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The human plasma proteome contains extensive diagnos5c informa5on but 

remains difficult to interrogate because protein concentra5ons span more than 

ten orders of magnitude, with highly abundant proteins such as albumin masking 

low-abundance biomarkers. Nanopar5cle (NP) enrichment strategies par5ally 

address this limita5on, but their analy5cal depth is s5ll constrained the 

incorpora5on of albumin and other highly abundant proteins within the protein 

corona. Here we show that the NP protein corona can be ra5onally 

reprogrammed by pre-incuba5ng plasma with a chemically diverse panel of 

ligands designed to bind albumin, aDenuate its interac5on with NPs, and promote 

enrichment of lower-abundance proteins. Molecular docking and structural 

analyses demonstrate that these ligands induce allosteric conforma5onal changes 

and surface charge redistribu5on on albumin, thereby reducing its associa5on 

with the NP surface. Importantly, this strategy is highly tunable, as individual 

ligands shiG protein corona composi5on toward different broad families of 

proteins, revealing overall enrichment trends rather than strict selec5vity for any 

single class. Using this approach, we quan5fied over 6,600 proteins from a single 

human plasma sample across a curated panel of condi5ons, substan5ally 



exceeding the depth achieved with untreated NP enrichment. These findings 

establish a versa5le chem–bio strategy for ligand-directed protein corona 

engineering, enabling high-depth plasma proteome profiling and expanding 

access to low-abundance proteins and candidate biomarkers across human 

diseases. 

 

Main 

The human plasma proteome is a vital reservoir of biological informaLon, containing protein 

signatures that reflect nearly every physiological and pathological state.1 As such, it remains a 

cornerstone for biomarker discovery and the advancement of personalized medicine.1, 2, 3 

However, the full potenLal of plasma proteomics is fundamentally constrained by the 

excepLonally wide dynamic range of protein concentraLons. Specifically, highly abundant 

proteins such as albumin overshadow low-abundance biomarkers that may be crucial for early 

disease detecLon and personalized medicine.4, 5, 6 Consequently, overcoming this "albumin 

boUleneck" to achieve deeper proteome coverage remains a primary objecLve in clinical 

proteomics. NanoparLcles (NPs) have emerged as a transformaLve tool for addressing this 

challenge because they can reduce the complexity of the plasma proteome through their unique 

physicochemical properLes, most notably their high surface area-to-volume raLo and 

customizable surface chemistry.7, 8, 9  

Upon exposure to biological fluids, NPs rapidly adsorb diverse plasma proteins, forming a “protein 

corona” that is representaLve of the biological fluid.10, 11, 12, 13 This corona formaLon can help 

overcome the challenges posed by the plasma proteome,10 by preferenLally capturing and 

enriching a broader spectrum of proteins, including those present at low concentraLons, thereby 

enhancing proteome coverage and facilitaLng improved detecLon and analysis of potenLal 

biomarkers.7, 8 Despite this enrichment capability, albumin and other highly abundant proteins 

sLll consLtute a significant porLon of the protein corona.14  Crucially, convenLonal affinity 

depleLon techniques lack tunability and are costly and labor intensive for large cohorts.15 

Therefore, the central challenge is not merely the removal of highly abundant proteins such as 

albumin, but the controlled remodeling of proteome–NP interacLons in a manner that preserves 

the underlying proteomic landscape while enhancing access to lower-abundance proteins. 

Herein, we demonstrate that small-molecule interacLons with the plasma proteome, including 

albumin, reprogram protein incorporaLon into the NP corona. This strategy enhances the binding 

and detecLon of lower-abundance proteins and broadens representaLon across protein families, 

enabling deeper proteome analysis while maintaining the integrity of the captured proteome. 

 



To reduce albumin incorporaLon and expand the dynamic range of proteins accessible by mass 

spectrometry, two major strategies have been proposed. The first relies on panels of mulLple NPs 

with disLnct physicochemical properLes, each of which enriches different subsets of lower-

abundance proteins, thereby increasing overall proteome coverage.7, 16 This approach leverages 

the strong dependence of protein corona composiLon on NP characterisLcs. The second strategy 

relies on spiking plasma with small organic molecules (e.g., lipids, metabolites, and syntheLcally 

designed ligands) that can not only aUenuate the associaLon of highly abundant proteins with 

NPs, but also enhance the associaLon of low-abundance protein families, thereby reshaping the 

structure of the protein corona.47 This laUer approach enables deep plasma proteome profiling 

using a single NP formulaLon, offering significant advantages in terms of assay scalability, 

analyLcal reproducibility, and minimal sample volume requirements. 

Building on the concept of introducing exogenous small molecules, we present a systemaLc 

strategy to test whether targeLng albumin with high-affinity ligands can enable enrichment of 

proteins not observed in the untreated NP corona. We selected a chemically diverse panel of 

small molecules, including drugs, faUy acids (FAs), and syntheLc ligands, designed to engage 

specific funcLonal domains of albumin. Our results suggest that their effects are not explained 

solely by reduced albumin incorporaLon into the corona. Rather, ligand binding appears to 

reshape albumin-associated interacLons within the plasma proteome. By selecLvely occupying 

these sites, these molecules may induce allosteric and electrostaLc changes that perturb 

albumin–protein interacLons and render addiLonal low-abundance proteins accessible for NP 

capture. This reorganizaLon of corona assembly increases the NP’s capacity to recruit a broader 

and more diverse set of low-abundance proteins (Figure 1A). UlLmately, our findings 

demonstrate that targeted molecular interference can expand proteome depth and alter corona 

composiLon beyond that achieved in the untreated condiLon, providing a high-depth analyLcal 

pla`orm for biomarker discovery and translaLonal diagnosLcs. 

Mechanis0c selec0on of small molecules for albumin engagement 

Since the iniLal elucidaLon of the three-dimensional structure of human serum albumin (HSA) in 

1989,17 extensive research has detailed its sophisLcated ligand-binding architecture.18, 19, 20, 21, 22 

HSA is composed of three homologous domains (I-III), each subdivided into two disLnct 

subdomains, A and B. Central to its transport funcLon are two high-affinity ligand-binding regions: 

Sudlow site I, located in subdomain IIA, and Sudlow site II, situated in subdomain IIIA (Figure 1B). 

These pockets exhibit disLnct chemical microenvironments: binding at Sudlow site I is primarily 

governed by hydrophobic interacLons within a large, flexible interior, whereas Sudlow site II relies 

on a complex synergy of hydrogen bonding, electrostaLc forces, and hydrophobic contacts within 

a more constrained space. AddiLonally, subdomain IB has emerged as a primary or secondary 

docking site for a variety of clinical drugs. Together, these structural features define a versaLle 



ligand-binding landscape that can be strategically exploited to regulate albumin behavior at NP 

interfaces. 

Beyond drug-binding sites, HSA possesses mulLple sites with varying affiniLes for long-chain FAs, 

typically characterized by hydrophobic pockets capped with polar or charged amino acids.18, 23, 24, 

25  These well-defined structural features provide a strategic roadmap for curaLng a targeted 

panel of ligands to modulate HSA–NP interacLons. Specifically, we selected the specific suite of 

small molecules presented in Figure 1C to operate via two primary mechanisms: (1) direct steric 

occlusion, in which ligands bind with high affinity to occlude specific surface-exposed pockets, 

thereby physically prevenLng their interacLon with the NP surface; and (2) allosteric remodeling, 

in which ligands engage internal sites to trigger global conformaLonal rearrangements or reorient 

surface residues. This redistribuLon of surface electrostaLcs effecLvely disfavors NP associaLon 

through increased repulsion or reduced affinity (Figure 2).  

To block albumin–NP interacLons, we assembled a chemically and structurally diverse panel of 

albumin-binding molecules encompassing hydrophobic and heterocyclic compounds, FAs, 

phospholipids, surfactants, nucleoLdes, and both syntheLc and endogenous pigments (Table 1). 

These ligands span a wide range of molecular weights, chemical scaffolds, and physicochemical 

properLes, and collecLvely engage disLnct binding sites on albumin, enabling systemaLc 

remodeling of its surface characterisLcs (Figure 1B, C).   
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Figure 1. Small-molecule modula2on of albumin adsorp2on within the NP protein corona. (A) 
Conceptual overview of the experimental approach in which plasma is pre-incubated with albumin-
binding small molecules prior to NP exposure, with the aim of reducing albumin dominance and enhancing 
the depth and coverage of proteins recruited to the NP corona. (B) Structural representaBon of HSA 
highlighBng major ligand-binding regions, including FA binding sites and Sudlow sites I and II, illustraBng 
how ligands from disBnct molecular classes engage different albumin pockets. Inset: zoomed-in view of 
the docked pose of digitoxin (cyan) bound at the IA/IIIA interface of human serum albumin b. (C) Chemical 
structures of representaBve small molecules spanning diverse ligand classes including drugs, FAs, bile 
acids, phospholipids, nucleoBdes, and syntheBc and endogenous pigments used in this study to 
systemaBcally probe albumin–NP interacBons. Chemical structures of ligands are highlighted with colored 
boxes: purple (drugs), light blue (bile acids), green (vitamins), orange (surfactant), and red orange (faNy 
acids and derivaBves), gray (endogenous and synthesized dyes), yellow (phospholipids/nucleoBdes), and 
magenta (aromaBc hydrophobic compounds).  

 

Figure 2. Schema2c illustra2on of ligand-induced remodeling of albumin to modulate albumin–NP 

interac2ons and protein corona composi2on. The top panel shows HSA before and aPer binding 
phenylbutazone (PBZ), illustraBng a pronounced redistribuBon of surface electrostaBc potenBal toward a 
more negaBve profile upon ligand binding. The boNom panel shows HSA before and aPer binding oleic 
acid, highlighBng a substanBal ligand-induced conformaBonal rearrangement with a backbone RMSD of 
6.2 Å. PDB IDs: HSA apo (1ao6), HSA bound PBZ (2bxc), HSA bound oleic acid (1gni). 
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Table 1. Details of the employed small molecules in this study and their interac0ons with 

albumin. 

Name Interac0on with HSA 

Drugs 

Theophylline  

(THEO) 

Binds near the Trp214 in domain IIA, as indicated by synchronous fluorescence 

spectroscopy of the albumin-THEO complex.26 

Barbital  

(BAR) 

Binds within subdomain IIA of albumin, based on spectroscopic analyses 

conducted with bovine serum albumin (BSA).27 

Phenytoin  

(PHT) 

It is characterized by high plasma protein binding, with approximately 90% of the 

drug primarily bound to albumin and a smaller fraction associated with globulins 

and lipoproteins.28 Phenytoin interacts with multiple hydrophobic pockets on 

albumin, potentially including Sudlow site I, though the exact binding locale 

remains uncertain.29, 30 

Acetylsalicylic acid (ASA) 

Fluorescence quenching studies and molecular modeling have demonstrated that 

ASA primarily binds to albumin within subdomain IIA (site I).31 Additionally, aspirin 

can acetylate multiple lysine residues on albumin in a concentration-dependent 

manner, modifying the protein’s surface charge and impacting its binding 

behavior.32 

Phenylbutazone (PBZ)  
Phenylbutazone primarily interacts with domain IIA (Sudlow site I), while 

ibuprofen binds to domain IIIA (Sudlow site II).24, 33 

ibuprofen  

(IBU) 

Circular dichroism (CD) analyses of human serum albumin-IBU complexes reveal 

an increase in α-helix content and a decrease in β-sheet structures, consistent with 

ligand-mediated stabilizaJon of the naJve fold and reduced exposure of 

hydrophobic patches.34 

Sodium Valproate (VPA) Binds to both site I and site II on albumin, with a higher affinity for site II.35,34  

Digitoxin  

(Dig) 

Binds to a distinct site on albumin, separate from the primary drug-binding regions 

at site I and site II.36 

FaFy Acids 

Oleic acid  

(OA) 

Faey acids are the primary endogenous ligands of serum albumin. Binding occurs 

within long, hydrophobic channels, with entrances stabilized by polar, 

predominantly basic amino acid side chains. In vivo, most FAs associated with HSA 

are unsaturated. Mono-unsaturated oleic acid (OA), di-unsaturated linoleic acid 

(LA), poly-unsaturated arachidonic acid (AA) are the most common types 

associated with serum albumin.39 These molecules engage multiple FA binding 

sites, with the highest affinity reported for the FA5 site in IIIA domain. In contrast 

to the largely localized perturbaJons induced by many drug ligands, long-chain FAs 

trigger allosteric conformational shifts that affect regions beyond the immediate 

binding site.24, 35, 40 

Linoleic acid  

(LA) 

Arachidonic acid  

(AA) 

Others 

Bile Acids  



Lithocholic acid  

(LCA) 
Bile acids can bind to both albumin and lipoproteins. Notably, their affinity for 

lipoproteins decreases as the polarity of the steroid nucleus increases.37 Sudlow 

site I is the primary binding site for bile acids.38  Sodium taurocholate (STC)  

Vitamins  

Tocopherols  

(TOCO) 

Interacts with albumin mainly via hydrophobic interactions. Site marker 

competition studies have further identified site II as its preferred binding region.41 

Surfactant  

Benzalkonium chloride  

(BAC) 

MD simulaJons predict that BAC predominantly binds to Sudlow site II of 

albumin.42 Studies on BSA have demonstrated that BAC derivaJves with longer 

alkyl chains exhibit stronger binding affiniJes compared to those with shorter 

chains.43 

Endogenous and 

Synthesized Dyes 
 

Bilirubin  

(BR) 

This endogenous pigment produced during heme catabolism, is transported in the 

circulation primarily bound to HSA. While the precise bilirubin-binding site on HSA 

is debated, crystallographic studies have identified an L-shaped bilirubin-binding 

pocket within subdomain IB.44 

Evans blue  

(EB) 

Binds strongly to serum albumin both in vivo and in vitro with little dye remaining 

unbound. It has therefore been widely used as a protein tracer in clinical and 

diagnostic applications.45 

Hydrophobic Aroma0c 

Compounds 
 

Benzophenone (BP) 

Binds human albumin based on spectroscopic and compeJJon studies.46 

Displacement assays with oleic acid (a known site I binder) and flufenamic acid (a 

site II binder) confirmed that BP predominantly binds at Sudlow site II.46   

 

Results and Discussion 

Docking and molecular dynamics simula0ons predict the ligand’s binding sites on albumin 

Molecular docking and molecular dynamics (MD) simulaLons were performed to invesLgate 

interacLons between HSA and selected phosphaLdylcholine-related small molecules (Table S1). 

Building on our previous report showing that L-α-phosphaLdylcholine modulates protein corona 

composiLon,47 we screened a series of related ligands for their ability to engage HSA using 

molecular docking. Digitoxin and BAC were also included because their binding regions on HSA 

are not well established. Our aim was to determine whether ligand binding could plausibly 

perturb albumin structure and its interacLon network, thereby contribuLng to altered corona 

assembly. Docked poses were then evaluated by MD simulaLons under explicit solvent condiLons 

at physiological temperature and ionic strength to assess the dynamic behavior and stability of 

each complex. These simulaLons provide insight into the persistence of ligand–protein 



interacLons, the flexibility of the binding regions, and the capacity of ligand binding to reshape 

albumin-associated interacLons over Lme. 

Docking analysis: The ligands were screened independently against the monomeric and dimeric 

forms of HSA. Docking simulaLons with the HSA monomer indicated that digitoxin exhibited the 

strongest predicted interacLon, with a binding affinity of −10.24 kcal/mol. PhosphaLdic acid, 

sphingomyelin, and CDP-choline followed with binding energies of −7.16, −6.79, and −6.50 

kcal/mol, respecLvely (Table S1). In docking simulaLons performed with the HSA dimer, digitoxin 

again showed the strongest binding affinity (−9.88 kcal/mol), followed by CDP-choline (−7.51 

kcal/mol). By comparison, BAC showed weaker predicted interacLons with HSA, with docking 

scores of −5.86 and −5.32 kcal/mol for the monomeric and dimeric forms, respecLvely.  

Site specific binding: Analysis of the binding sites revealed a clear preference for specific HSA 

regions. A large subset of compounds, parLcularly phospholipids such as DMPC, DOPC, DPPC, PA, 

PE, PI, PS, phosphaLdylcholine, and sphingomyelin, as well as BAC localized near FaUy Acid 

Binding site 1 (FA1). Sudlow’s site I was targeted by acetylcholine and cardiolipin, while choline 

and CDP-choline displayed alternaLve poses that also involved Site I. Digitoxin and LPC occupied 

posiLons between subdomains IA and IIIA, suggesLng interacLon compeLLon between adjacent 

domains in mediaLng their binding (Figures S1 and 1B). Similarly, choline and CDP-choline 

exhibited mixed binding modes bridging FA1 and Site I. Overall, the site-specific analysis highlights 

FA1 as a dominant binding locaLon with Site I and the IA/IIIA interface serving as addiLonal, 

though less frequently targeted, sites.  

The dimer binding analysis showed a similar trend, with FA1 emerging as the most frequently 

targeted site. Ligands including BAC, DMPC, DPPC, PA, PI, PS, phosphaLdylcholine, and 

sphingomyelin localized close to FA1, predominantly on chain A. Site I was engaged by 

acetylcholine (chain B), CDP-choline (chain B), DOPC (chain B), LPC (chain B), and PE (chain B), 

indicaLng a broader affinity to this site by both small molecules and larger phospholipids. More 

specialized binding included digitoxin at the IA/IIIA interface (chain A) (Figures S1 and 1B), 

cardiolipin located between chains A and B, and choline displayed mulLple poses, bridging FA1 

and Site I across both chains. These findings suggest that FA1 remains a key anchor site in the 

dimer, while Site I plays an increasingly diverse role across both chains. AddiLonally, inter-chain 

and interface binding modes highlight the expanded range of potenLal interacLons unique to the 

dimeric HSA system.  

Binding affinity ranking using MD simula0ons: The Coulombic and Lennard-Jones interacLon 

energies over the 100 ns simulaLon Lmes-series were calculated (Figures S2 and S3). The relaLve 

binding strengths of all ligands to HSA were assessed by the average short-range nonbonded 

interacLon energies over the enLre 100 ns producLon simulaLon. Combining the electrostaLc 

Coulombic energy and the intermolecular potenLal of Lennard-Jones energy terms, provides a 



quanLtaLve measure of binding strength to HSA. The rankings of ligand affiniLes to HSA based 

on interacLon energy (Figure S2a) reveal a wide range of binding strengths to HSA. PS, and PA 

stand out as exemplary binders to HSA with average energies much lower than -500 kJ/mol. 

Acetylcholine, choline, and LPC have noLceably low interacLon energies with HSA. This is 

consistent with their dissociaLon and detachment from their respecLve binding site starLng 

posiLons throughout the simulaLon trajectory. (Note: digitoxin was not included in the MD 

simulaLons because its parameters were not available in the selected force field. IniLal aUempts 

to generate these parameters produced unreliable values).  

Blind molecular docking resulted in ligands being grouped to different characterisLc binding sites 

of HSA, notably FaUy Acid 1 (FA1) and Sudlow Site I. Time-series evoluLon of the total interacLon 

energy (Figure S2b-c) of respecLve ligands to their sites revealed each ligand affinity to HSA over 

the 100 ns trajectory. Consistent with the previous rankings, FA1 site’s strongest ligands PS, and 

PA dominate the boUom of the Lme-series plot (Figure S2b), indicaLng higher binding affinity to 

the FA1 binding site. DPPC and DOPC are the lowest performing ligands with regards to this 

binding site. In the Sudlow’s Site I domain (Figure S2c), cardiolipin emerged as the strongest 

binder whereas smaller choline-based molecules demonstrated weak to negligible associaLon. 

These results highlight disLnct preferences between the two major HSA sites, with FA1 favoring 

phospholipids and Sudlow I accommodaLng larger species. 

RMSD: The Root Mean Square DeviaLon (RMSD) of a given ligand’s heavy molecules aligned to 

the protein backbone (Figure S4) provides a quanLtaLve measure of the ligand’s stability during 

the 100 ns producLon run. Stable RMSD values indicate the preservaLon of the docked ligand 

pose and strong binding to HSA, whereas large or erraLc deviaLons reflect rearrangement or 

detachment from their respecLve binding pocket. Smaller, mobile ligands such as acetylcholine, 

choline, CDP-choline, and LPC displayed rapid RMSD increases within the first few nanoseconds, 

followed by conLnued dris, consistent with dissociaLon into solvent or migraLon to some 

superficial site on the protein surface. Other ligands with moderate to strong affinity to HSA 

exhibit low and stable RMSD values throughout the simulaLon Lmesteps. Overall, the RMSD 

analysis supports the observed affinity ranking hierarchy, with ligands with the most favorable 

interacLon energies maintaining the most stable conformaLons during the simulaLon. Stable 

RMSD Lme-series therefore serve as a structural indicator of Lght, persistent binding between 

HSA and these ligands, while unstable RMSD’s indicate a lack of affinity between the ligand and 

HSA’s binding site.  

RMSF: The Root mean square fluctuaLon (RMSF) calculaLons describe the localized mobility of 

the ligand (Figure S5) and protein backbone (Figure S6). Acetylcholine and choline exhibited 

uniformly low RMSF values, reflecLng both their small size and rigid binding poses. Cardiolipin, 

DMPC, DOPC, DPPC, and other phospholipids displayed sharply contrasLng regions of rigidity and 



flexibility. This trend largely implies that their headgroups tend to form electrostaLc interacLons 

with HSA, whereas the lipid tails remain mobile within or parLally unrestricted to move. The 

backbone RMSF of HSA remained similar for most residues, indicaLng that the overall protein 

structure was well maintained throughout all simulaLons. Residues located within or adjacent to 

the FA1 and Sudlow I binding domains exhibited the largest RMSF values. Systems containing 

strongly bound ligands, such as PS and PA showed locally lower RMSF around the binding pocket, 

consistent with stabilizaLon caused by ligand interacLon. In contrast, more weakly bound ligands, 

such as acetylcholine or LPC were associated with greater flexibility in these same regions, 

reflecLng the absence of stabilizing ligand interacLons.  

Hydrogen bonding: To characterize the polar interacLons behind ligand affinity to HSA, the 

number of hydrogen bond counts characterized by short-range donor-acceptor contacts under 

3.5 Å between HSA and each ligand were calculated over the simulaLon Lmesteps (Figure S7). 

DMPC, DOPC, PA and to a slightly lesser extent DPPC, PE, cardiolipin, and phosphaLdylcholine are 

densely filled with blue and orange bars across most of the 100 ns simulaLon window, typically 

in the range of 2–6 hydrogen bonds. This is evidence of persistent, well-anchored binding, and 

polar structural features to facilitate such a number of hydrogen bonds. Acetylcholine, choline, 

CDP-choline, BAC, and LPC panels are mostly empty, with a few brief spikes, but almost no 

hydrogen bonds or contacts for the rest of the trajectory, consistent with rapid loss of specific 

interacLons or detachment from the binding. 

Overall, the interacLon energy, RMSD, RMSF, and hydrogen bond analyses describe differences in 

binding strength, stability, and structural change between ligands. Ligands that exhibit strong 

binding show large total interacLon energies, with high Coulombic and Lennard-Jones 

contribuLons. Their charged or polar headgroups likely form strong electrostaLc and hydrogen 

bond interacLons with residues in the FA1 pocket, while their hydrophobic tails are stabilized by 

van der Waals forces inside the nonpolar regions of the cavity. These systems also show low RMSD 

values and reduced RMSF, indicaLng stable complex formaLon and limited backbone moLon. 

A comparison between the monomer molecular docking and MD results reveals that there is a 

similar trend between the rankings of strong and weak ligand binding affinity to HSA, but the 

added complexity of interacLons considered in MD simulaLons shiss the rankings of several 

ligands. Phospholipids such as PS and PA moved up in rank and became the strongest binders in 

the MD simulaLons, showing total interacLon energies around -600 kJ/mol. These ligands likely 

gained addiLonal interacLon stabilizaLon through the inclusion of longer-range electrostaLc 

interacLons of their phosphate heads and the dynamic stabilizaLon of their hydrophobic tails, 

effects that docking does not capture. Other phospholipid molecules like cardiolipin, 

sphingomyelin, and PE also improved moderately in rank for the same reason. Docking assumes 

rigid structures and simplified scoring, so it misses solvent effects, entropic contribuLons, and 



conformaLonal flexibility. MD includes these dynamic factors, revealing that some docked poses 

are unstable or that addiLonal interacLons form over Lme, leading to differences in apparent 

binding strength. 

Small molecules expand the plasma proteome coverage 

To evaluate the capacity of our small-molecule panel to modulate protein corona composiLon 

and enhance proteomic depth, we incubated human plasma with individual compounds at two 

final concentraLons, 1 and 10 mM, prior to exposure to 200 nm polystyrene NPs (Figure S8). We 

also evaluated five “molecular cocktails” (each consisLng of two small-molecule binders) to 

determine whether synergisLc engagement of mulLple binding modes could further diversify 

protein recovery. Following NP incubaLon and isolaLon, the hard corona was processed using an 

opLmized proteomics workflow19 for LC-MS/MS analysis (see the Methods secLon for details). 

For unbiased comparison between different condiLons, each three replicates of plasma treated 

with a given small molecule condiLon were subjected to individual database searches. 

To evaluate the reproducibility of protein quanLficaLon across experimental condiLons, we 

calculated the coefficient of variaLon (CV) for each protein based on replicate measurements. 

The cumulaLve distribuLon of CV values is shown in Figure S9. Across all condiLons, the majority 

of quanLfied proteins exhibited CV values below 30%, aUesLng to the reproducibility of the 

measurements. 

Across all experimental conditions, we quantified a total of 6,620 unique proteins (Figure 3A, 

data deposited to the ProteomeXchange Consortium). Of the 757 proteins identified in human 

plasma in the absence of NPs, 123 were not recovered in the NP-only condition. The use of ligands 

recovered 75 of these proteins, leaving 48 proteins unique to plasma. In addition, NPs alone 

identified 3,851 proteins (58% of the total), and nearly all of these (99.7%) were also identified 

across the ligands panel (Figure 3B). Notably, the inclusion of our small-molecule panel 

significantly expanded the proteomic discovery space, enabling the identification of 2721 

proteins (42% of the total dataset) that were not captured by untreated NPs alone (Figure 3A). 

These proteins, along with their corresponding families, were analyzed and mapped in Figure S10. 

From this pool of proteins uniquely identified in the presence of small molecules, 14%, 11%, and 

20% of the proteins were identified by fatty acids, drugs, and the remaining molecules (others), 

respectively (Figure 3B, for classification of molecules, see Table 1). While the transition from 

neat plasma to untreated NPs reduced albumin abundance from 21% to 3% and increased the 

number of identified proteins from 757 to 3,851, our small-molecule strategy pushed these limits 

further. Several small molecules significantly reduced albumin levels compared with NPs alone 

at both 1 and 10 mM concentrations (see bars in Figure 3B with asterisk and the corresponding 

molecules in Figure 3C). At 1 mM, linoleic acid (LA) provided the highest coverage, yielding 4,327 

proteins, of which 626 were unique to this condition. At 10 mM, this compound decreased the 



albumin to as low as 1% and increased its rank to 23 albeit with lower number of identified 

proteins compared to its lower concentration (Figure 3C).  

Small molecules expand the plasma proteome coverage by several mechanisms 

InteresLngly, our data suggest that while reduced albumin representaLon in the corona 

contributes to enhanced proteomic depth, it is clearly not the sole determinant. As shown in 

Figure 3D, the relaLonship between albumin level and the number of unique proteins idenLfied 

is not strictly linear. CondiLons with comparable albumin levels osen yielded markedly different 

numbers of unique proteins, indicaLng that simply lowering albumin does not fully account for 

the observed increase in proteome coverage. Notably, the ligands associated with the highest 

numbers of unique proteins relaLve to the untreated NP condiLon (yellow-shaded circles on the 

right side of Figure 3D) span a broad range of albumin levels and do not correspond to the 

condiLons that produced the lowest albumin abundance. These findings suggest that the gain in 

protein idenLficaLons arises not only from parLal displacement of albumin, but also from ligand-

dependent reorganizaLon of protein–protein and protein–NP interacLons. Such effects may alter 

which proteins remain associated with albumin, which are released into soluLon, and which 

become accessible for NP capture, thereby reshaping corona composiLon in ways that enhance 

detecLon of lower-abundance proteins. This implies that the idenLty of proteins incorporated 

into the corona, and the resulLng proteomic depth, are governed by more complex molecular 

mechanisms than albumin reducLon alone.  

We hypothesize that three primary factors dictate the outcome of ligand-mediated corona 

remodeling consisLng of (1) compeLLve occupancy and displacement, (2) allosteric 

conformaLonal shiss, and (3) electrostaLc surface remodeling. Because a significant fracLon of 

plasma albumin is endogenously bound to FAs, the introducLon of exogenous ligands creates a 

compeLLve environment. Ligands that overlap with FA-binding sites can displace endogenous 

cargo, altering the protein’s naLve state and its subsequent interacLon with the NP surface; this 

forms the basis of the compeLLve occupancy and displacement hypothesis. In addiLon, albumin’s 

inherent flexibility allows ligand binding at one site to trigger long-range structural 

rearrangements. These shiss can hide or expose hydrophobic patches that are criLcal for NP 

adsorpLon. Finally, ligand binding can significantly alter the surface charge distribuLon of 

albumin. For example, structural comparison of phenylbutazone-bound albumin with its apo form 

reveals a pronounced increase in negaLve electrostaLc surface potenLal (Figure 2). Given the 

parLally negaLve surface of the carboxylated polystyrene NPs, this heightened negaLvity likely 

induces electrostaLc repulsion, thereby disfavoring albumin adsorpLon and freeing surface area 

for lower-abundance species. 
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Figure 3. Small-molecule modula2on of albumin abundance and protein coverage in the NP corona. (A) 
Albumin normalized abundance (leP axis, boNom bars), number of idenBfied protein groups across 
individual small-molecule condiBons (right axis, coral squares), and number of unique protein groups 
quanBfied in each sample relaBve to the NP control (right axis, top bars). The stacked bar summarizes the 
total number of proteins idenBfied across all condiBons (6,508), parBBoned into proteins uniquely 
idenBfied in the presence of small molecules and those idenBfied in untreated NPs (shown in green). Only 
the data for 1 mM concentraBon of small molecules or cocktails are shown in this graph. The bars indicated 
with asterisks have significantly lower albumin level compared with NP-only analyzed by one-way ANOVA 
mulBple comparison. (B) Venn diagrams leP: showing the overlap of proteins quanBfied in plasma, NP-
only, and in the presence of ligands; right: showing the distribuBon of proteins quanBfied exclusively in 
small-molecule–treated coronas and absent from the NP-only control, grouped by FAs, drugs, and other 
molecules. (C) Comparison of albumin normalized abundance (leP axis, boNom bars) and albumin rank 
within the corona proteome (right axis, top bars) for selected condiBons (10 mM concentraBon of small 
molecules and cocktails) exhibiBng staBsBcally significant reduced albumin levels relaBve to NP. The 
numbers above the bars indicate the number of proteins idenBfied under each condiBon. Dark blue 
underlined values indicate condiBons with a higher number of idenBfied proteins than NP-only. (D) 
RelaBonship between albumin abundance and proteome depth across small-molecule condiBons. 

In contrast to single-ligand treatments, certain molecular cocktails showed divergent results. The 

combinaLon of OA and PBZ (at 1 mM) successfully decreased albumin abundance and increased 

the proteomics depth relaLve to OA alone, suggesLng a synergisLc effect. Conversely, co-

treatment with OA and PC reduced the number of quanLfied proteins, likely due to antagonisLc 

binding effects or localized precipitaLon, highlighLng the importance of precise ligand selecLon 

in targeLng mulLple sites of albumin. 

CollecLvely, our findings demonstrate that structurally diverse small molecules can be 

strategically employed to reshape the NP protein corona, with reduced albumin incorporaLon 

represenLng only one component of a broader proteome-level effect. This behavior is not merely 

a funcLon of ligand binding affinity; rather, it is dictated by a triparLte interplay among site-

specific occupancy, allosteric structural rearrangements, and resulLng surface property 

alteraLons, together with likely perturbaLons to interacLons involving albumin, other highly 

abundant plasma proteins, and the surrounding proteomic network. Consequently, we establish 

that disLnct molecular classes (e.g., long-chain FAs versus heterocyclic drugs) govern the ulLmate 

composiLon of the NP corona through divergent biophysical pathways. Importantly, the resulLng 

increase in protein idenLficaLons cannot be explained solely by decreased albumin levels. 

Instead, ligand-driven reorganizaLon of protein–protein and protein–NP interacLons appears to 

alter the accessibility of proteins across the plasma proteome, thereby facilitaLng the capture of 

species that are otherwise underrepresented or not detected in the untreated corona. By altering 

the conformaLonal and adsorpLon landscape of abundant plasma proteins, these ligands 

influence not only the quanLty of albumin recruited but also the breadth and composiLon of the 

sub-dominant proteome occupying the NP surface. UlLmately, this ligand-directed restructuring 

provides a tunable mechanism to raLonally engineer protein corona composiLon, enhancing 



detecLon of lower-abundance proteins, as will be highlighted below, while also offering criLcal 

insights for controlling NP biodistribuLon and therapeuLc efficacy. 

Small molecules extend the limit of detec0on 

The plasma proteome spans an excepLonally wide dynamic range of over 10 orders of magnitude, 

from highly abundant proteins such as albumin and apolipoproteins present at mg/mL 

concentraLons to low-abundance signaling molecules such as interleukins in the pg/mL range. To 

evaluate the clinical and biological relevance of our enhanced proteomics depth, we mapped the 

quanLfied protein groups to the Human Protein Atlas (HPA) blood proteome database 

concentraLon Lers. We categorized the captured proteome into high-, low-, and ultra-low-

abundance cohorts (Figures 4 and S11A-D). This analysis confirms that our small-molecule 

modulaLon strategy does not simply increase protein yield or act through a straigh`orward 

reducLon in HSA levels. Instead, it appears to reshape the plasma proteome landscape in a 

manner that increases NP access to lower-abundance proteins. As a result, the detectable 

proteome shiss toward low- and ultra-low-abundance species, many of which are not observed 

in standard NP-only workflows. Consequently, this strategy provides a high-resoluLon snapshot 

of the plasma environment that includes rare regulatory and leakage proteins that would 

otherwise remain masked in the untreated condiLon. Notably, the normalized abundance of 

proteins detected in plasma showed a posiLve correlaLon with their reported plasma 

concentraLons in HPA, further supporLng the quanLtaLve consistency and biological relevance 

of the dataset (Figure S12). 

 



 

Figure 4. The representa2on of low-abundance proteins in the dataset. (A) DistribuBon of detected 
proteins across plasma concentraBon ranges based on reported plasma abundance values. Histograms 
compare proteins idenBfied in plasma, NP-only corona, and small-molecule–treated samples. VerBcal 
dashed lines indicate the thresholds for low-abundance (1 ng/mL) and ultra-low-abundance (0.1 ng/mL) 
proteins. (B) ProporBon of proteins detected in each abundance class (high: >1000 ng/ml, medium: 1-
1000 ng/ml, low: <1 ng/ml, and ultra-low: <0.1 ng/ml) for plasma, NP-only corona, and small-molecule–
treated samples.  

Small Molecules Reshuffle the Top Proteins within the Corona 

While aUenuaLon of albumin’s interacLons with the proteome and NPs is an important feature 

of our approach, the effects of small-molecule interference extend across the broader hierarchy 

of abundant plasma proteins. In the untreated NP corona, several highly abundant proteins, 

including fibrinogen and serotransferrin, remain strongly represented on the NP surface, thereby 

limiLng access of lower-abundance species. Our results show that targeted addiLon of small 

molecules induces a secondary reorganizaLon of these top-Ler proteins, reducing their surface 

representaLon beyond that observed with NPs alone (Figures 5 and S13). These findings support 

a model in which small molecules do not act solely by diminishing albumin incorporaLon, but 

more broadly reshape compeLLve protein–protein and protein–NP interacLons, thereby 

increasing access of lower-abundance proteins to the NP surface. 
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For instance, serotransferrin (~6% in neat plasma) was reduced to rank 38 in the untreated 

corona, but the addiLon of PC, STC, 9,10-DiHOME and 12,13-DiHOME further reduced its 

representaLon on the NP surface, shising it to ranks as low as 94 (Figure 5B). Similarly, fibrinogen 

β chain, which remained the most abundant protein in the untreated corona (rank 1), was 

markedly displaced by 9,10-DiHOME, falling to rank 12 (Figure 5C). These shiss indicate that the 

small molecules do not merely alter albumin binding, but more broadly reorganize the 

compeLLve adsorpLon landscape at the NP surface. By perturbing protein–protein and protein–

NP interacLons, they appear to destabilize secondary adsorpLon networks that otherwise favor 

retenLon of major abundant proteins, thereby increasing access for lower-abundance species. To 

visualize this reorganizaLon, we mapped the most abundant proteins recruited under various 

condiLons (Figure 5E). Our results indicate that small molecules can systemaLcally deconstruct 

the dominance of the top-Ler plasma proteome, effecLvely clearing surface real estate for the 

detecLon of low-abundance proteins. 

Func0onal Classifica0on of the Remodeled Corona 

To determine how small-molecule modulaLon reshapes the biological landscape of the protein 

corona, we categorized the idenLfied proteome into six funcLonal classes based on gene 

annotaLons: lipoproteins, immunoglobulins, complement proteins, acute-phase proteins, 

coagulaLon factors, and Lssue-leakage proteins.52 These classes consistently represent 

approximately 50% of the total protein mass across all condiLons (Figures 6, S14, S15, and S16). 

However, the relaLve distribuLon of these classes varies significantly between neat plasma and 

the NP corona, revealing a profound selecLon bias induced by both the NP surface and our small-

molecule panel. 

Coverage of *ssue leakage proteins. The most striking transiLon occurred within the Lssue-

leakage category. While these proteins consLtute a negligible fracLon (~1%) of the neat plasma 

proteome, their representaLon increases more than ten-fold upon corona formaLon, reaching 

10–12% in NP and small-molecule-treated samples. This class is notably dominated by 

intracellular markers which serve as direct indicators of cellular distress or organ-specific 

pathology. The ability of our pla`orm to preferenLally capture this "hidden" leakage proteome 

highlights the transformaLve power of small-molecule modulaLon in further uncovering Lssue-

specific markers by NPs’ alone that are otherwise masked by high-abundance circulatory proteins 

(Figures 6, S15, and S16). 

 



 

Figure 5. Distribu2on of the most abundant proteins across condi2ons. (A), (B), (C), and (D) Rank and 
relaBve abundance of the high-abundance plasma proteins albumin, serotransferrin, fibrinogen beta 
chain, and Apolipoprotein AI across plasma, untreated NP coronas, and small-molecule–treated coronas. 
Only the best performing concentraBon is shown for each compound. PaNerned bars indicate the 10 mM 
samples. (E) Heatmap showing the most abundant proteins idenBfied in each sample, with numbers 
indicaBng their rank in abundance within each condiBon. Columns are grouped by compound, with each 
pair represenBng the 1 mM condiBon followed by the corresponding 10 mM condiBon.  
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Suppression of high-abundance analy*cal background. A criLcal requirement for deep proteome 

profiling is the reducLon of dominant plasma protein classes that can saturate MS spectra and 

limit detecLon of lower-abundance species (Figures 6, S15, and S16). We observed a systemaLc 

reducLon in these highly abundant background proteins. For example, immunoglobulins 

decreased from ~12% in plasma to 2–5% in the corona. Small-molecule addiLon effecLvely 

reduced the surface representaLon of these highly abundant anLbodies (e.g., IGHG1), thereby 

freeing NP binding capacity for lower-abundance species. Similarly, acute-phase proteins, 

including dominant inflammatory markers such as A2M and HP, were reduced from a combined 

~14% in plasma to approximately 6–8% across corona condiLons. 

Tunable selec*vity via lipoprotein and complements modula*on. Lipoproteins exhibited the 

highest variability, suggesLng a customizable diagnosLc surface. Specific condiLons, such as LA, 

significantly reduced the abundance of markers like APOA1 compared with NPs, whereas Dig 

increased the abundance of the same protein. This demonstrates that specific ligands can tune 

the NP surface to selecLvely recruit or exclude lipid-transporLng complexes, providing a tunable 

handle to tailor the corona for specific disease states, such as metabolic or cardiovascular 

disorders. InteresLngly, for complement proteins, these small molecules showed the opposite 

trend. LA increased their relaLve abundance, while Dig maintained them at levels comparable to 

those observed with NPs alone (Figures 6). 

By strategically deconstrucLng the dominance of the high-abundance plasma proteome, our 

small-molecule approach clears the analyLcal space necessary to detect the rare, Lssue-derived 

signals required for next-generaLon liquid biopsies and early-stage disease screening. 

Remodeled Protein Corona Improves Detec0on of FDA-Approved Plasma Biomarkers  

To quanLfy the clinical relevance of our enhanced proteomic depth, two reference datasets of 

240 clinically relevant proteins were compiled from published resources, including FDA-approved 

biomarker proteins and proteins associated with FDA-approved diagnosLc assays obtained from 

MRMAssayDB.48, 49 Remarkably, 147 (61%) of these clinical markers were detected in at least one 

experimental condiLon (Figure 7A). The proporLon of idenLfied biomarkers expanded 

progressively from 40% in neat plasma to 47% in the untreated NP corona, reaching a maximum 

of 50% following targeted small-molecule modulaLon. While 84 biomarkers were ubiquitously 

detected across all condiLons, a significant subset of "non-shared" markers was revealed only 

through NP-mediated enrichment (Figure S17). 

 



 

Figure 6. Small-molecule modula2on reshapes the func2onal composi2on of the plasma protein corona. 
Pie charts show the overall distribuBon of major protein classes in plasma, NP-only, and representaBve 
small-molecule condiBons (LA and Dig), including acute phase, coagulaBon, complement, 
immunoglobulins, lipoproteins, Bssue leakage, and other proteins. Stacked bar plots below highlight the 
relaBve contribuBons of individual proteins within each class.  

To assess the analyLcal sensiLvity required for early-stage diagnosLcs, we analyzed these non-

ubiquitous biomarkers using reported plasma concentraLons from the HPA. Our small-molecule 

strategy successfully exposed 12 low-abundance biomarkers with absolute concentraLons below 

1 ng/mL, half of which were classified as ultra-low-abundance (0.1 ng/mL) (Figure 6B). Crucially, 

none of these 12 high-value markers were detectable in neat plasma analysis. While the 

untreated NP corona captured four of these proteins, the remaining eight biomarkers, including 

three in the ultra-low-abundance category, were idenLfied exclusively following small-molecule 

modulaLon. Notably: i) Mucin-16 (CA-125) which is detected uniquely in the presence of 1 mM 
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Me-LA (CA-125 is the gold-standard biomarker for monitoring ovarian cancer recurrence); ii) 

TRACP-5b which is idenLfied with 1 mM digitoxin (this protein is a highly specific marker for bone 

resorpLon and osteoclast acLvity in metabolic bone diseases). Two ultra-low abundance 

biomarkers, DNA mismatch repair protein MLH1 and galactocerebrosidase were detected in 

BAC+STC mix, and Me-AA and THEO respecLvely. MLH1 is a nuclear protein involved in DNA 

mismatch repair and is clinically associated with Lynch syndrome and colorectal cancer 

diagnosLcs, while galactocerebrosidase is a lysosomal enzyme involved in galactolipid 

metabolism and is used in screening for Krabbe disease. 

Together, these findings demonstrate that small-molecule remodeling of the NP corona does not 

merely increase the number of idenLfied proteins; it enriches clinically validated, low-abundance 

species that remain invisible to convenLonal plasma proteomics. This capability significantly 

extends the detectable biomarker coverage, providing a robust framework for high-sensiLvity 

liquid biopsies. 

Remodeled Corona Expands Mapping of the Low-Abundance Cytokine Repertoire 

CirculaLng cytokines are criLcal molecular senLnels of systemic immune homeostasis and 

pathology; however, their clinical uLlity in discovery proteomics is restricted by their ultra-low 

concentraLons, which typically fall below 1 ng/mL.9 To assess whether ligand-mediated corona 

remodeling could bridge this sensiLvity gap, we benchmarked our pla`orm’s cytokine coverage 

against a curated library of 179 secreted immune mediators derived from the HPA and recent 

literature.50 

As shown in Figure 8, our mulL-ligand corona pla`orm quanLfied 39 unique cytokines (Figure 

S18), represenLng a 3.9-fold expansion over neat plasma (10 cytokines) and a 1.7-fold increase 

over untreated NP controls (26 cytokines). While individual small-molecule modifiers yielded a 

maximum per-condiLon coverage of 29 cytokines, the intersecLonal analysis revealed profound 

heterogeneity: only 4 cytokines were common to all condiLons including plasma. This disLnct 

selecLvity underscores a combinatorial advantage; wherein chemically diverse ligands confer 

complementary enrichment profiles that collecLvely broaden the window of immune 

surveillance. 

ComposiLonal analysis of the enriched "cytokinome" showed a predominance of chemokines 

(49%), with the remaining idenLficaLons spanning interleukins, growth factors, interferons, and 

TNF superfamily members. Notably, the relaLve representaLon of these families shised according 

to the ligand used, suggesLng that ligand modulaLon can be tuned to favor specific funcLonal 

classes of signaling molecules. 

 



 

Figure 7. Iden2fica2on of low-abundance FDA-approved biomarkers across experimental condi2ons. (A) 
Percentage of FDA-approved biomarkers idenBfied in the NP corona under different small-molecule 
condiBons. Each point represents the best-performing concentraBon for each compound, indicaBng the 
fracBon of the total FDA biomarker panel detected in that sample. The “All condiBons” point represents 
the combined idenBficaBon across all datasets, while plasma is shown for comparison. Most condiBons 
detect approximately half of the known FDA biomarkers, demonstraBng broad coverage of clinically 
relevant proteins. (B) Heatmap showing the normalized abundance of selected low-abundance FDA-
approved biomarkers across experimental condiBons. Rows represent individual proteins (UniProt IDs) and 
columns correspond to different condiBons. The color scale represents the −log₁₀ of normalized abundance 
values, highlighBng relaBve enrichment of these biomarkers across the tested NP corona condiBons. White 
squares indicate proteins not detected in a given condiBon. Only the best performing concentraBon is 
shown for each compound 

L
A

M
e

-L
A

9
, 
1

0
-D

iH
O

M
E

1
2

, 
1

3
-D

iH
O

M
E

A
A

M
e

-A
A

O
A

P
C

P
C

+
O

A

C
D

P
-C

h
o

O
A

+
C

D
P

-C
h

o

S
T

C

L
C

A

A
S

A

B
A

R

IB
U

P
B

Z

P
H

T

T
H

E
O

V
P

A

D
ig

P
B

Z
+

O
A

P
C

+
P

B
Z

T
O

C

B
P

B
R

E
B

B
A

C

B
A

C
+

S
T

C

N
P

P
la

s
m

a

P51580

P21980

P08476

P05455

P11117

P21589

Q14980

P00750

P01225

P07902

P13686

P40692

P54803

Q8WXI7

2.5

3.0

3.5

-L
o

g
1
0
(N

o
rm

a
li
z
e
d

 A
b

u
n

d
a
n

c
e
)

A
ll
 C

o
n

d
it

io
n

s

M
e

-L
A

1
2

, 
1

3
-D

iH
O

M
E

L
A

A
A

D
ig

O
A

T
H

E
O

E
B

P
C

+
O

A

P
C

P
H

T

M
e

-A
A

9
, 
1

0
-D

iH
O

M
E

B
R

V
P

A

O
A

+
C

D
P

-C
h

o

P
B

Z

P
B

Z
+

O
A

IB
U

B
P

L
C

A

S
T

C

B
A

C

A
S

A

N
P

C
D

P
-C

h
o

B
A

R

T
O

C

P
C

+
P

B
Z

B
A

C
+

S
T

C

P
la

s
m

a

35

40

45

50

55

60

65
%

 o
f 

Id
e
n

ti
fi

e
d

 F
D

A
 b

io
m

a
rk

e
rs

A

B



To benchmark our sensiLvity against established clinical thresholds, we mapped our findings to 

HPA-reported plasma concentraLons. Of the 43 cytokines detected, 25.6% were classified as low-

abundance (<1 ng/mL) and 14.0% as ultra-low-abundance (<0.1 ng/mL). High-priority mediators 

of inflammatory signaling were disproporLonately represented in these lower Lers; for instance, 

67% of detected TNF superfamily members and 56% of growth factors were exclusively idenLfied 

in the low-abundance range. 

In stark contrast, neat plasma analysis failed to recover any representaLves from the interferon, 

TNF, or interleukin families, idenLfying only medium-to-high abundance chemokines and growth 

factors (≥1 ng/mL). These results demonstrate that ligand-induced corona remodeling 

systemaLcally overcomes the dynamic range boUleneck, enabling the selecLve concentraLon of 

structurally and funcLonally diverse immune mediators that are otherwise lost to the albumin-

dominated background. 

 

Figure 8. Cytokine family distribu2on across different experiment condi2ons. (A) Each bar represents a 
disBnct treatment condiBon, and the stacked segments indicate the absolute number of cytokines 
assigned to each of six immunological families: Interleukins, Chemokines, Interferons, TNF superfamily, 
Colony-SBmulaBng Factors (CSF), and Growth Factors (pink). (B) Heatmap showing the normalized 
abundance of selected cytokines IL16, CCL18, EIF2AK2, TNFRSF14, CSF1, and TGFB1 across the 
experimental condiBons. Rows represent selected cytokines and columns correspond to different 
condiBons. The color scale represents the −log₁₀ of normalized abundance values, highlighBng relaBve 
enrichment of these cytokines across the tested NP corona condiBons. White squares indicate proteins 
not detected in a given condiBon. Only the best performing concentraBon is shown for each compound. 
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Enhanced Surveillance of the Pan-Disease Blood Proteome 

Beyond canonical immune mediators, the trace-level concentraLons of clinically acLonable 

disease biomarkers pose a formidable challenge for convenLonal discovery proteomics. To 

evaluate the capacity of NP corona-based profiling to systemaLcally expand the accessible 

biomarker space, we cross-referenced our enriched proteins against a curated pan-disease blood 

proteome atlas comprising 1,165 proteins significantly dysregulated across 59 clinical condiLons 

(HPA blood PEA atlas, p-adjusted < 0.05 vs. healthy controls).48 

Our mulL-compound pla`orm idenLfied 496 of these unique disease biomarkers—a 3.8-fold 

expansion over neat plasma (130 biomarkers) and a 1.5-fold increase over untreated NP controls 

(330 biomarkers). At the individual-condiLon level, ligand modulaLon resulted in capturing up to 

340 biomarkers, more than doubling the depth of neat plasma analysis. ComparaLve analysis 

across condiLons revealed profound enrichment heterogeneity; only 15% of biomarkers were 

common to all condiLons, whereas the vast majority (421 proteins, 85%) exhibited condiLon-

specific enrichment. This high degree of orthogonality confirms the combinatorial necessity of a 

mulL-ligand strategy for broad-spectrum disease surveillance (Figure S19). 

The idenLfied biomarkers spanned a wide clinical spectrum. Using a primary-class assignment 

based on the most significant disease associaLon per protein (lowest adjusted p-value vs. healthy 

controls), the distribuLon was dominated by markers of infecLon (32.1%), followed by 

autoimmune (30.6%), oncological (17.7%), pediatric (11.9%), and metabolic (6.0%) pathologies 

(Figure S19). Notably, nearly all detected biomarkers were significantly dysregulated across 

mulLple disease classes, reflecLng the highly pleiotropic nature of blood-borne disease 

mediators. When mapped to established concentraLon thresholds in the HPA, 27.1% of idenLfied 

biomarkers fell within the low-abundance regime (<1 ng/mL) and 9.4% resided in the ultra-low-

abundance Ler (<0.1 ng/mL). Crucially, high-priority translaLonal targets were disproporLonately 

represented in these lower Lers; 35% of oncological and 27% of infecLous biomarkers were 

classified as low-abundance, reflecLng the characterisLc scarcity of tumor-derived and host-

response mediators in circulaLon. 

In contrast, neat plasma analysis predominantly recovered medium-to-high abundance proteins 

(≥1 ng/mL), with only 1.6% of idenLfied biomarkers falling into the low-abundance range. 

Notably, biomarkers primarily associated with autoimmune pathologies, proteins whose most 

significant dysregulaLon was observed in autoimmune disease contexts, were undetectable in 

neat plasma but were consistently recovered via ligand-modulated corona enrichment. This 

selecLve recovery underscores the capacity of the NP pla`orm to access low-abundance, disease-

specific signals that are below the detecLon threshold of convenLonal plasma proteomics. While 

this study uLlized healthy donor plasma to establish a baseline, the robust detecLon of these 

"latent" biomarkers—proteins associated with disease but present at trace levels in health—



suggests that this pla`orm could offer unprecedented sensiLvity for detecLng early-stage 

pathophysiological shiss. These findings underscore the capacity of raLonally remodeled coronas 

to concentrate disease-relevant proteins across a broader clinical spectrum than previously 

accessible. 

Data Availability 

Proteomic data have been deposited to the ProteomeXchange ConsorLum 

(hUps://www.proteomexchange.org/) via the MassIVE partner repository 

(hUps://massive.ucsd.edu/) with MassIVE data set idenLfier MSV000101259 and 

ProteomeXchange idenLfier PXD076238. 
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