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Abstract 

Mapping protein interaction complexes in their natural state in vivo is arguably the Holy Grail of protein network analysis. Detection 
of protein interaction stoichiometry has been an important technical challenge, as few studies have focused on this. This may, how-
ever, be solved by artificial intelligence (AI) and proteomics. Here, we describe the development of HaloTag-based affinity purification 
mass spectrometry (HaloMS), a high-throughput HaloMS assay for protein interaction discovery. The approach enables the rapid cap-
ture of newly expressed proteins, eliminating tedious conventional one-by-one assays. As a proof-of-principle, we used HaloMS to 
evaluate the protein complex interactions of 17 regulatory proteins in human adipocytes. The adipocyte interactome network was 
validated using an in vitro pull-down assay and AI-based prediction tools. Applying HaloMS to probe adipocyte differentiation facili-
tated the identification of previously unknown transcription factor (TF)–protein complexes, revealing proteome-wide human adipo-
cyte TF networks and shedding light on how different pathways are integrated.
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Introduction
Lifestyle-related diseases, such as diabetes, are estimated to af-
fect hundreds of millions of people worldwide and are a major 
obstacle to extending healthy life expectancy [1]. Many such 
diseases are caused by metabolic disorders. Numerous studies 
have evaluated the molecular regulators of metabolism. For ex-
ample, studies on transcription factors (TFs) and their interact-
ing partners (i.e. the transcriptional network) have identified 
CCAAT/enhancer-binding protein and peroxisome proliferator- 
activated receptors (CEBPs, PPARs) as critical TFs [2]. To date, 
most systematic transcriptional network studies have focused 
on nucleic acids and metabolites [3, 4], while few have concen-
trated on proteins [5, 6]. Nevertheless, elucidating the protein 
networks directly related to disease is essential to understand-
ing which molecular factors regulate metabolism, including 
those associated with lifestyle-related diseases. Considering the 
existing one-to-one protein–protein interaction detection tech-
nology, at least 400 million experiments would be required to 
determine the protein–protein interactions in an organism with 

approximately 20 000 genes, such as humans [7]. Therefore, the 

development of a nonbiased, high-throughput technology capa-

ble of detecting protein complex interactions is an important 

challenge. Furthermore, with the increasing focus on targeted 

drug discovery, integrating artificial intelligence (AI) in proteo-

mics research has become a major focus [8–14].
While the search for biomarkers related to diseases is pro-

gressing rapidly, a systematic interaction network of proteins in-

volved in lifestyle-related diseases remains elusive. Here, we 

aimed to report HaloTag-based affinity purification MS (HaloMS), 

a high-affinity capture method that combines the fabrication of 

in situ synthesized proteins for affinity purification with mass 

spectrometry (APMS). We applied this improved APMS to map 

protein complex interaction networks in adipocytes, which are 

closely related to lifestyle-related diseases [15], using 17 human 

regulatory proteins as bait. Subsequent in-depth analysis of the 

adipocyte interactome network revealed heretofore unknown 

specific and interacting networks of adipocyte signaling path-

ways regulated by multiple human proteins.
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Materials and methods
Arabidopsis thaliana
Arabidopsis thaliana plants used in this study were in the ecotype 

Col-0 background. Arabidopsis was used because of the availabil-

ity of inexpensive, cost-effective ORF clones and the technical 

ease of protein preparation from plant material. We also used 

Arabidopsis because of the results obtained from protein arrays 

for comparison with the new technology, HaloMS. Plants were 

grown on 0.6% (w/v) gelzan (Sigma-Aldrich, cat. no. G1910) plates 

containing Murashige and Skoog salt (Fujifilm Wako, cat. no. 

392-00591) and 1% sucrose (Fujifilm Wako, cat. no. 196-00015) 

medium at 22�C with a photoperiod of 16 h white light (40– 

50 mmol m−2 s−1) and 8 h darkness.

HEK 293-F cells
Commercially available HEK 293-F cells (Thermo Fisher 

Scientific, cat. no. R79007) were cultured in a 125-ml flask in 

30 ml of FreeStyle 293 Expression Medium, according to the man-

ufacturer’s recommendations. Subsequently, 1 × 1010 cells were 

harvested 48 h after seeding when cultures were in the exponen-

tial growth phase. After discarding the culture medium, cells 

were detached mechanically by scrapping with 10 ml of cold 

phosphate-buffered saline (PBS; Nacalai Tesque, cat. no. 05150- 

45), and the cell solution was washed twice by centrifugations at 

1200g and 4�C for 3 min. The cell pellet was immediately placed 

in liquid nitrogen and stored at −80�C until use.

HeLa cells
HeLa cells (JCRB Cell Bank, cat. no. JCRB9004) were cultured in a 

15-cm dish to 90% confluence in Dulbecco’s Modified Eagle 

Medium (DMEM, high glucose, Nacalai Tesque, cat. no. 08459-64) 

containing 10% (v/v) fetal bovine serum (FBS; GIBCO, cat. no. 

10437-028) and 1% penicillin/streptomycin (Nacalai Tesque, cat. 

no. 26253-84) at 37�C in a 5% CO2 incubator. The cultured cells 

were detached using trypsin-EDTA (Nacalai Tesque, cat. no. 

32777-44) at 37�C for 5 min, and 1 ml of PBS (Nacalai Tesque, cat. 

no. 05150-45) was added. Cells were collected by centrifugation 

at 1200g and 4�C for 3 min; the cell pellet was stored at −80�C 

until use.

Primary human adipose-derived stem cells
Human adipose-derived stem cells (hADSCs) obtained from healthy 

donors were purchased from Lonza Inc. (Lonza Inc. cat. no. 

PT5006). Cells at passage two were expanded thrice in culture (i.e. 

to passage 5) in DMEM/F-12 medium (Wako Pure Chemical 

Industries, Ltd cat. no. 042-30795) supplemented with 10% (v/v) 

FBS, 100 U/ml penicillin, and 100 μg/ml streptomycin (basal me-

dium). When the cells reached 80% (v/v) confluence, adipogenic dif-

ferentiation was induced with insulin (10 μg/ml, Sigma, cat. no. 

I9278), dexamethasone (1 μM, Nacalai Tesque, cat. no. 11107-64), 3- 

isobutyl-1-methylxanthine (50 μM, Nacalai Tesque, cat. no. 19624- 

44), and rosiglitazone (5 μM, Wako, cat. no. 180-02653; differentia-

tion medium). hADSCs were cultured for 21 days in basal medium 

(“pre-adipocytes”) or differentiation medium (“adipocytes”) with 

twice-a-week medium change. All cells were incubated at 37�C in a 

5% CO2 humidified incubator. A total of 1 × 108 cells were harvested 

by scraping, rinsed three times with ice-cold PBS, and centrifuged 

at 1200g at 4�C for 3 min. The cell pellets were stored at −80�C 

until use.

ORF clones
The initial HaloMS testing and comparison with protein array sys-
tem data were performed using five pIX-HALO expression clones 
(AT1G32640, AT1G71930, AT3G62420, AT5G28770, and AT5G65210), 
as described previously [16–18]. To test human cultured cells, hu-
man pENTR-ORFs clones (Dnaform, National Institute of 
Technology and Evaluation) in the Gateway-compatible entry vec-
tor were recombined using Gateway LR clonase II (Thermo Fisher 
Scientific) into the pIX-Halo: ccdb destination vector [17, 19].

Preparation of plant proteins
Protein isolation from mature leaves of A. thaliana wild-type 
Columbia was performed as previously described [20] with slight 
modifications. Briefly, 15-day-old mature leaves were frozen in liq-
uid nitrogen, ground using MB1200 multi-beads shocker (Yasui 
Kikai), and homogenized in an extraction buffer (50 mM Tris–HCl 
pH 7.5, 150 mM NaCl, 10% glycerol, 2 mM EDTA, 5 mM dithiothrei-
tol, 2% (v/v) IGEPAL CA-630, 2 mM sodium molybdate, 2.5 mM NaF, 
1 mM phenylmethylsulfonyl fluoride, 1 mM sodium orthovanadate, 
and 1 Roche cOmplete ULTRA tablet/50 ml solution). After incuba-
tion at 4�C for 30 min with gentle rolling, samples were sonicated 
using a Bioruptor (UCD-250, Cosmo Bio) with high mode for 10 s 
sonication plus 10 s without sonication (interval) as one set. After 
10 sets as above, the crude protein solution was incubated at 4�C 
for an additional 30 min. Phenylmethylsulfonyl fluoride was added 
for a final concentration of 2.44 mM. The samples were centrifuged 
at 15 310g and 4�C for 10 min. The supernatant was transferred to a 
new tube, and the centrifugation step was repeated twice more. 
The protein in the final sample was quantified using the Qubit 
Protein Assay Kit with the Qubit version 2.0 Fluorometer (Thermo 
Fisher Scientific).

Protein extraction from human cells
Proteins from human cell lines were extracted in IP lysis buffer 
(Thermo Fisher Scientific, Pierce IP Lysis Buffer, cat. no. 87788) 
containing protease inhibitors (cOmplete ULTRA tablet, Sigma- 
Aldrich, cat. no. 5892791001) and phosphatase inhibitors 
(PhosSTOP tablet, Sigma-Aldrich, cat. no. 4906837001). The buffer 
was added to cell pellets obtained from 1 × 1010 cells, and the 
samples were agitated at 4�C for 30 min. The cell lysate was then 
centrifuged at 18 000g at 4�C for 30 min, and the supernatant was 
collected. Protein concentration in the extract was determined 
using a BCA protein assay kit (Thermo Fisher Scientific, cat. no. 
23225) and adjusted to 2 μg/μl using the IP lysis buffer.

First-generation HaloTag ligand plate assay
The initial HaloMS was performed using a commercially avail-
able HaloTag ligand plate (Promega, HaloLink 96 Well Plate, cat. 
no. CS180802). For HaloMS plate preparation, 500 ng of HaloTag 
fusion ORF plasmid were translated, and the proteins were 
expressed in a HaloTag ligand plate at 30�C for 2 h, using the TNT 
wheat germ system (Promega, cat. no. L4140). The reaction mix-
ture contained 9.5 μl of nuclease-free water, 12.5 μl (50%) of 
wheat germ extract, 1.0 μl of 10× TNT buffer, 0.5 μl of amino acid 
mix without methionine, 0.5 μl of amino acid mix without lysine 
and cysteine (Promega, cat. no. L4140), 0.5 μl (50 unit) of T7 RNA 
polymerase, and 0.5 μl of RNase inhibitor (Promega cat. no. 
N2615). The wells were washed containing PBS with 0.1% (v/v) 
Tween 20 (PBST) and incubated with a human cell lysate contain-
ing 50 mg of proteins per 25 μl IP lysis buffer at 4�C for 2 h to allow 
for protein interaction. The wells were washed in PBST and MS- 
grade water and used for on-plate protein digestion.
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On-plate protein digestion
One hundred microliters of 50 mM Tris–HCl (pH 8.0) and 500 ng of 
trypsin/Lys-C mix (Promega, cat. no. V5072) were added to the 
washed HaloTag ligand plate following the first-generation assay 
and mixed gently at 37�C overnight to digest the proteins. The 
digested sample (supernatant) was collected into a new 96-well 
microtiter plate by multi-channel pipetting, treated with 20 mM 
tris (2-carboxyethyl) phosphine at 80�C for 10 min, and alkylated 
using 30 mM iodoacetamide at 25�C for 30 min in the dark. 
Subsequently, the alkylated sample was acidified with 20 μl of 5% 
(v/v) trifluoroacetic acid and desalted using a STAGE tip (GL 
Sciences Inc. cat. no. 7820-11200) according to the manufac-
turer’s protocol. This was followed by drying in a centrifugal 
evaporator (miVac Duo concentrator, Genevac Ltd). The dried 
sample was resuspended in 10 μl of 2% (v/v) acetonitrile contain-
ing 0.1% trifluoroacetic acid. Finally, 4 μl of samples were used 
for liquid chromatography–tandem MS (LC–MS/MS) analysis.

LC–MS/MS
Peptides were directly injected into a 75 μm × 12 cm nanoLC nano- 
capillary column (Nikkyo Technos Co. Ltd Tokyo, Japan) at 40�C 
and separated over a 60 min gradient (A¼ 0.1% formic acid in wa-
ter, B¼0.1% formic acid in 80% ACN) consisting of 0 min 8% B, 
48 min 28%, 60 min 65% B at a flow rate of 200 nl/min using an 
UltiMate 3000 RSLCnano LC system (Thermo Fisher Scientific). 
Peptides eluted from the column were analyzed using a Q Exactive 
HF-X or Orbitrap Exploris 480 (Thermo Fisher Scientific) for overlap-
ping window DIA-MS [21, 22]. MS1 spectra were collected in the 
range of 495–745 m/z at 30 000 resolution to set an automatic gain 
control target of 3e6 and maximum injection time of 55 ms. MS2 
spectra were collected in the range of >200 m/z at a 30 000 resolu-
tion to set an automatic gain control target of 3e6 with an “auto” 
maximum injection time, along with stepped normalized collision 
energies of 22%, 26%, and 30%. The isolation width for MS2 was 
4 m/z and overlapping window patterns in the range 500–740 m/z 
were used as previously reported [23]. MS files were searched 
against a spectral library of human proteins and HaloTag using 
Scaffold DIA (Proteome Software, Inc.). The spectral library was 
generated from the amino acid sequence of the human protein 
database (UniProt, Proteome ID UP000005640, reviewed, canonical) 
by Prosit [24, 25]. The Scaffold DIA search parameters were as fol-
lows: experimental data search enzyme, trypsin; maximum missed 
cleavage sites, 1; precursor mass tolerance, 10 ppm; fragment mass 
tolerance, 10 ppm; and static modification, cysteine carbamidome-
thylation. The protein identification threshold was set at both pep-
tide and protein false-discovery (FDR) rates <1%. Peptide 
quantification was performed using the EncyclopeDIA algorithm in 
Scaffold DIA [26]. For each peptide, the four highest quality frag-
ment ions were selected for quantitation. MS data generated in the 
current study were deposited in JPOST under the accession number 
PXD041085 (https://repository.jpostdb.org/).

Pull-down assay
The assay was performed using HaloLink magnetic beads 
(Promega), according to the manufacturer’s recommendations. 
The corresponding human ORF clones were transferred by 
Gateway LR recombination into pIX-Halo: ccdB and pIX-3×HA: 
ccdB destination vectors [17]. Competent bacteria (Escherichia coli, 
strain TOP10, Thermo Fisher Scientific, cat. no. C404010) were 
transformed with the resulting recombination products. The 
transformants were selected in liquid Plusgrow II medium 
(Nacalai Tesque, cat. no. 08202-75) containing 50 mg/ml ampicil-
lin, and plasmid DNA was extracted and purified using the 

NucleoSpinPlasmid kit (Macherey-Nagel). Bait proteins encoded 
by pIX-Halo were expressed using the TNT T7-coupled wheat 
germ extract system (Promega, cat. no. L4140) according to the 
manufacturer’s recommendations. Further, 20 μl of bait proteins 
(pIX-Halo-ORFs) was mixed and agitated with rotation using 5 μl 
of Halo magnetic beads in a total volume of 50 μl of PBST at 25�C 
for 1 h. Subsequently, beads with the HaloTag fusion protein 
baits were washed with PBST, mixed with 20 μl of prey protein 
fused with a triple hemagglutinin (3× HA), and agitated with ro-
tation at 25�C for 2 h. Next, the mixture was washed three times 
with 200 μl of PBST. The washed beads were heated in 20 μl of 
SDS sampling buffer (Thermo Fisher Scientific, cat. no. NP0007) 
at 90�C for 5 min. The bait and prey proteins (2.5 μl; 10% input) 
were used as a loading control for the original protein amount.

Second-generation HaloTag ligand plate assay
HaloTag-PEG-biotin ligand (Promega, cat. no. G859A; 500 pmol in 
100 μl of PBS buffer) was added to the wells of avidin-coated 
plates (Thermo Fisher Scientific, cat. no. 15507) and incubated 
with moderate agitation for 1 h at 25�C. The plates were then 
washed thrice with nanopure water and incubated with 200 μl of 
PBSB for 1 h at 25�C with moderate agitation. Finally, the plates 
were placed in a clean environment (Labconco, purifier class II 
biosafety cabinet) for 60 min to dry, and the coated plate was 
stored at –80�C until use.

Protein–protein interaction AI analysis
AlphaFold (version 2.1.1) was downloaded from https://github.com/ 
deepmind/alphafold onto Ubuntu 20.04 comprising 28 cores, 128 
GB memory, 2 NVIDIA RTX A5000, and 3 4TB SSD [14]. The list of 
human and Arabidopsis protein sequences was obtained from the 
UniProt database [27] and The Arabidopsis Information Resources 
(on 11 July 2022 at https://www.uniprot.org/, https://www.arabidop 
sis.org/), respectively. AFM was performed as the default imple-
mentation condition. AFM provides five model confidence scores, 
the interface-predicted template modeling (ipTM) scores. A 
weighted combination of pTM and ipTM was used to compute the 
interaction confidence, with reference to previous reports, where 
model confidence¼ 0.8 × ipTMþ 0.2 × pTM [14]. The mean and SD 
values were calculated based on these five scores. P-values were 
obtained by comparing pairs of test sets. HaloTag pairs that differed 
at P< .05 were considered positive. LocalColabFold (version 1.4.0) 
was downloaded from https://github.com/YoshitakaMo/localcolab 
fold into Ubuntu 20.04 comprising eight cores, 64 GB memory, 
NVIDIA GeForce RTX 3090, 8TB SSD, and 12TB HDD. ColabFold (ver-
sion 1.3.0) was downloaded by running the local ColabFold script 
[11]. In addition, AlphaFold2-multimer-v2, a trained model parame-
ter of AFM, was downloaded from https://github.com/deepmind/ 
alphafold. LocalColabFold were performed using the following set-
tings:—amber,—use-gpu-relax,—templates,—num-recycle 3,—ran-
dom-seed 0,—num-models 1,—model-order 1,—model-type 
AlphaFold2-multimer-v2.

Uniform manifold approximation and projection 
and hierarchical clustering
Protein homology determined in CFM was visualized based on 
the metagenome visualization method [28]. First, each sequence 
was embedded as a 256-dimensional vector using localcolabfold 
[11] and visualized using the umap version 0.5.3 and scanpy ver-
sion 1.9.3 Python packages [28, 29], where dimensionality reduc-
tion was applied directly to the embedding vectors (use_rep¼“X” 
in scanpy.tl.umap) with default parameters (3 or 4-nearest- 
neighbor graph via approximate Euclidean distance, uniform 
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manifold approximation and projection (UMAP) min_dist¼0.5) 
[30]. Hierarchical clustering and dendrogram generation were 
performed using embedding vectors obtained from ColabFold us-
ing the hierarchical clustering algorithm (“single” method, 
“euclidean” metric) from the scipy version 1.9.3 package in 
Python [31, 32].

Statistical analysis
Data were compared using Student’s t-tests for most analyses if 
no specification was indicated. Statistical analysis of data was 
performed using BellCurve for Excel (Social Survey Research 
Information Co. Ltd.) and https://www.socscistatistics.com/tests/ 
. The employed quantification methods and web-based tools are 
described in the legend of each relevant figure/table.

Results
Development of HaloMS: a HaloTag-based 
affinity purification–MS system
In conventional APMS, tagged protein-encoding sequences are first 
transformed into a cell and retrieved by binding to ligand-capturing 
beads in a reaction tube. The interacting protein complex is then 
pulled down from a biological sample, and the proteins are identi-
fied one by one via MS. We modified this system by incorporating a 
high-affinity capture tag, the HaloTag (Promega), to immobilize na-
scent proteins expressed with the cell-free system in a 96-well plate 
(Fig. 1) [16]. In the assay, in vitro expressed and translated HaloTag- 
labeled proteins are covalently bound to a small chemical ligand 
chloroalkane that coats the plate surface. This allows for rapid 
capture of newly expressed fusion proteins and eliminates 
the cumbersome process of purifying individual proteins on 
ligand beads, avoiding the possibility of compromising protein 
functional integrity.

To test the activity of the HaloTag-fused protein bound to the 
chloroalkane ligand-coated 96-well plate, we detected protein– 
protein interactions in the model organism A. thaliana using a 
query protein set previously used in a similar protein immobiliza-
tion method with HaloTag [16]. After HaloTag-based affinity puri-
fication MS (hereafter, HaloMS), we assessed the expression of 
five query TFs, namely: AT1G32640, AT1G71930, AT3G62420, 
AT5G28770, and AT5G65210, based on the MS intensity. The MS 
intensities of the query proteins were between 8.41 and 9.52 
(log10 scale), indicating that the levels of protein produced from 
the five ORFs were consistent (Supplementary Table S1). We then 
probed the lysate of Arabidopsis leaves containing 9999 identified 
proteins, including splice variants, for complex interactions with 
the five TFs, which were translated and expressed using the 
wheat germ expression system and bound to HaloTag ligand 
plates (Supplementary Table S2). We set the protein identifica-
tion threshold for the peptide and protein at an FDR of <1%. An 
interaction was scored as positive when the log ratio of the signal 
intensity obtained from the negative control (i.e. 33 kDa HaloTag 
protein) was >1 standard deviation (SD) above the median. By us-
ing this criterion, HaloMS for the five query proteins produced a 
dataset of 740 interactions and 306 proteins (Supplementary 
Table S3). We then calculated the overlap between the interac-
tions revealed by HaloMS and those in a published protein array 
dataset containing 1544 interactions and 1234 proteins that use 
the same HaloTag protein immobilization method [16]. HaloMS 
recapitulated a statistically significant 10 of 709 protein array 
interactions in the shared protein space (P< .00001, χ2 test with 
Yates’ correction; hereafter “χ2”). This significant association 

between the two approaches suggested that these interactions 
are not affected by the test method (HaloMS versus pro-
tein array).

We next investigated the degree to which the identified pro-
tein–protein interactions could be classified using gene ontology 
(GO) functional annotation terms to assign a higher probability of 
biological relevance. The resultant enriched terms for all target 
proteins interacting with the five query proteins, as identified by 
HaloMS, are provided in Supplementary Table S4. Except for 
“mRNA binding,” “RNA binding,” and “binding,” a significant pro-
portion (P-value>1.64E-14) of HaloMS targets of the five TFs 
tested were related to the enzyme and carbon-binding activity. 
By contrast, according to the enrichment analysis based on the 
protein array data [16], most targets were related to transcrip-
tion, “binding,” and “protein binding” (Supplementary Table S5). 
The considerable differences in GO enrichment of the protein– 
protein interactions detected using the two methods could be 
explained by a wider dynamic range of the expressed proteins in 
the cell lysate used in HaloMS compared to that in the input used 
for protein arrays (Supplementary Fig. S1A and B).

We then determined the overlap of interactions between the 
HaloMS dataset and the literature-curated interactions in the 
BioGrid database (https://thebiogrid.org/). HaloMS recapitulated 
a statistically significant 1 of 79 BioGrid interactions in the 
shared protein space (P¼ .019044, χ2 test). This moderate overlap 
may be associated with differences in, for example, the biochem-
ical experiments (fusion tags, etc.) leading to the detection of dif-
ferent subsets of true interactions in the specific assay [33]. 
Alternatively, this could be due to the relatively small number of 
Arabidopsis interactions available in the dataset (81 804 in 
BioGrid on 27 August 2021). Collectively, the low overlap sug-
gested that HaloMS is highly complementary to the public data-
set for Arabidopsis, generated primarily using a yeast two-hybrid 
(Y2H) system. Furthermore, HaloMS has several advantages. For 
example, it does not require the preparation of a large number of 
clones and allows for in vivo screening of protein complexes in a 
variety of physiological states. It also avoids the cumbersome 
stages of individual transgenic cell line preparation and carrier 
bead purification of conventional APMS, as the query proteins 
are synthesized cell-free and captured on plates, on demand.

HaloMS reliably detects protein complex 
interactions in cultured human cells
We tested HaloMS for the detection of protein–protein interac-
tions in human cells. We transferred a set of 16 Gateway pENTR 
ORF clones, including ATF3, GATA2, and FOS, which encode well- 
studied human protein-coding genes into a Gateway convertible 
HaloTag expression vector. We then in vitro expressed and cap-
tured the proteins on a HaloLink 96-well plate (see Materials and 
methods section). The intensity of the expressed 16 query pro-
teins was 7.45–9.67 (log10 scale), indicating consistent levels of 
produced and captured proteins (Supplementary Fig. S1C).

These 16 proteins were then used to probe the mixed lysates of 
HeLa and HEK293F cells, which were made by culturing both cells 
separately and lysing each cell culture containing 7130 proteins to 
detect their protein complex interactions (Supplementary Table 
S6). The same criterion for FDRs of peptide, protein, and interaction 
scoring as positive was applied as with the initial Arabidopsis exper-
iment. Thus, the generated HaloMS dataset contained 3302 interac-
tions and 913 proteins (Supplementary Table S7). We determined 
its interaction overlaps with the 1 057 434 interactions documented 
in BioGrid (on 29 June 2022, at https://thebiogrid.org/). HaloMS reca-
pitulated a statistically significant 183 of 4220 literature-curated 

4 | Yazaki et al.  

https://www.socscistatistics.com/tests/
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://thebiogrid.org/
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://academic.oup.com/biomethods/article-lookup/doi/10.1093/biomethods/bpae039#supplementary-data
https://thebiogrid.org/


interactions in the shared protein space (P< .00001, χ2 test). Hence, 
the in vitro expressed proteins immobilized on the 96-well plate en-
gaged in specific interactions with the thousands of proteins in the 
lysate. Thus, the interaction overlap analysis indicated that HaloMS 
yields reliable protein–protein interaction data, statistically indistin-
guishable from the literature–-curated interaction dataset.

In vitro pull-down assay validates 
the HaloMS dataset
A critical concern for any new technology is the quality of the 
obtained data. Accordingly, we systematically validated a subset 
of interactions from a new dataset in a second interaction assay, 
that is a pull-down assay [33–36]. As a caveat, no assay can detect 
all protein–protein interactions, and each has a different 
interaction-detection profile [35, 37]. To validate the HaloMS 
dataset generated for the human cell lines, we selected 32/3302 
pairs of the detected interactions, corresponding to approxi-
mately 1% of all interactions in the dataset, and we subsequently 
tested them using a pull-down assay (Fig. 2A and Supplementary 
Fig. S2 and Supplementary Table S8) [15]. We compared the 
obtained data with benchmarking data generated previously [16, 
38]. We benchmarked the new data against (i) a set of known pos-
itive interactions (PRS: 49 pairs) and (ii) a set of randomized pairs 
of interactions that, to date, have not been supported by experi-
mental evidence (RRS: 69 pairs). Of the 32 pairs, 7 (21.8%) scored 
positive (Fig. 2B and Supplementary Table S8). This proportion 
differed significantly from that for PRS and RRS (P¼ .0003 and 
.0041, respectively, Fisher’s exact test; Fig. 2B).

The validation rate for the HaloMS positive interactions sug-
gested that the obtained dataset reflects a different aspect of the 
well-documented interactions reported in the literature and 
detected by direct protein–protein interaction analysis. In con-
trast, HaloMS yielded protein interaction data of a reliable 

quality that was statistically different from the random reference 
set. As anticipated, the reproducibility (21.8%) of HaloMS, which 
includes indirect interactions in a protein complex, was low com-
pared with PRS, which is composed of binary protein–protein 
interactions. Taken together, the analysis of the pull-down assay 
data against the benchmark dataset indicated that HaloMS can 
be used to reveal interactions that are statistically independent 
of binary interaction data, literature-curated interactions, and 
random protein pairs.

AI analysis supports protein–protein interactions 
detected by HaloMS
Although we were able to validate the novel HaloMS protein–pro-
tein interactions using a pull-down assay, we next asked whether 
these interactions could be supported by another type of analy-
sis, for example, AI predictions based on the amino acid se-
quence. Accordingly, we used AlphaFold-Multimer (hereafter 
AFM) to predict and validate protein–protein interactions 
detected by HaloMS and the pull-down assay. To determine the 
FDR of the human cultured-cell HaloMS dataset, we measured 
the AFM sensitivity and background by benchmarking against a 
set of controls supported by the pull-down assay, PRS, and RRS. 
This allowed subsequent interpretation of the retest rate of the 
new dataset by HaloMS, which was also validated by the pull- 
down assay, in light of these benchmarking data. To measure the 
sensitivity and background of the AFM assay, we benchmarked it 
against (i) a set of 48 well-documented interactions from the lit-
erature (afmPRS) and (ii) a set of 71 random interactions from the 
published dataset (afmRRS) [15]. As a new dataset, we tested 32 
pairs from the HaloMS dataset from human cultured cells, which 
were supported by the pull-down assay (Supplementary Table 
S8). For each dataset, a negative control set with HaloTag-only 
proteins was also analyzed by AFM to obtain a validity score 

Figure 1. Overview of the HaloMS assay. HaloTag-ORF plasmid DNA is placed in a well of a HaloTag-ligand-coated plate. The addition of coupled 
transcription–translation reagent results in protein expression and probe protein capture, accordingly. Target protein lysates from various cells can be 
added to the wells, and protein complex interactions are detected by LC–MS/MS.
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(Supplementary Table S9). The distribution of AFM best scores 
from the three datasets validates the characteristics of each 
(Fig. 2C and D).

In the benchmark experiments for the afmPRS (i) and afmRRS 
(ii) sets, the reproducibility of afmPRS differed significantly 
(t-test, P< .001) from the negative-control pairs; those of afmPRS- 
Halo and afmRRS were not significantly different, as expected for 
a negative control; afmRRS-Halo scored higher than afmRRS 
(P¼ .026). However, the distribution of recaptured HaloMS inter-
actions was statistically indistinguishable from HaloMS-Halo 
(Fig. 2C), (iii) by AFM (P¼ .187) despite 21.8% reproducibility in the 
pull-down assay. We averaged the five scores to determine the 
model confidence obtained by AFM to compute the significance 
of differences between each protein pair and the HaloTag-only 

control pairs, as in the pull-down assay (for a “digital” pull-down 
assay; Supplementary Table S10). In benchmark experiments us-
ing (i) and (ii) reference sets, 22 of 48 afmPRS pairs (46%) and 0 of 
55 afmRRS pairs (0%) scored significantly higher than the 
HaloTag-only controls, defining the sensitivity and background 
of the digital pull-down assay. Of the 30 pairs of HaloMS, the 
scores for 2 (6%) were significantly positive in the digital pull- 
down assay, statistically different from the afmPRS result 
(P¼ .0003, Fisher’s exact test; Fig. 2E). This reproduction rate was 
similar to the previously obtained pull-down result, including all 
positive pairs (6/30 pairs, 20%, Supplementary Table S10), and 
was not significantly different from the afmRRS set (P¼ .1218, 
Fisher’s exact test; Fig. 2E). The afmPRS, afmRRS, and HaloMS 
scores by AFM ranged from 0.500 to 0.652, 0.3061 to 0.3473, and 

Figure 2. Quality of the HaloMS assay. (A) HaloMS protein–protein interactions are recaptured by pull-down assay. Representative results of the in vitro 
pull-down experiments for Halo alone, Halo-tagged, and 3×HAtagged proteins; 5% of input is detected using an anti-HA antibody (labeled “Input (HA),” 
lanes 01–04); copurified Halo-tagged and 3×HA-tagged proteins are detected using an anti-HA antibody (labeled as “IP,” lanes 05–12), and 5% of 
supernatant after binding to HaloLink magnetic beads and input for HaloTaglabeled proteins (labeled “Input and Supernatant (Halo),” lanes 01–16) are 
tested to determine the relative amounts of Halo-tagged and HA-tagged proteins, as well as the binding efficiency to HaloLink magnetic beads. (B) 
Proportion of positive scoring pairs by pull-down assay. The histogram shows the proportion of positive scoring pairs from the PRS dataset, the set of 
randomized sample pairs from reference 15, and the set of sample pairs positive in HaloMS. Error bars represent the SE of the proportion. The 
proportion of positive PRS pairs (left bar) is significantly higher than that of RRS pairs (middle bar; P< .0001, Fisher’s exact test). (C) AI-based prediction 
of protein–protein interactions is detected by HaloMS and pull-down assay. The violin plot distribution of the highest scores is obtained by AlphaFold- 
Multimer (AFM) across six datasets (Supplementary Table S9). (D) Dot plot distribution showing the average, first-quartile, and third-quartile AFM best 
scores for six datasets: afmPRS, afmPRS-Halo, afmRRS, afmRRS-Halo, HaloMS, and HaloMS-Halo. (E) AI-based prediction of protein–protein 
interactions. The proportion of positive scoring pairs from the afmPRS dataset, the set of randomized sample pairs from reference 15, and the set of 
sample pairs positive in HaloMS are shown. Error bars represent the SE of the proportion.
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0.3465 to 0.42369, respectively, estimated using a 95% confidence 
interval. These results support the findings of the pull-down 
evaluation, that is the HaloMS data represent complex interac-
tions, not just binary interactions, with few directly interact-
ing pairs.

HaloMS TF interactome network for adipocyte 
differentiation response
As a proof-of-principle, we used HaloMS to generate an adipocyte 
interactome dataset. An adipocyte cell stores triglyceride droplets 
and helps convert lipids into energy. In addition, an adipocyte can 
secrete hormones and other effector (bio) chemicals that play im-
portant roles in metabolism control, including cell turnover [39], ad-
aptation [40–42], and endocrine functions [43, 44]. These 
adipocytes, which are associated with metabolic diseases through 
different pathways, can be used for mapping protein interaction 
networks by applying HaloMS technology; it may be possible to con-
struct a centralized signaling pathway. We set 17 human proteins 
as query proteins, including 9 TFs (ATF1, ATF2, ATF3, ATF5, 
GATA2, CEBPA, CEBPD, CREB1, and PPARA) with known roles in adi-
pocytes that mediate differentiation from pre-adipocytes. We also 
developed an alternative capturing technique to produce query pro-
teins on the 96-well plate; the HaloTag ligand concentrations were 
lower than those used in the first-generation HaloMS to lower the 
cost of the HaloTag capturing plate. This also addressed the issue 
of the original HaloTag plate ceasing to be commercially available. 
We assessed the protein-capturing efficiency of four query proteins 
(GATA2, ATF3, CTNNA1, and HaloTag) based on MS intensity. The 
intensities of the query proteins were 7.78–9.79 (log10 scale), indicat-
ing that consistent protein levels were being captured 
(Supplementary Fig. S3A, red), with the capture levels similar to 
those of first-generation HaloMS (8.14–9.62, log10 scale MS intensity, 
Supplementary Fig. S3A, light blue).

Considering that most TFs function as part of a complex [30, 
45–47], we expected that the identification of additional proteins 
that interact with TFs in adipocytes would reveal novel adipocyte 
differentiation signaling components and connections among 
the already-known signaling pathways. Furthermore, for several 
human proteins in a set of 17, including 9 TFs with known roles 
in adipocytes, some interactions were already identified in the 
BioGrid database (thebiogrid.org). To address systematically the 
adipocyte-specific interaction network, we probed four cell types 
(adipocyte, pre-adipocyte, HeLa, and Human Embryonic Kidney 
cell as HEK) with the 17 query proteins using HaloMS. Using these 
cell types, the technique was applicable to heavily used cancer-
ous, multi-generation, passaging cultures, such as HEK and 
HeLa, as well as to primary cells that presumably reflect physio-
logical conditions, such as adipocytes.

To confirm protein-expression levels in the input sample (the 
four types of cells), we assessed global protein expression across 
the cell types using LC–MS/MS after proteins were digested, alky-
lated, and acidified. Among the 9405 proteins with similar ex-
pression ranges, we identified 7258 in adipocytes, 7552 in pre- 
adipocytes, 8149 in HeLa cells, and 8225 in HEK cells 
(Supplementary Fig. S3B and C, Supplementary Table S11). The 
expression level of over 65% of proteins was similar in the differ-
ent cells (Supplementary Fig. S3D); 6% of proteins fell outside the 
commonly expressed protein set. The intensities of query pro-
teins immobilized on the 96-well plate and used for the screen 
were 7.64–9.34 (log10 scale), indicating that consistent protein lev-
els were produced from the 17 ORFs in the assay (Supplementary 
Fig. S3E, Supplementary Table S12). We scored a positive interac-
tion when the average intensity from multiple datasets was >1 

SD above the median of the ratio, a 3.07-fold difference on aver-
age, obtained with only the 33-kDa HaloTag proteins as the nega-
tive control. Pairs with a negative control of 0 and no ratio 
available were considered positive at 1 SD from the median of 
the intensity distribution. According to these criteria, the HaloMS 
screen of the 17 human proteins in the 4 different cell types pro-
duced a TF-HaloMS dataset containing 6512 interactions and 
1690 proteins (Fig. 3A and Supplementary Table S13). Over 70% 
of the interactions were cell type specific, unlike the expression 
of input proteins. Only 96 of 6512 interactions (1.5%) were com-
monly detected in all examined cell types. Comparison of the in-
teraction number and protein expression levels revealed that for 
the adipocyte-specific interactions (1201 pairs), low-expression 
proteins were involved in the highest number of interactions (488 
pairs, 40%; Fig. 3B). Other cell-specific protein–protein interac-
tions tended to be detected in proteins with relatively high ex-
pression levels, for example, in HeLa and HEK cells (Fig. 3B). We 
then determined the overlap of interactions between the TF- 
HaloMS dataset and literature-curated interactions in BioGrid 
(thebiogrid.org). The HaloMS screen of the four different cell 
types recapitulated a statistically significant 443 of 5974 BioGrid 
interactions in the shared protein space (P< .00001, χ2 test; 
Supplementary Table S13). The significant overlap suggested 
that HaloMS using first- and second-generation 96-well plates 
was an approach that is statistically reliable, not only to interac-
tions described in the literature but also to novel protein–protein 
interactions.

Biological validity of the TF-HaloMS dataset
We next obtained evidence of the biological validity of the TF- 
HaloMS dataset and new insights into signal transduction during 
adipocyte differentiation. To this end, we validated several of the 
biologically interesting novel interactions using AI. Specifically, 
we predicted protein–protein interactions using ColabFold 
Multimer (CFM), offering an accelerated prediction of protein 
structures and complexes with a 40- to 60-fold faster search than 
AFM [11]. To estimate the FDR of the HaloMS adipocyte dataset 
and pre-adipocyte-specific interactions, we determined the sen-
sitivity and background of CFM using the PRS dataset and com-
pared the findings to the AFM results (Fig. 3C and D). Due to 
limited machine resources, we used one CFM score to analyze 
significant differences for 49 well-documented interactions from 
the literature: (cfPRS) [16], HaloTag-only negative controls 
(cfPRS-Halo), and the adipocyte- and pre-adipocyte-specific inter-
action dataset from HaloMS (Fig. 3E–F and Supplementary Table 
S14). The distribution of the dataset CFM scores validated the 
traits of each dataset. In the benchmark experiments for the 
datasets for: (i) afmPRS and the negative control (afmPRS-Halo) 
and (ii) cfPRS and the negative control (cfPRS-Halo), the repro-
ducibility of cfPRS, as well as the afmPRS, was significantly differ-
ent (t-test, P< .001) from that of negative-control pairs (t-test, 
P< .001; Fig. 3C). Of the 1201 and 1110 interactions selected based 
on all adipocyte- or all pre-adipocyte-specific interactions in the 
TF-HaloMS dataset, 1093 and 1028, respectively, were validated 
using CFM (Supplementary Table S14). The TF-HaloMS dataset 
evaluated by CFM included 86 known adipocyte-specific pairs 
and 71 known pre-adipocyte-specific pairs, and the distribution 
of the CFM scores for these and novel interactions were not sig-
nificantly different (P¼ .027; Fig. 3E, Supplementary Table S14). 
This overlap between known and novel interactions suggested 
that the TF-HaloMS dataset of adipocyte- and pre-adipocyte- 
specific interactions are a reliable protein–protein interac-
tion dataset.
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HaloMS-based exploration of network 
communities in adipocytes
During protein network analysis, it is important to identify densely 
interacting components that function together, that is the intra- 
network community [48]. Accordingly, we analyzed the pathways 
activated in the four different cell types. More specifically, we used 
average-linkage clustering to identify intra-network communities 
in adipocytes and investigated their biological relevance. Pathway 
analysis for the cell type-specific pairs of proteins (Supplementary 
Fig. S4 and Supplementary Table S13) identified 83 communities 
containing more than four proteins in the HaloMS dataset as signifi-
cantly cell type-associated proteins (Supplementary Fig. S4, 
Supplementary Tables S15 and S16). The adipocyte-specific interac-
tions included mitochondria-associated neurodegenerative disease 
pathways (including Alzheimer’s, Parkinson’s, and Huntington’s 
diseases; Supplementary Figs S4 and S5A and Supplementary Table 
S17) [49]. The activation of these pathways implied that the thermo-
genesis subnetwork in adipocytes was activated, indicating the bio-
logical relevance of the TF-HaloMS dataset. The specific 
enrichment of the PPAR signaling pathway [50], nonalcoholic fatty 
liver disease [49], and fluid shear stress and atherosclerosis [51, 52] 

in adipocytes further supported the validity of the interactions 

detected in the current study (Supplementary Fig. S5B–D, 

Supplementary Tables S18–S20). The pre-adipocyte-specific interac-

tions, including a pathway for adrenergic signaling in cardiomyo-

cytes (Supplementary Fig. S6A and Supplementary Table S21) [53], 

thyroid hormone synthesis (Supplementary Fig. S6B and 

Supplementary Table S22) [54, 55], AMPK signaling (Supplementary 

Fig. S6C and Supplementary Table S23) [46], platelet activation 

(Supplementary Fig. S6D and Supplementary Table S24) [56], perox-

isomes (Supplementary Fig. S6E and Supplementary Table S25) [57, 

58], and N-glycan biosynthesis (Supplementary Fig. S6F and 

Supplementary Table S26) [59], supported the correct profiling of 

interactions by HaloMS.
The relationship between the interacting proteins is a critical 

question in HaloMS, which was devised specifically to detect pro-

tein complexes. Accordingly, we clustered groups of proteins 

interacting with the 17 protein baits obtained specifically from 

adipocytes by HaloMS using UMAP, dendrograms, and tree-view 

clustering according to structure and prediction scores by CFM 

(Supplementary Fig. S7). In the UMAP dataset of GATA2, a key 

regulator of adipocyte biogenesis, several same-family proteins 

Figure 3. Interactome profiling in different cell types. (A) Venn diagram of the interactome status of four cell types. Over 70% of the interactions are 
cell-type specific, unlike the input protein expression. Venn diagram generated using software available at https://bioinformatics.psb.ugent.be/ 
webtools/Venn/. See also Supplementary Table S13. (B) Comparison of interactions and protein expression levels. The highest number of interactions 
for low-expression proteins is detected among adipocyte-specific interactions. (C) Violin plot distribution of AFM and CF scores in the PRS dataset 
showing the validity of the interaction assessment (Supplementary Table S14). (D) Dot plot distribution of the average, first-quartile, and third-quartile 
AFM and CF scores for the datasets. (E) Violin plot distribution of CF scores for the HaloMS dataset validating the interaction assessment of each 
dataset of adipocyte- and preadipocyte-specific interactions. (F) Dot plot distribution of the average, first-quartile, and third-quartile CF scores for each 
dataset. In the HaloMS experiments for (iii) novel (left) and known (right) interactions of the adipocyte–pre-adipocyte-specific interaction dataset, the 
distribution of the CF score overlaps in the novel versus known-pair comparison. See also Supplementary Table S14.
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(e.g. G3BP1 and G3BP2), same-pathway proteins (e.g. SF3B3, 

POLR3A, and IARS1 for transcription and translation, and DHX15, 

DHX9, RTCB, SNRPA1, and UPF1 for RNA splicing), and subunit 

proteins of the same complexes (e.g. SSRP1 and SUPT16H for the 

FACT complex) were relatively closely clustered, as anticipated 

(Supplementary Fig. S8). The GTP-binding protein regulator 

DRG1, which had the highest CFM score (0.596 out of the maxi-

mum score of 1.0) among adipocyte-specific protein–protein 

interactions with GATA2, was located close to DPYSL2, which 

plays a role in neuronal development and polarity, both in the 

dendrogram as well as UMAP analysis (Supplementary Figs S7–S9 

and Supplementary Table S27). RNA-binding proteins LUC7L2 

and RALY were also located in close proximity to UMAP 

(Supplementary Fig. S8). Furthermore, CUL3, a member of the 

proteasomal degradation pathway, was positioned close to DRG1, 

also known as NEDD3, in both dendrogram and UMAP analysis; it 

has been reported to interact with the cullin-associated protein, 

CAND2 (Supplementary Figs S7–S9 and Supplementary Table 

S27) [60–62]. They, DRG1, NEDD3, and CAND2, may be involved 

in the cullin-RING ubiquitin ligase network as a complex [63].
Hence, the clustering analyses based on AI inference of 

HaloMS data may contribute to the knowledge of how multiple 

TF complexes form to control adipocyte biogenesis. They may 

also help to illuminate additional hidden features of the protein 

network that are regulated by previously unknown pathways.

HaloMS reveals novel interactions of 
heterogeneous nuclear ribonucleoproteins
The TF-HaloMS dataset includes protein interactions among TFs 

from several signaling pathways that are specific to the differenti-

ated adipocyte (Supplementary Figs. S4, S9A, and Supplementary 

Table S28). Interconnections between the long-noncoding RNA 

(lnRNA) and heterogeneous nuclear ribonucleoproteins (hnRNPs) in 

adipocyte biology have been documented [64]. More than 100 

brown-adipocyte lnRNAs, including lncBATE1, were identified as 

requirements for the establishment and maintenance of brown- 

adipocyte identity. In addition, they were found to interact with 

hnRNPU, which is also required for brown adipogenesis [65, 66]. In 

the TF-HaloMS dataset generated in the current study, several key 

regulators of adipocyte biogenesis, namely, ATF2, ATF5, CREB1, 

PPARA, GATA2, CEBPA, and CEBPD, interact with HNRNP-family 

proteins, HNRNPL and HNRNPU (Supplementary Fig. S4 and 

Supplementary Table S28). These interactions were independently 

detected specifically in the adipocyte, except for the PPARA– 

HNRNPL interaction, which was inferred in prostate cancer cells by 

the affinity-capture-RNA method [67]. HNRNPU interacts with the 

lnRNA Blnc1, which has been proposed to upregulate brown and 

beige fat thermogenesis and white fat expansion by interacting 

with the transcription regulators EBF2 and Zbtb7b and thus to in-

hibit adipose tissue inflammation [64, 66, 68, 69]. Our findings sug-

gest a new network and role for the HNRNP family, especially 

HNRNPU, interacting with key proteins as a direct regulator of adi-

pocyte biogenesis and maintenance, permitting crosstalk between 

lnRNA and cell differentiation. HNRNPU interactions with key pro-

teins, such as TFs, might decide the cell fate by controlling access 

to the genome to specific lnRNA [65, 68, 70]. This interaction shar-

ing by multiple hnRNPs with a key regulator may provide a route to 

facilitate the processing of mRNA for cell differentiation signaling.

HaloMS reveals novel interactions of  
ATP-dependent RNA helicase DEAD box 
proteins (DDXs)
In the obtained TF-HaloMS network, we identified a subnetwork 
of ATP-dependent RNA helicases, the DDXs. These proteins are 
involved in RNA metabolism, from transcription to degradation, 
and are important players in gene expression [71]. HaloMS 
revealed novel networks involving DDXs, relative to the previ-
ously reported cellular process map [71], extending the known 
network by the interactions of at least six key regulators, GATA2, 
ATF3, CEBPD, CREB1, CEBPA, and PPARA (Supplementary Fig. S9B 
and Supplementary Table S29). As detected by HaloMS, these six 
key regulators of adipocyte biogenesis interact with DDX17, 
DDX39B, DDX46, and DDX5 in an adipocyte-specific manner. 
Consistent with previous observations [72–78], the HaloMS net-
work analysis also revealed molecular links between DDXs 
(DDX1, DDX41, DDX39B, and DDX17) and key regulators of carci-
noma biogenesis (CASP3, CTNNA1, and FOS), although the mo-
lecular mechanism of these connections remains unclear. Based 
on the TF-HaloMS analysis, we propose the existence of cross- 
regulation of adipocyte differentiation and carcinoma cell turn-
over signaling via protein–protein interactions between the key 
regulators and DDXs. Indeed, RNA helicases from the DEAD box 
family, DDX5 and DDX17, cooperate with hnRNPH/F splicing fac-
tors to define cell specificity [79]. The HaloMS interaction analy-
sis also points to a possible connection between DDX17, HNRNPs 
(H1/H2/U), and key TFs of adipocyte biogenesis (CEBPA, CEBPD, 
and ATF3; Supplementary Fig. S9C and Supplementary Table 
S30). As DDX17 functions as a coregulator of master transcrip-
tional regulators of cell differentiation [79, 80], these members 
might comprise the core network of adipocyte differentiation 
cooperating with lnRNA.

HaloMS reveals novel interactions of 
the spliceosome in adipocyte
The TF-HaloMS pathway analysis of adipocyte- and pre- 
adipocyte-specific pairs of proteins (Supplementary Fig. S4 and 
Supplementary Table S13) identified major spliceosome- 
associated proteins in both cases (Supplementary Table S16). 
Comparing the respective cell-specific protein networks, the 
adipocyte-specific network (72 edges) had approximately 7-fold 
more interactions than the pre-adipocyte-specific network (10 
edges; Supplementary Fig. S9D and Supplementary Table S31). In 
the adipocyte-specific network, SRSF3, SNRPD2, SRSF1, DDX46, 
SRSF7, U2AF1, PUF60, and HNRNPU shared four or more interac-
tions each with adipocyte regulators. SRSF3 protein is a regulator 
of brown-adipocyte formation [81] and is involved in hepatocyte 
maturation and metabolism [82]. SRSF1 generates the PPAR 
gamma isoform and is involved in pre-adipocyte differentiation 
[83]. Additionally, the early pre-spliceosomal complex members 
SRSF7, FUS, DDX46, DDX5, HNRNPA3, and HNRNPU [84] were 
detected in the adipocyte-specific network, suggesting that the 
spliceosome plays an important role in adipocyte differentiation 
in complex with key adipocyte regulatory factors [85].

HaloMS reveals novel interactions of diabetic 
cardiomyopathy network
In the TF-HaloMS dataset of adipocyte- and pre-adipocyte- 
specific interactions (Fig. 3A and Supplementary Table S13), we 
identified a subnetwork of proteins involved in the diabetic car-
diomyopathy pathway (Supplementary Fig. S10A and 
Supplementary Table S32). A considerable relationship between 
adipose tissue and cardiovascular disease has been reported [86, 
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87], and inadequate adipose tissue function is reportedly respon-
sible for cardiovascular events and heart failure in individuals 
with obesity, metabolic syndrome, and type-2 diabetes [88]. The 
HaloMS dataset expanded the known diabetic cardiomyopathy 
network, relative to interactions previously reported in the litera-
ture (Supplementary Fig. S10A and Supplementary Table S32), by 
at least 39 protein interactions [89]. In this subnetwork, COL3A1 
interacts with seven adipocyte regulatory molecules, namely, 
ATF2, ATF3, ATF5, CEBPA, CREB1, GATA2, and PPARA. According 
to a previous study, COL3A1 (collagen III protein) is required for 
adipogenesis with the adhesion G-protein-coupled receptor 
Gpr56 [90], and the protein also induces the progression of ische-
mic heart failure [91]. Based on the TF-HaloMS network data, we 
hypothesize that diabetic cardiomyopathy and adipocyte differ-
entiation occur via protein–protein interactions among three col-
lagen family proteins, eight mitochondrial proteins, and nine 
master regulators of adipocyte (Supplementary Fig. S10A and 
Supplementary Table S32); 30% of this diabetic cardiomyopathy 
subnetwork overlapped with the thermogenesis subnetwork 
(Supplementary Fig. S10B and C, Supplementary Table S32) com-
posed of mitochondrial proteins. These findings point to a 
novel potential connection between diabetes-related signaling 
pathways, such as the PPAR signaling pathway, and energy 
homeostasis [92].

HaloMS reveals links between endoplasmic 
reticulum (ER)-phagy, neurodegenerative 
disease, and adipocytes
Among interactions of a group of proteins not mapped by the 
aforementioned pathway analysis in the TF-HaloMS dataset 
(P> .001, Supplementary Fig. S4 and Supplementary Table S16), 
we found a novel subnetwork of proteins involved in ER-phagy, 
neurodegenerative disease [93], ER-phagy, neurodegenerative 
disease, and myelodysplastic and master regulators in adipo-
cytes (Supplementary Fig. S10D and Supplementary Table S33). 
The relationships between adipose tissue, diabetes, and 
ER-phagy have been previously explored [94, 95]. UFL1, which 
ubiquitinates UFM1, interacts with DDRGK1 and is involved in 
ER-phagy and also in the development of diabetes [96, 97]. This 
subnetwork includes DNAJC13 (Parkinson’s disease) [98], 
MAP7D1 (autism) [99], EIF2B4 (leukoencephalopathy with vanish-
ing white matter) [100, 101], TREX1 (Aicardi–Gouti�eres syndrome, 
systemic lupus erythematosus, familial chilblain lupus, Cree 
encephalitis, cryofibrinogenemia, and retinal vasculopathy with 
cerebral leukodystrophy) [102], and LUC7L2 (myeloid malignan-
cies) [103, 104]. The related genes are involved in neurodegenera-
tive and myelodysplastic diseases, providing new insights as 
novel network members of the adipocyte master regulator.

Overall, the protein–protein interactions described in the case 
studies above generated a wide range of hypotheses on the mu-
tual modulation of adipocyte-specific signaling pathways. These 
and more can be derived from the HaloMS dataset, which dem-
onstrates the power of HaloMS to uncover unexpected network 
complexity even in characterized signaling systems.

Discussion
We have described the development of HaloMS, a HaloTag-based 
APMS methodology, and its application to map interactions for 
human TFs involved in adipocyte regulation. Validation in a 
benchmarked interaction assay demonstrated that the quality of 
the TF-HaloMS dataset is comparable to that of published inter-
action datasets. The quality of the data was further confirmed by 

the validation of a subset of interactions, including benchmarked 
interaction, using AI. Validation in a pull-down experiment sup-
ported the notion that the HaloMS positives were due to direct 
protein–protein interactions rather than indirect protein–protein 
interactions. Significant overlap with previously described inter-
actions in a public database of human proteins indicated that 
HaloMS provided a high-quality protein–protein interac-
tion dataset.

Despite the statistically reliable overlap of HaloMS with the 
Arabidopsis dataset, the HaloMS overlap was moderate, indicating 
that the HaloMS dataset reflects the findings of the Y2H assay, 
which is the main data source in the Arabidopsis dataset [18, 
105]; this may suggest that fewer data may be obtained by APMS 
interaction assays in plants. Further, the moderate finding of re-
producibility using AI approaches suggests that the interactions 
detected by HaloMS are novel and scarce in the AI training data-
set. The recently released AlphaFold 3 has been suggested to 
have better performance than AlphaFold 2 Multimer, but the 
code is not publicly available and its verification will take suffi-
cient time [106]. We are planning to improve these prediction 
and evaluation steps using the newest deep learning models, 
AlphaFold 3 future.

Protein arrays, which use the same protein-capturing method 
as HaloMS, are based on in vitro synthesis of target proteins and 
do not consider their expression levels in the cell, thereby result-
ing in a constant copy number of target proteins. This may ex-
plain why target proteins involved in “transcription,” such as TFs 
with a low expression level in the cell, are more likely to interact 
with TFs as query proteins. However, HaloMS uses cellular pro-
tein extracts as the source of targets, which may better reflect 
the dynamic range of proteins expressed in the cell.

HaloMS offers several advantages over conventional protein 
interaction assays, such as Y2H, protein arrays, and one-by-one 
APMS. The high-throughput synthesis and capture of bait pro-
teins in situ eliminates the need for individual in-cell protein ex-
pression and purification. Additionally, because native samples 
are used as targets, rather than proteins expressed in vitro or in 
yeast, complexes composed of cofactors other than proteins, 
such as TF–RNA-binding protein–lnRNA complexes, can be 
detected. In addition to cultured cells, HaloMS can readily be ap-
plied to other samples, particularly human organs or tissues for 
which query transformations are difficult, and to diseased speci-
mens for which intact conditions are examined. We envision that 
proteome-scale HaloMS could be adapted for other sample 
targets, such as brown-, white-, and beige-adipocyte, and 
non-transformable diabetic specimens. However, the HaloMS 
technique still requires a control experimental group to validate 
the reliability and stability of the results in advance when it is 
used for the assay for a variety of biological samples such as 
organs, tissues, and synthesized proteins even if the control 
experiments using Arabidopsis eliminate some issues which are 
necessary to consider in the reliability and stability of the 
HaloMS methods. Biologically, the TF-HaloMS dataset confirms 
known interactions, provides biochemical support for genetic 
and molecular biological observations, and illuminates previ-
ously unknown mutual regulation of the adipocyte signal-
ing pathways.

HaloMS has a few potential limitations. Notably, we identified 
a large number of cell-type-specific interaction partners for the 
17 query proteins. An important reason for the large number of 
interactions could be the selection of bait proteins that are criti-
cal components of some of the most vital adipocyte regulation 
processes. By screening TFs of adipocyte central signaling 
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pathways against different cell types, it is possible that we inad-
vertently identified cell-type-specific connected TF-related pro-
teins and family members, such as hnRNPs and DDXs. These 
differentiated adipocyte-specific TFs and TF-related proteins 
have intrinsically disordered regions, and their network members 
may aggregate to transcriptionally regulate adipocyte differentia-
tion [107–111]. HaloMS functions by immobilizing query proteins 
to a solid support, which may sterically limit the accessibility of 
the bait proteins to target proteins from the cell lysate. Thus, 
once interactions are identified despite the anchoring proteins, 
these interactions can be validated by the second assay, includ-
ing AI technology. The new technology described in this study 
has the potential to yield significant results in mapping tran-
scriptional protein complexes in patients; however, its detection 
is currently limited by the minimal amount of protein input nec-
essary to detect protein–protein interactions. This study involves 
a sensitivity limitation with respect to the examination of these 
transcriptional protein complexes in rare/limited cell popula-
tions that may not be abundant in healthy donors or patients. In 
such cases, ultra-sensitive mass spectrometry methods have 
been developed that can identify trace samples and should be 
used for relevant analyses [112].
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