per peptide 5;

– instrument: orbitrap with default parameters except that the first search peptide tolerance is
set to 10 ppm;

– digestion: enzyme Lysc/P, missed cleavage 2.

• Global parameters:

– sequences: contaminants FALSE, minimal peptide length 6, maximal peptide mass (Da)
10000 Da, and the rest parameters are default;

– advanced identification: use second peptides (default);

– MS/MS-ITMS: all default parameters except that ITMS MS/MS match tolerance 0.6 Da;

– identification: PSM FDR and protein FDR 1, with rest parameters set to default;

– protein quantification: set “Use only unmodified peptides and...” and “Advanced ratio estima-
tion” to false;

– MS/MS FTMS: FTMS MS/MS match tolarance 20 ppm and the rest parameters are set to
default.

MaxQuant outputs a posterior error probability (PEP) for each target PSM and decoy PSM.
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MS-GF+ MS-GF+ was implemented with the following settings: 10 ppm precursor tolerance; search
decoy database: 1 (true); instrument ID: 1 (Orbitrap/FTICR/Lumos); Enzyme ID: 3 (Lys-C); protocal
ID: 4(TMT); output additional features: 1 (true); maximum missed cleavages: 2; maximum number
of variable modifications per peptide: 4; variable modifications oxidation (M); fixed modification car-
bamidomethyl (C), TMT6plex (K and N-term). To acquire the total lists of identified PSMs, peptides, and
proteins, the internal FDR was set to 100%.

6. Existing aggregation methods

6.1. Description of methods

Scaffold Scaffold (Proteome Software, Portland, Oregan, USA) adopts a Bayesian approach to ag-
gregate probabilities of the individual database search algorithm results into a single probability for each
PSM. One of its key step is to generate for each database search algorithm a peptide probability model
that estimates the probability of an individual spectrum being correctly assigned to a peptide based on
that database search algorithm’s score. To realize this, Scaffold designs a different statistical model for
the internal scores from each database search algorithm [25], making it difficult to generalize its ap-
proach to other database search algorithms. Scaffold supports Byonic (Protein Metrics), Mascot (Matrix
Science), Mascot Distiller (Matrix Science), MaxQuant/Andromeda (Max Planck Institute), Peaks (Bioin-
formatics Solutions), and Proteome Discoverer (Thermo Fisher Scientific) database search algorithms
including Byonic, SEQUEST, and Mascot.

MSblender MSblender is an open-source software that uses a probability mixture model to model the
scores of correct and incorrect PSMs. In particular, the correct PSM scores across database search
algorithms are assumed to follow a two-component (by default) multivariate Gaussian [21]. Search
algorithms that are compatible with MSblender include SEQUEST (Thermo Fisher Scientific), X!Tandem
[93], OMSSA [94], InsPecT [95], MyriMatch [96], MSGFDB [97].

ConsensusID ConsensusID is part of the OpenMS Proteomics Pipeline [98]. It adopts a probabilistic
approach to aggregate the top-scoring PSM results from several database search algorithms. A key
feature of this tool is its sequence similarity scoring mechanism, which is a method to estimate the
scores for PSMs in cases when the peptide is missing from the high-ranking results of a database
search algorithm. It involves fitting the scores from each database search algorithm as a two-component
mixture model. The two components are a Gumbel distribution for the incorrect PSMs and a normal
distribution for the correct PSMs [19]. Although the paper Nahnsen et al. [19] claims that ConsensusID
supports all database search algorithms, the OpenMS pipeline only supports the following database
search algorithms: Comet [99], CompNovo [100], Crux [101], Mascot (Thermo Fisher Scientific), MS-
GF+ [10], MyriMatch [96], OMSSA [94], PepNovo [102], and X!Tandem [93].

PepArML PepArML is an unsupervised, model-free, machine-learning-based method to aggregate
search results [12]. It is compatible with Mascot [7], Tandem [93] with native, K-score, and s-score [103]
scoring, OMSSA [94], MyriMatch [96], InSpecT [95], and MS-GF [104] spectral probability scores.

iProphet The iProphet software is an open-source software within the Trans Proteomic Pipeline (TPP)
suite [20]. It is used between PeptideProphet [105] and ProteinProphet [106]. It calculates peptide level
probabilities via mixture models [20]. The TPP suite is compatible with COMET [99], X!Tandem [93],
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SEQUEST (Thermo Fisher Scientific), MS-GF+ [10], InSpecT [95], OMSSA [94], MyriMatch [96], ProbID
[107], Mascot (Matrix Science), and Phenyx [108].

6.2. Implementation of Scaffold

We used Scaffold to combine the outputs of Byonic, Mascot, SEQUEST, MaxQuant, and MS-GF+ on
the proteomics standard. For each combination of database search algorithms, the result files were
inputted into Scaffold Q+ (version 4.10.0, Proteome Software Inc., Portland, OR) to generate peptide
and protein identification probabilities. Peptide probabilities were assigned by the Scaffold Local FDR
algorithm, protein groups were generated using standard experiment-wide protein grouping, and protein
probabilities were assigned by the Protein Prophet algorithm [106]. To compare Scaffold with APIR
which aims to control the FDR at the PSM level, we implemented Scaffold in two ways. In the first
implementation, we set both the peptide threshold and the protein threshold to be q FDR, the FDR
threshold of APIR. In the second comparison, we set the peptide threshold to be q FDR and varied the
protein threshold among all default thresholds: 20% (1− PEP), 50%, 80%, 90%, 95%, 99%, 99.9%, 1%

FDR, 2% FDR, 3% FDR, 5% FDR and 10% FDR to maximize the number of identified peptides.

6.3. Implementation of ConsensusID

We used OPENMS (version 2.6.0) to combine the search results of Byonic, Mascot, SEQUEST, MaxQuant,
and MS-GF+ on the proteomics standard dataset using the following procedure.

• We first converted xlsx output from search engines to IDXML files in Python.

• We used TOPPAS GUI: the openms proteomics pipeline assistant with the following nodes: input
file, merge, IDMerger, consensusID, and output file.

• We used the default settings of IDMerger.

• The settings of consensusID: set “per spectrum” to TRUE, with the rest parameters set to the
default.

7. DE peptides analysis of the phospho AML1 dataset

Here we describe how we performed DE analysis on the phospho AML1 dataset. This dataset contains
six bone marrow samples: one LSC enriched sample and one LSC depleted sample from patient P5337,
two LSC enriched samples and one LSC depleted sample from patient P5340, and one control.

Using all six samples from the phospho AML1 dataset, we first applied APIR to combine the search
results by MaxQuant and MS-GF+. Then we applied APIR to adjust the search results of MaxQuant
and MS-GF+ separately. Next, we selected fours sample: the two samples from P5337 and the LSC
depleted sample from P5340 and one of the two LSC enriched samples from patient P5340, as shown
in Fig. 5a. We treated the LSC enriched samples and the LSC depleted samples as from two conditions
and applied DESeq2 with FDR threshold 5% for DE analysis [85]. We use the R package DESeq2 version
1.28.1.

Software and code

The APIR R package is available at https://github.com/yiling0210/APIR. The code and processed
data for reproducing the figures are available at XXX.
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Data deposition

We plan to submit the in-house generated raw data of proteomics standard and phospho-proteomics
AML datasets to ProteomeXchange http://www.proteomexchange.org/.
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Figure 1: (a) The workflow of a typical shotgun proteomics experiment. The protein mixture is first enzymatically
digested into peptides, i.e., short amino acid chains up to approximately 40-residue long; the resulting peptide
mixture is then separated and measured by tandem MS into tens of thousands of mass spectra. Each mass
spectrum encodes the chemical composition of a peptide; thus, the spectrum can be used to identify the peptide’s
amino acid sequence and post-translational modifications, as well as to quantify the peptide’s abundance with
additional weight information. (b) Venn diagrams showing the overlap of true PSMs identified by the five database
search algorithms from the proteomics standard dataset under the FDR threshold q = 1% (left) or q = 5% (right).
Byonic, MaxQuant and MS-GF+ identify many unique true PSMs. (c) The FDP and power of each database search
algorithm on the proteomics standard dataset at the FDR threshold q ∈ {1%, 2%, · · · , 10%}. MaxQuant fails to
control the FDR, while the other four successfully control the FDR. APIR-adjust alleviates the FDR control issue of
MaxQuat; for the other four database search algorithms, APIR-adjust controls the FDR and achieves similar power.
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Figure 2: Simulation studies showing that neither intersection nor union of discovery sets (with controlled FDR) is
guaranteed to maintain the FDR control. FDR control comparison of APIR, intersection, and union for aggregating
three toy database search algorithms. Two scenarios are considered: the shared-true-PSMs scenario (top) and the
shared-false-PSMs scenario (bottom). In the shared-true-PSMs scenario, the three database search algorithms
tend to identify overlapping true PSMs but non-overlapping false PSMs. In the shared-false-PSMs scenario, the
three database search algorithms tend to identify overlapping false PSMs but non-overlapping true PSMs. (a)
Venn diagrams of true PSMs and false PSMs (identified at the FDR threshold q = 5%) on one simulation dataset
under each simulation scenario (top: shared-true-PSMs; bottom: shared-false-PSMs). (b) The FDRs of the three
database search algorithms and three aggregation methods: union, intersection, and APIR. While union fails to
control the FDR in the shared-true-PSMs scenario and intersection fails in the shared-false-PSMs scenario, APIR
controls the FDR in both scenarios. Note that the FDR of each database search algorithm or each aggregation
method is computed as the average of FDPs on 200 simulated datasets under each scenario.
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Figure 3: On the proteomics standard dataset, comparison of APIR, Scaffold, and ConsensusID at the FDR
threshold q = 5% in terms of FDR control and power. We set both the peptide threshold and the protein threshold
of Scaffold to be 5% FDR. (a) FDPs (first column), the percentage increases in true PSMs (second column), the
percentage increases in true peptides (third column), and the percentage increases in true proteins (fourth column)
after aggregating two or three database search algorithms out of the five (Byonic, Mascot, SEQUEST, MaxQuant,
and MS-GF+). The percentage increase in true PSMs/peptides/proteins is computed by treating as the baseline
the maximal number of correctly identified PSMs/peptides/proteins by an individual database search algorithms in
Round 1 of APIR. (b) The indices of database search algorithm in (a) and the implementation of APIR in Round
1. Based on the benchmarking results in Fig. 1c, in Round 1 of APIR, we applied q-value thresholding (q-thre) to
Byonic, Mascot, SEQUEST, and MS-GF+, and we applied APIR-adjust to MaxQuant. In later rounds of APIR, we
used APIR-adjust for FDR control.
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Figure 4: Power improvement of APIR over individual database search algorithms at the FDR threshold q = 5%.
The percentage increases in PSMs (first column), the percentage increases in peptides (second column), the per-
centage increases in peptides with modifications (third column), and the percentage increases in true proteins
(fourth column) of APIR after aggregating two or three database search algorithms out of the five (Byonic, Mas-
cot, SEQUEST, MaxQuant, and MS-GF+) at the FDR threshold q = 5% on (a)–(b) the phospho-proteomics AML
datasets, (c) the nonphospho-proteomics AML dataset, and (d) the TNBC dataset. The percentage increase in
PSMs/peptides/peptides with modifications/proteins is computed by treating as the baseline the maximal number
of PSMs/peptides/peptides and modifications/proteins by an individual database search algorithm in the first round
of APIR, where APIR-adjust was used for FDR control.
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Figure 5: Comparison of APIR with MaxQuant and MS-GF+ by DE analysis on the phospho AML1 dataset.
(a) Sample description of the phospho AML1 dataset. This dataset contains six bone marrow samples from two
patients: P5337 and P5340. From P5337, one LSC enriched sample and one LSC depleted sample were taken.
From P5340, two LSC enriched samples and one LSC depleted sample were taken. In our DE analysis, we
compared samples 1 and 3 against samples 2 and 4. (b) Venn diagrams of DE proteins (proteins corresponding
to DE peptides) based on the identified peptides by APIR aggregating MaxQuant and MS-GF+, APIR-adjusted
MaxQuant, and APIR-adjusted MS-GF+. MaxQuant and MS-GF+ were chosen because their aggregation yielded
the largest percentage increases in identified PSMs/peptides/peptides with modifications/proteins in Fig. 4. Six
leukemia-related proteins were found as DE proteins based on APIR: PLZF, B-raf, STAT5B, PML, CDKN1B, and
RB1, all of which belong to the AML KEGG pathway or the chronic myeloid leukemia KEGG pathway. In particular,
PLZF and CDKN1B were uniquely identified as DE proteins based on APIR.
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Figure 6: Illustration of APIR for aggregating three database search algorithms. We use S1∼P1 to denote a PSM
of mass spectrum S1 matched to peptide sequence P1. In the output of a database search algorithm, a PSM with
a higher score is marked by a darker color. White boxes indicate PSMs missing from the output. APIR adopts a
sequential approach to aggregate the three database search algorithms. In Round 1, APIR applies APIR-adjust
or q-value/PEP thresholding to identify a set of target PSMs from the output of each database search algorithm.
APIR then selects the algorithm whose identified PSMs contain the largest number of unique peptides, and the
identified PSMs are considered identified by APIR. In this example, APIR identified the same number of PSMs
from algorithms 1 and 3 but more unique peptides from algorithm 3; hence, APIR selects algorithm 3. In Round
2, APIR excludes all PSMs, either identified or unidentified by the selected database search algorithm in Round
1 (algorithm 3 in this example), from the output of the remaining database search algorithms. Then APIR applies
APIR-adjust to find the algorithm whose identified PSMs contain the largest number of unique peptides (algorithm 1
in this example). APIR repeats Round 2 in the subsequent rounds until all database search algorithms are selected
and outputs the union of the PSMs identified in each round.
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Dataset Protein Biological relevance References

TIF1α High levels of TIF1α are associated with oncogenesis and disease
progression in a variety of cancer lineages such as AML.

[35–41]

PIB5PA PIB5PA has a tumor-suppressive role in human melanoma; its high
expression has been correlated with limited tumor progression and
better prognosis in breast cancer patients.

[42, 43]

SMAD3 SMAD3 plays key roles in the development and progression of vari-
ous types of tumor.

[44–49]

HOXB5 HOXB5 is among the most affected transcription factors by the ge-
netic mutations that initiate AML.

[50–52]

SUMO-2 SUMO-2 plays a key role in regulating CBX2, which is overexpressed
in several human tumors (e.g., leukemia) and whose expression is
correlated with lower overall survival.

[53]

Phospho-
AML

JUND JUND plays a central role in the oncogenic process leading to adult
T-cell leukemia.

[54]

1 & 2 GPC2 GPC2 has been identified as an oncoprotein and a candidate im-
munotherapeutic target in high-risk neuroblastoma.

[55]

DNAJC21 DNAJC21 mutations have been linked to cancer-prone bone marrow
failure syndrome.

[56]

ZFP36L2 ZFP36L2 induces AML cell apoptosis and inhibit cell proliferation; its
mutation is associated with the pathogenesis of acute leukemia

[57, 58]

CHCHD4 CHCHD4 plays key roles in regulating tumor proliferation. [60]
MPO MPO is expressed in hematopoietic progenitor cells in prenatal bone

marrow, which are considered initial targets for the development of
leukemia.

[61–63]

BRCA2 BRCA2 is an inherited genetic mutation inactivating the BRCA2 gene
can be found in people with TNBC.

[64–69]

TNBC FANCE Inactivation of the FANC–BRCA pathway has been identified in ovar-
ian cancer cell lines and sporadic primary tumor tissues.

[70, 71]

ROBO4 ROBO4 regulates tumor growth and metastasis in multiple types of
cancer, including breast cancer.

[72–75]

Table 1: A summary of biologically relevant proteins missed by individual database search algorithms but recov-
ered by APIR from the phospho AML1 and AML2 and TNBC datasets.
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Protein Phosphorylation
site

Biological relevance Reference

PLZF Threonine 282 Phosphorylation at Threonine 282 activates cyclin-A2, a core
cell cycle regulator of which the deregulation seems to be
closely related to chromosomal instability and tumor prolifer-
ation.

[79–82]

CDKN1B Serine 140 Phosphorylation of CDKN1B at Serine 140 is important for sta-
bilization and enforcement of the CDKN1B-mediated G1 check-
point in response to DNA damage; inability to phosphorylate
CDKN1B at Serine 140 is associated with enhanced cellular
proliferation and colony .

[83, 84]

Table 2: A summary of biologically relevant phosphorylation sites in the DE peptides identified by DESeq2 from
the aggregated peptides by APIR from the outputs of MaxQuant and MS-GF+ on the phospho AML1 dataset.
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Figure S1: Venn diagrams of true PSMs identified by the three database search algorithms from Proteome Discov-
erer™ Software—Byonic, Mascot, and SEQUEST—under the FDR threshold q = 1% (left) or q = 5% (right) on the
proteomics standard dataset. The true PSMs identified by Byonic nearly cover the true PSMs identified by Mascot
or SEQUEST.
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Figure S2: Verifying the FDR control of APIR-adjust and q-value thresholding on the incomplete output of the
five popular database search algorithms—Byonic, Mascot, SEQUEST, MaxQuant, and MS-GF+—on the complex
proteomics standard dataset in terms of FDR control and power. At the FDR threshold q ∈ {1%, 2%, · · · , 10%},
FDPs and power of each of the five database search algorithms when the 1416 target PSMs identified by all
five database search algorithms at the FDR threshold q = 5% are removed from the output of database search
algorithms.
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Figure S3: Venn diagrams of true PSMs by APIR and individual database search algorithms from two example
combinations in Fig. 3a. Venn diagrams comparing APIR with (a) MS-GF+ and APIR-adjusted MaxQuant; with
(b) SEQUEST, MS-GF+, and APIR-adjusted MaxQuant demonstrate that APIR identifies almost all true PSMs by
individual database search algorithms at the same FDR threshold q = 5%.

.CC-BY-NC 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 10, 2021. ; https://doi.org/10.1101/2021.09.08.459494doi: bioRxiv preprint 

https://doi.org/10.1101/2021.09.08.459494
http://creativecommons.org/licenses/by-nc/4.0/


0.94

1.08

1.04

4.10

0.71

0.92

0.71

0.92

0.87

0.92

0.84

0.99

0.84

0.99

0.97

0.99

0.86

0.58

0.86

0.86

1.09

0.91

0.57

1.39

0.98

0.54

0.80

0.52

1.11

1.24

1.25

0.66

1.15

0.64

0.98

0.60

0.5

0.99

0.48

0.46

0.53

0.35

0.17

0.27

0.38

0.58

0.60

0.16

0.44

0.16

0.45

0.60

0.64

0.15

0.39

0.05

0.61

0.58

1.18

0.12

4,5

3,5

2,5

1,5

3,4

2,4

1,4

2,3

1,3

1,2

3,4,5

2,4,5

1,4,5

2,3,5

1,3,5

1,2,5

2,3,4

1,3,4

1,2,4

1,2,3

0 1 2 3 4
FDP

9.08

9.04

3.61

9.93

5.04

1.72

5.04

1.72

4.73

1.72

6.04

2.42

6.04

2.42

6.00

2.42

0

0

0

0

55.7

54.8

−19

25.5

69.9

−9.1

41.0

−5.3

−21

−23

58.2

−6.0

41.9

−3.7

−38

−28

−6.8

51.8

−13

−14

−57

−59

−62

−58

−58

−31

−41

−60

−38

−61

−31

−17

−16

−33

−31

−39

−32

−29

19.7

−45

−60 −30 0 30 60
% increase in true PSMs

3.34

3.39

0.73

6.10

2.50

0.50

2.50

0.50

2.28

0.50

2.38

0.43

2.38

0.43

2.14

0.43

0

0

0

0

34.2

35.1

−24

6.65

51.5

−14

27.9

−10

−18

−23

39.3

−13

26.5

−10

−34

−28

−10

38.7

−17

−17

−53

−53

−57

−52

−54

−35

−41

−55

−33

−56

−30

−22

−18

−28

−28

−35

−33

−28

−3.4

−40

−50 −25 0 25 50
% increase in true peptides

3.25

−0.1

1.10

−4.9

3.41

0.83

3.41

0.83

0.68

1.10

2.43

0.27

2.43

0.27

1.92

0.27

0

0.97

0

0

−26

−26

−13

−9.6

−27

−31

−33

−31

−14

−1.8

−27

−30

−29

−30

−26

−10

−30

−32

−32

−33

−22

−21

−25

−20

−22

−12

−15

−23

−13

−25

−19

−13

−12

−20

−18

−23

−22

−19

−11

−29

−30 −20 −10 0
% increase in true proteins

0.00
0.25
0.50
0.75
1.00

APIR
Scaffold

ConsensusID APIR
Scaffold

ConsensusID APIR
Scaffold

ConsensusID

ConsensusID
Scaffold
APIR

b

a

increased

decreased

q-thre

1 2 3 4 5
Mascot SEQUESTByonic MaxQuant MS-GF+

Index
Database

 search algorithm
Round 1 q-thre q-thre q-threAPIR-adjust

c

FDR threshold 1%

ag
gr

eg
at

io
n 

of
 tw

o 
or

 th
re

e 
da

ta
ba

se
 s

ea
rc

h 
al

go
rit

hm
s 

Figure S4: On the proteomics standard dataset, comparison of APIR, Scaffold, and ConsensusID at the FDR
threshold q = 1% in terms of FDR control and power. We set both the peptide threshold and the protein threshold
of Scaffold to be 1% FDR. (a) FDPs (first column), the percentage increases in true PSMs (second column), the
percentage increases in true peptides (third column), and the percentage increases in true proteins (fourth column)
after aggregating two or three database search algorithms out of the five (Byonic, Mascot, SEQUEST, MaxQuant,
and MS-GF+). The percentage increase in true PSMs/peptides/proteins is computed by treating as the baseline
the maximal number of correctly identified PSMs/peptides/proteins by an individual database search algorithms in
Round 1 of APIR. (b) Proportion of combinations that show a non-negative percentage increase (green bars) in true
PSMs (first column), true peptides (second column), and true proteins (third column). (c) The indices of database
search algorithm in (a) and the implementation of APIR in Round 1. Based on the benchmarking results in Fig. 1c,
in Round 1 of APIR, we applied q-value thresholding (q-thre) to Byonic, Mascot, SEQUEST, and MS-GF+, and we
applied APIR-adjust to MaxQuant. In later rounds of APIR, we used APIR-adjust for FDR control.
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Figure S5: On the proteomics standard dataset, comparison of APIR, Scaffold variant, and ConsensusID at the
FDR threshold q = 5% in terms of FDR control and power. We set Scaffold’s peptide threshold to be 5% FDR
and varied its protein threshold to find the maximal number of identified peptides. (a) FDPs (first column), the
percentage increases in true PSMs (second column), the percentage increases in true peptides (third column),
and the percentage increases in true proteins (fourth column) after aggregating two or three database search
algorithms out of the five (Byonic, Mascot, SEQUEST, MaxQuant, and MS-GF+). The percentage increase in
true PSMs/peptides/proteins is computed by treating as the baseline the maximal number of correctly identified
PSMs/peptides/proteins by an individual database search algorithms in Round 1 of APIR. (b) Proportion of com-
binations that show a non-negative percentage increase (green bars) in true PSMs (first column), true peptides
(second column), and true proteins (third column). (c) The indices of database search algorithm in (a) and the
implementation of APIR in Round 1. Based on the benchmarking results in Fig. 1c, in Round 1 of APIR, we ap-
plied q-value thresholding (q-thre) to Byonic, Mascot, SEQUEST, and MS-GF+, and we applied APIR-adjust to
MaxQuant. In later rounds of APIR, we used APIR-adjust for FDR control.
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Figure S6: On the proteomics standard dataset, comparison of APIR, Scaffold variant, and ConsensusID at the
FDR threshold q = 1% in terms of FDR control and power. We set Scaffold’s peptide threshold to be 1% FDR
and varied its protein threshold to find the maximal number of identified peptides. (a) FDPs (first column), the
percentage increases in true PSMs (second column), the percentage increases in true peptides (third column),
and the percentage increases in true proteins (fourth column) after aggregating two or three database search
algorithms out of the five (Byonic, Mascot, SEQUEST, MaxQuant, and MS-GF+). The percentage increase in
true PSMs/peptides/proteins is computed by treating as the baseline the maximal number of correctly identified
PSMs/peptides/proteins by an individual database search algorithms in Round 1 of APIR. (b) Proportion of com-
binations that show a non-negative percentage increase (green bars) in true PSMs (first column), true peptides
(second column), and true proteins (third column). (c) The indices of database search algorithm in (a) and the
implementation of APIR in Round 1. Based on the benchmarking results in Fig. 1c, in Round 1 of APIR, we ap-
plied q-value thresholding (q-thre) to Byonic, Mascot, SEQUEST, and MS-GF+, and we applied APIR-adjust to
MaxQuant. In later rounds of APIR, we used APIR-adjust for FDR control.

.CC-BY-NC 4.0 International licenseperpetuity. It is made available under a
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in 

The copyright holder for thisthis version posted September 10, 2021. ; https://doi.org/10.1101/2021.09.08.459494doi: bioRxiv preprint 

https://doi.org/10.1101/2021.09.08.459494
http://creativecommons.org/licenses/by-nc/4.0/


2.64
2.66
3.16
2.44
4.53

2.40

4.19

2.39
2.65

1.11
3.14

0.99

2.78

1.02
1.42

2.34

0.18
2.31
1.87

1.45
1.49
2.01
1.28
3.19

1.27

3.85

1.29
1.51

0.85
2.54

0.76

3.10

0.69
1.19

2.12

0.21
2.10
2.61

15.5
20.5
13.3
7.80
17.7

15.9

14.6

20.8
12.8

7.91
15.8

6.31

12.9

9.79
5.96

8.01

6.41
14.8
10.3

1.57
1.46
2.70
0.70
1.35

1.13

1.37

1.09
1.83

0.78
1.00

0.96

1.05

0.59
1.56

0.35

0
0.39
0.45

4,5
3,5
2,5
1,5
3,4
2,4
1,4
2,3
1,3
1,2

3,4,5
2,4,5
1,4,5
2,3,5
1,3,5
1,2,5
2,3,4
1,3,4
1,2,4
1,2,3

0 2 4 43 0 1 2 3 4 16 0 10 20 33 0 1 2 3 12
43.8 16.9 34.0 12.1

3.04
3.23
3.75
2.72
4.29

2.70

2.46

2.85
3.23

1.21
3.21

1.14

1.49

1.17
1.36

2.25

0.16
2.25
0.46

2.63
2.77
3.26
2.38
3.43

2.35

3.88

2.44
2.85

0.92
2.22

0.89

2.44

0.70
0.97

1.70

0.24
1.70
1.87

17.1
25.8
15.9
8.95
18.9

17.7

17.5

25.0
15.8

7.62
16.2

6.42

14.5

11.2
5.91

6.60

6.02
15.0
11.6

3.59
3.48
4.55
2.43
2.84

2.90

2.87

2.87
3.92

0.92
1.45

1.27

1.22

1.10
1.33

0.34

0.05
0.58
0.36

4,5
3,5
2,5
1,5
3,4
2,4
1,4
2,3
1,3
1,2

3,4,5
2,4,5
1,4,5
2,3,5
1,3,5
1,2,5
2,3,4
1,3,4
1,2,4
1,2,3

0 2 4 37 0 1 2 3 4 24 0 10 20 30 0 2 4 20
37.3 25.0 44.0

40
20.9

8.10
16.1
4.63

13.9

7.59
4.39

7.40

4.58

15.2
4.35

1.82
0.63

1.51

1.04

1.84
0.41

0.70

0.39
0.26
0.70

5.11
9.95
2.40

11.1

4.53
2.20

4.50

2.24

9.28
2.18

1.74
0.39

1.69

0.45

2.22
0.31

0.19

0.15
0.12
0.19

10.2
13.6
6.13

14.2

6.26
4.73

8.97

4.53

12.6
5.00

3.93
3.47

5.13

3.33

5.36
3.69

−0.1

1.97
2.41
2.27

3.56
5.92
5.01

8.15

2.93
4.86

4.08

4.18

6.59
5.57

−0.1
1.63

0.15

1.73

1.04
1.48

0.75

−1.0
0.47
0.45

4,5
3,5
2,5
1,5
3,4
2,4
1,4
2,3
1,3
1,2

3,4,5
2,4,5
1,4,5
2,3,5
1,3,5
1,2,5
2,3,4
1,3,4
1,2,4
1,2,3

0 4 8 12 16 0 3 6 9 0 5 10 0 2 4 6 8

1.89
4.53
1.14

1.27

1.55
0.97

1.44

1.00

3.96
0.85

1.00
0.57

0.75

0.59

2.74
0.41

0.41

0.45
0.36
0.27

1.06
4.25
0.58

1.00

0.75
0.37

0.71

0.38

3.80
0.34

0.69
0.39

0.61

0.41

3.18
0.33

0.16

0.27
0.15
0.11

1.10
4.22
0.61

1.07

0.79
0.38

0.75

0.42

3.76
0.36

0.77
0.44

0.68

0.46

3.21
0.39

0.18

0.33
0.18
0.16

0.85
0.99
2.24

−0.5

0.85
2.53

1.69

2.28

1.84
2.99

−0.8
1.02

−0.5

0.94

0.62
0.79

0.48

−0.5
0.44
0.36

4,5
3,5
2,5
1,5
3,4
2,4
1,4
2,3
1,3
1,2

3,4,5
2,4,5
1,4,5
2,3,5
1,3,5
1,2,5
2,3,4
1,3,4
1,2,4
1,2,3

0 1 2 3 4 0 1 2 3 4 0 1 2 3 4 0 1 2

% increase in
PSMs

% increase in
peptides

% increase in
peptide w/ mod

% increase in
proteins

a Phospho AML1

b Phospho AML2

c TNBC

d Nonphospho AML

ag
gr

eg
at

io
n 

of
 tw

o 
or

 th
re

e 
da

ta
ba

se
 s

ea
rc

h 
al

go
rit

hm
s 

ag
gr

eg
at

io
n 

of
 tw

o 
or

 th
re

e 
da

ta
ba

se
 s

ea
rc

h 
al

go
rit

hm
s 

ag
gr

eg
at

io
n 

of
 tw

o 
or

 th
re

e 
da

ta
ba

se
 s

ea
rc

h 
al

go
rit

hm
s 

ag
gr

eg
at

io
n 

of
 tw

o 
or

 th
re

e 
da

ta
ba

se
 s

ea
rc

h 
al

go
rit

hm
s 

Figure S7: Power improvement of APIR over individual database search algorithms at the FDR threshold q = 1%.
The percentage increases in PSMs (first column), the percentage increases in peptides (second column), the per-
centage increases in peptides with modifications (third column), and the percentage increases in true proteins
(fourth column) of APIR after aggregating two or three database search algorithms out of the five (Byonic, Mas-
cot, SEQUEST, MaxQuant, and MS-GF+) at the FDR threshold q = 5% on (a)–(b) the phospho-proteomics AML
datasets, (c) the nonphospho-proteomics AML dataset, and (d) the TNBC dataset. The percentage increase in
PSMs/peptides/peptides with modifications/proteins is computed by treating as the baseline the maximal number
of PSMs/peptides/peptides and modifications/proteins by an individual database search algorithm in the first round
of APIR, where APIR-adjust was used for FDR control.
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Figure S8: Two implementations of the target-decoy search strategy: concatenated (a) and parallel (b). In the con-
catenated search, a concatenated protein database is created by pooling original protein sequences, called “target”
sequences, with the decoy sequences; then a database search algorithm uses the concatenated protein database
to find PSMs; consequently, each mass spectra is mapped to either a target sequence or a decoy sequence with
only one matching score. In the parallel search, a database search algorithm conducts two parallel searches: a
target search where each mass spectrum is matched to target sequences and a decoy search where the mass
spectrum is matched to decoy sequences; consequently, each mass spectrum receives two matching scores from
the two searches. In both implementations, a PSM is called a target PSM or simply a PSM if it contains a target
sequence; otherwise, it is called a decoy PSM.
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