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A BSTRACT

Proteins associated with the extracellular face of the
plasma  membrane  (“surface  proteins”  or  the  “sur‐
faceome”) are important therapeutic targets because
they can direct therapeutics to specific cell types and
deliver  them  into  cells.  However,  experimental  and
computational  databases  disagree  substantially  on
which proteins make up the human plasma membrane
proteome, and none focus specifically on the set of ac‐
cessible surface proteins that would be useful for ther‐
apeutic  applications.  Here,  we  used  an  agentic  LLM
pipeline  to  curate  the  accessible  human  surfaceome
from literature.  To assess performance,  we built  Sur‐
faceBench, a manually curated benchmark of 147 pro‐
teins  on  which  five  reference  databases  frequently
disagree. Our LLM triage agent classified surface sta‐
tus more accurately than existing databases and re‐
covered 1,108 candidate surface proteins not present in
any of  them. On held-out clinical  and viral-entry sur‐
face targets, the pipeline recovered 98–100% of estab‐
lished  surface  antigens.  A  literature-anchored  deep-
dive  pipeline  run  on  over  5,000  candidates  then  re‐
turned 1,783 canonical surface proteins and 1,252 with
weaker or context-dependent surface evidence. Each
queryable  record  contains  24  LLM-based  annotation
fields — including confidence, primary localization, and
expression breadth — and seven deterministic struc‐
tural  and  topological  features.  Unlike  existing  data‐
bases, our records trace every claim to the agent’s rea‐
soning and to exact quotes from the full-text literature
it could access. All records can be browsed in an open-
source viewer. These results show that LLMs reason‐
ing over unstructured scientific text can build updat‐

able,  bespoke  databases  that  outperform  expert-cu‐
rated resources, although performance remains limit‐
ed by agent access to full-text literature.

I NTROD UCTI ON

Surface proteins have important biological  functions,
since their accessible location allows cells to commu‐
nicate  with  each  other  and  with  their  environment.
Only an estimated 10–20% (“Plasma membrane (HPA),”
2026;  Thul  et al.,  2017) of the human proteome is at
the cell surface, but more than 65% of approved drugs
(Laurent et al.,  2025) target these proteins. Yet “sur‐
face protein” is difficult to define. Some proteins that
are  typically  intracellular  reach  the  surface  only  in
specific  cell  states:  the  ER  chaperone  BiP  (GRP78)
relocates to the surface under ER stress (Zhang et al.,
2010), and the lysosomal membrane protein LAMP1 ap‐
pears  on  cytotoxic  T  cells  only  as  they  degranulate
(Betts  et  al.,  2003).  Other  proteins  are  surface-ex‐
posed  on  a  single  cell  type,  like  the  sperm  fusion
protein IZUMO1 (Inoue et al., 2005), or are secreted but
held at the surface by a membrane partner, as MD-2 is
by TLR4 (Loes et al., 2021). Whether a protein counts
as surface resident therefore depends on the context
a scientist cares about.

We define the accessible surfaceome as the set of hu‐
man proteins that can be reached from the extracellu‐
lar face of the plasma membrane in at least one experi‐
mentally validated context. This includes proteins ac‐
cessible only in specific cell types or states, which are
often  the  most  biologically  and  therapeutically  inter‐
esting.  We  focus  on  accessibility  rather  than  mem‐
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brane localization because it determines whether any‐
thing outside the cell (a ligand, a neighboring cell, or a
therapeutic) can engage the protein.

Existing  surface  protein  databases  were  not  built
around  this  definition.  UniProt  (UniProt  Consortium,
2025) and Gene Ontology Cellular Component (GO CC)
(Gene  Ontology  Consortium,  2026)  are  curated,
whereas  the  Human  Protein  Atlas  (HPA)  (Thul  et  al.,
2017)  and  the  Cell  Surface  Protein  Atlas  (CSPA)
(Bausch-Fluck  et  al.,  2015)  are  experimental.  SURFY
(Bausch-Fluck et al., 2018) is predictive and not fully in‐
dependent,  as it  was trained on transmembrane pro‐
teins  supported  by  CSPA,  UniProt,  and  the
COMPARTMENTS database (see Methods). HPA’s anti‐

body atlas spans both membrane leaflets, while CSPA
detects  only  glycosylated  outer-surface  proteins.
SURFY’s definition is closest to ours, but it scores only
predicted  transmembrane  and  select  GPI-anchored
proteins from sequence features, so it can miss non‐
canonical surface presentation documented in the lit‐
erature. As a result, the five databases agree on only
188 surface proteins out of a union of 5,546 proteins
classified as surface in at least one database (Figure
1). Each also returns a fixed, steady-state call without
its supporting literature, so users must still search the
literature to decide whether a listed protein suits their
question.

Figure 1. Five surface protein databases agree on only 188 proteins. UpSet plot of five surface protein databases; each bar
counts proteins found in that database or combination and no others, grouped by how many databases list the protein, with
total set sizes shown on the left. Bars are shown for the 10 largest combinations plus each database alone. Each set comprises
the protein-coding genes with at least one UniProt accession labeled as a surface protein under the source-specific rule
(UniProt: strict surface terms or extracellular topology; GO CC: at least one non-electronic (non-IEA) annotation to a surface-
relevant term; HPA: Enhanced/Supported/Approved reliability for Plasma membrane or Cell Junctions; SURFY: published binary
classifier output; CSPA: high-confidence or putative; details in Methods). Figure data and script.
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Previous approaches for assembling literature context
are limited in scale and quality. Expert curation cannot
keep up with the literature, which grows faster every
year. Structured search and text mining can find pro‐
teins that are mentioned together with surface terms,
but  neither  can  judge  the  context  of  a  claim.  Mean‐
while, LLMs can now read full-text papers at proteome
scale, decide whether a claim supports surface acces‐
sibility and under what conditions, and enable tracing
of the reasoning and verbatim evidence behind each
verdict.

Here,  we used an agentic LLM pipeline to curate the
accessible human surfaceome from the literature.  To
ensure  coverage,  we  first  ran  a  lightweight  triage
agent,  with  a  brief  prompt  and  no  tool  calls,  on  the
whole  human  proteome  (19,324  protein-coding
genes), classifying each as surface, contextually sur‐
face, or non-surface with a structured reason for every
call. On SurfaceBench, a manually curated 147-protein
benchmark  enriched  for  database  disagreement,  it
classified surface status more accurately than any of
the five reference databases, individually or in combi‐
nation.  Then,  for  proteins  classified  as  contextually
surface or surface by our triage agent or classified as a
surface  protein  in  at  least  one  of  the  five  reference
databases, we ran a deep-dive pipeline. This pipeline
instructed agents to read the retrieved literature and
return a structured record that anchors each claim to
verbatim quotes. This yielded 1,783 “canonical” surface
proteins and 1,252 likely surface proteins, each with 24
queryable LLM-derived annotations and deterministic
structural and topology features.

We  did  not  impose  a  single  definition  of  the  sur‐
faceome, because each verdict comes with its reason‐
ing.  Alongside  the  overall  surface  call,  each  record
reports evidence strength, cell-type restriction, state
dependence, and extracellular domain size as separate
fields that can be queried directly. Our canonical and
likely  tiers  are  a  starting  point,  but  users  can  also
assemble the surfaceome that fits their own question,
for example by selecting proteins that are constitutive‐
ly exposed across most tissues or understudied pro‐
teins  that  may  represent  new  surface  biology.  All

records,  code,  and data are archived on Zenodo and
available  through  an  open-source  viewer  at  sur‐
faceome.deliverome.org and a public API (Methods).

R ESULTS

A triage agent classifies hard-to-
categorize surface proteins more
accurately than existing databases
We first asked whether an LLM could triage the whole
proteome from its own knowledge, leaving deep litera‐
ture grounding for a second, evidence-anchored pass.
To test this, we created a 147-protein benchmark (Sur‐
faceBench)  enriched  for  database  disagreement  on
surface protein status. We manually labeled each pro‐
tein as surface, contextually surface, or non-surface,
with a reason from a 19-category taxonomy (Table S1);
for example, a protein may be contextually surface be‐
cause it is cell-type restricted or cell-state induced, or
classified  as  non-surface  because  it  is  endomem‐
brane-resident or nuclear. The benchmark set was bi‐
ased by design toward database disagreement to en‐
able detection of performance differences within the
constraints  of  manual  benchmark  annotation,  so  we
also later evaluated proteome-wide calls on held-out
sets  of  clinical  and  viral-entry  targets  (see  below).
Each database defines surface membership different‐
ly, so we re-derived inclusion rules for each database
against SurfaceBench and kept the most accurate vari‐
ant for each to enable a fair comparison (Figure S1).

We then defined a brief  triage prompt (Methods) that
asks whether the protein is accessible from the extra‐
cellular  face of  the plasma membrane.  The response
requires a verdict, a reason from the taxonomy, a confi‐
dence level, and a brief rationale. Because a non-sur‐
face  call  can  remove  a  protein  from  all  downstream
analysis, before calling a protein non-surface the mod‐
el was required to name each potential contextual rea‐
son and cite the protein-specific evidence that rules it
out.

We compared Claude models on SurfaceBench perfor‐
mance. Given only the gene symbol, Sonnet 4.6 classi‐
fied 95.7% of SurfaceBench proteins correctly, nearly
matching  Opus  4.8  (95.9%),  and  well  ahead  of  the
smaller Haiku 4.5 (81.6%) (Figure S2). Because triage
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runs on every protein-coding gene, we chose Sonnet
4.6, the cheapest model at this accuracy plateau (Fig‐
ure  S3).  Pre-resolving  each  gene  to  its  NCBI  Gene,
HGNC,  and  UniProt  identifiers  improved  accuracy  on
every  model:  modestly  on  Sonnet  4.6  (+1.8%)  and
Opus  4.8  (+2.3%),  and  substantially  on  Haiku  4.5
(+8.6%) (Figure S2). Identifiers primarily improved re‐
call of “yes” and “contextual” calls (Figure S4). Adding a
web-search tool or retrieved PubMed abstracts did not
significantly increase accuracy (exact McNemar test, p
≥ 0.34) but substantially increased cost (Figures S2, 
S3).  Sonnet  5  with  identifiers  performed  slightly,
though not significantly (p = 0.29), worse than Sonnet
4.6 at higher cost (Figures S2, S3), so we did not use it.
Most of this work was completed before the Claude 5.5
models were released; when we re-ran the benchmark
on them with identifiers, Haiku 5.5 and Sonnet 5.5 both
matched or exceeded their  predecessors at equal or
lower cost,  while  Opus 5.5 declined to answer about
5% of calls, all on surface proteins (Figures S2, S3).

Compared to the five reference databases, Sonnet 4.6
with no external  tools classified surface status more
accurately  than  any,  whether  individually  or  as  an
ensemble (Figure 2;  Figure S5). Notably, UniProt with
an optimized cutoff performed very well, especially on

clear yes or no cases, achieving 90% overall accuracy.
Unlike the other sources, each of which relies on one
class of information (experimental evidence, curation,
or a sequence model), UniProt called a protein surface
if curators placed it at the surface or if it had a trans‐
membrane domain or a signal peptide, and incorporat‐
ing multiple signals with the benchmark-tuned cutoff
increased its performance across diverse proteins.

Sonnet matched or exceeded optimized UniProt within
each of the three verdict categories (Figure 2), so its
advantage does not come from a permissive bias to‐
ward  surface  calls.  In  addition  to  verdict  agreement,
the agent’s specific reasons for the surface call (e.g.,
endomembrane  vs  nuclear  within  the  “no”  category)
also usually agreed with the curator’s, with an overall
reason-specific  accuracy  of  88%  (Figure  S4).  The
largest single-category disagreement (4 of 18 errors)
was cytoplasmic kinases (AKT2, BTK, JAK1/2) that the
agent called “inner-leaflet anchored” rather than “cy‐
toplasmic.” These kinases indeed fall between the two
provided categories (the JAKs, for example, sit consti‐
tutively on cytokine receptor tails but carry no anchor
of  their  own),  and  all  four  remain  labeled  with  the
correct overall “no” verdict.
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Figure 2. A tool-free accessibility triage agent classifies hard-to-categorize surface proteins more accurately than any single
database. Classification accuracy on SurfaceBench, 147 proteins enriched for disagreement among the five source databases
and manually labeled as surface, contextually surface, or non-surface. Bars compare the triage agent (Sonnet 4.6, no external
tools) against the five source databases; contextually surface proteins are counted as correct when called surface. Sonnet 4.6
was run with three replicates. Error bars indicate SEM. Figure data and script.

Proteome-wide triage recovers surface
candidates missed by all five databases
We next ran the triage agent across the full set of pro‐
tein-coding genes (19,324 genes) in two stages. First,
the tool-free agent (Sonnet 4.6 with identifiers) classi‐
fied 2,528 as surface,  1,721  contextually  surface,  and
15,075 non-surface at a total cost of $116 ($0.006 per
gene).  To  maximize  sensitivity,  we  re-triaged  every
“non-surface” call supported by no database and every
high-confidence  “non-surface”  call  supported  by  ex‐
actly one database (n = 14,404),  this time with rele‐
vant PubMed abstracts supplied in the prompt so that
a documented surface proteoform could be identified
from a high-level literature survey. KLK2 was one exam‐
ple  of  a  candidate  surface  protein  rescued  through
this approach: it was long considered secreted, but a
membrane-bound form is enriched in prostate cancer
and is now targeted in Phase 3 clinical trials (Chi et al.,
2026). The tool-free agent called it non-surface; with
PubMed abstracts, the agent reclassified it as contex‐
tually surface. Across the proteome, literature volume
had  little  effect  on  these  second-stage  reclassifica‐

tions,  with  rates  across  quintiles  of  gene2pubmed-
linked publications ranging from 1.6 to 3.3% without a
consistent trend.

In total, the two-stage triage recovered 1,108 candidate
surface proteins absent from all  five databases, with
314 contributed by the PubMed stage. Only 87 of these
were  called  definitively  surface,  while  the  rest  were
contextual (Figure 3), indicating that, as expected, the
databases mainly miss state- and lineage-dependent
surface biology rather than classical surface proteins.
Examples  of  rescued  surface  proteins  include  LY96/
MD-2, a secreted protein that stably associates with
TLR4 as a co-receptor on the cell surface (Loes et al.,
2021), the surface pore-forming protein GSDME (Wang
et  al.,  2017),  the  outer-leaflet  ganglioside  sialidase
NEU3,  which  has  no  predicted  transmembrane  helix
(Rodriguez-Walker and Daniotti, 2017), and NPM1, a nu‐
cleolar chaperone with a surface pool reported on AML
blasts  that  is  targeted  by  a  preclinical  antibody
(George et al., 2026a) (Figure 3).

Because no hand-curated ground truth exists at pro‐
teome  scale,  we  scored  the  reference  databases
against the agent’s proteome-wide calls as a reference
(Figure S6). Agreement ranged from 75% (HPA) to 90%
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(UniProt), with UniProt agreeing more closely than any
combination  of  databases.  Many  disagreements  re‐
flect  our  accessibility  definition  itself.  Among  data‐
base-annotated  proteins  that  the  triage  agent  de‐
clined, the leading reasons were cytoplasmic localiza‐
tion  (42%),  inner-leaflet  anchoring  (20%),  and  en‐
domembrane residence (19%):  the databases largely
capture  proteins  associated  with  the  plasma  mem‐
brane rather than those that are extracellularly acces‐
sible.  For  example,  73  proteins  received  surface  calls
from three or more databases but a triage “no”, includ‐

ing  membrane-associated  scaffolding  proteins  that
bind the plasma membrane from the cytoplasmic side,
such as EZR, MSN, and DLG1.

To check these proteome-wide calls against standards
independent  of  SurfaceBench,  we  scored  the  two-
stage triage verdicts on three orthogonal target lists
expected to be mostly surface proteins: 1) curated pre‐
clinical  and  clinical  antibody–drug  conjugate  (ADC)
targets from three existing databases (Buniello et al.,
2025;  Raybould  et  al.,  2020;  Shen  et  al.,  2023), 

Figure 3. The triage agent rescues 1,108 surface candidates not identified by any of the five source databases. The two-stage
Sonnet 4.6 triage agent calls 87 proteins definitively surface (“yes,” panel a) and 1,021 proteins contextually surface
(“contextual”: state- or lineage-dependent, panel b) that were not identified by any of the five source databases. Bars group
each verdict by the agent’s rationale, with representative examples labeled. Figure data and script.
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2) preclinical and clinical T-cell engager (TCE) targets
(Raybould  et  al.,  2020),  and  3)  viral-entry  receptors
from ViralZone (Hulo et al., 2011) (see  Methods). Son‐
net  recovered  more  of  these  targets  than  any  refer‐
ence surface protein database: 98–100% of each set
(324  of  326  overall),  compared  with  92–97%  for
UniProt, still the best single database (Figure S7). The
only two targets the agent did not call surface, both of
which  we  consider  correct  non-surface  calls,  were
ADC target CT83, a poorly studied intracellular cancer-
testis antigen named only in a single ADC patent and
not  firmly  established  as  a  surface  protein  (patent
#WO2026142343),  and viral  receptor NPC1,  a lysoso‐
mal receptor with little established surface localization
that assists with Ebola virus lysosomal escape rather
than initial uptake via macropinocytosis (Carette et al.,
2011).

These  target  sets  contain  only  established  surface
proteins, so they test recall but not specificity. To ask
whether SurfaceBench accuracy should transfer pro‐
teome-wide, we compared the benchmark’s topologi‐
cal  composition  with  that  of  the  agent’s  proteome-
wide surface calls (Figure S8). GPI-anchored and gly‐
cosylated  proteins  were  over-represented  in  Sur‐
faceBench, while multi-pass transmembrane proteins
and those lacking a signal peptide were under-repre‐
sented,  but  no  broad  category  was  absent.  Because
the benchmark is  weighted away from the easier-to-
classify  multi-pass  proteins,  its  accuracy  is  likely  a
conservative estimate.

We then used the same topology features to compare
surface  calls  from  Sonnet,  from  each  database,  and
from  the  Sonnet-only  set  with  and  without  the
PubMed stage (Figure S9). Database calls were domi‐
nated  by  proteins  with  classical  membrane-topology
signatures (transmembrane helices, GPI anchors, and
N-glycosylation  sites),  and  the  mass-spectrometry-
based CSPA was the most biased toward glycosylated
proteins. Sonnet-only calls were depleted of all three,
so the agent mainly contributes surface proteins that
lack canonical topological features, which prediction-
based and experimental databases miss.

A literature-anchored deep dive produces
evidence-backed records for candidate
surface proteins
Surface  localization  can  be  highly  contextual,
depending on factors like cell state (Leung et al., 2020;
Müller et al.,  2021) and cell  type (van Oostrum et al.,
2019),  so  a  database  listing  without  traceable  evi‐
dence is of limited use. Our triage agent can scan the
whole proteome, but its output is limited to a verdict, a
reason code, and a short rationale. This is sufficient to
flag  a  candidate,  but  not  to  judge  the  strength  and
provenance of the surface localization claim. We there‐
fore  created  a  deep-dive  agentic  pipeline  to  assess
candidate  surface  proteins  with  traceable  literature
evidence.

The deep-dive cohort consisted of 5,332 surfaceome
candidates (Figure 4a): the union of Sonnet and data‐
base calls, minus 1,401 proteins found in only one data‐
base that the triage agent rated high-confidence non-
surface.  For  each  protein,  the  pipeline  returned  a
structured  record  backed  by  per-claim  literature
citations. It ran in three stages (Figure 4b; Methods):

Stage  1,  evidence  retrieval:  surface-specific  search
seeds  drove  retrieval  across  PubMed  (Sayers  et  al.,
2022),  Europe  PMC  (Ferguson  et  al.,  2021),  and
PubTator (Wei et al., 2024). After rule-based removal of
reviews, a Haiku agent triaged abstracts to select pa‐
pers to read, and full  text was recovered via a tiered
fallback of PMC, Unpaywall (Piwowar et al., 2019, 2018),
and DataCite (Brase, 2009). We then used a Haiku trim
pass to cut each retrieved paper down to its relevant
clips,  and a Sonnet pass to select the final evidence
into a ledger of verbatim, validated quotes.  Trimming
and selection were run twice per protein, in two paral‐
lel tracks that each produced a ledger. In the Surface
Evidence  track  we  kept  clips  that  directly  document
the protein at the cell surface and the assays used to
show accessibility. In the Surface Biology track we kept
clips  on  biological  context  (expression  level  and
breadth, subcellular localization, and the cell states or
lineages  in  which  the  protein  becomes  surface-ex‐
posed).
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Stage 2, block builders: eight Sonnet agents each read
only the section of the ledger relevant to their  block
and  answered  one  defined  question  (e.g.,  evidence
quality,  or  combined  subcellular  location  and
anatomical accessibility; Figure 4b).

Stage 3,  synthesis: one synthesizer call  received the
block drafts together with the precomputed structural
and topology features and the triage verdict. It wrote
the  executive  summary,  three  overall  catalog  filters,
and an overall  confidence call,  each with a rationale.
The  remaining  structured  filters  were  filled  in  deter‐
ministically  from  the  block  outputs  and  the
precomputed features.

In the viewer, we pair each record’s LLM synthesis and
evidence ledger with seven precomputed determinis‐
tic  features  from  public  structural  and  orthology  re‐
sources:  membrane  topology  and  ECD  length  with
DeepTMHMM (Hallgren et al., 2022); predicted and ex‐
perimental  structures  for  the  canonical  protein,  iso‐
forms,  close  paralogs,  and  mouse  and  cynomolgus
orthologs from AlphaFold DB (Bertoni et al., 2026) and

the PDBe, with orthology from Ensembl Compara (Dyer
et al., 2025; Vilella et al., 2009); SURFACE-Bind predict‐
ed  binding  sites  (Balbi  et  al.,  2026);  and  predicted
homo-oligomerization (Schweke et al., 2024).

Because our agents can only use papers they can re‐
trieve, we next asked how much of the discovery cor‐
pus was actually readable. For 100 randomly selected
proteins,  discovery  returned  a  median  of  235  candi‐
date papers per protein; we sampled 10 papers per pro‐
tein  and  attempted  full-text  recovery.  Of  these,  89%
were recoverable, almost all  through PubMed Central
(88%);  10% had no open-access copy and under 1%
were open access but blocked to automated retrieval.
We also tested whether a broader search would help.
OpenAlex  returned  3.6-fold  more  papers  per  protein,
but we could read only 49% of them (Figure S10; Sup‐
plementary Note 1). Of the rest, 38% were paywalled,
11%  were  labeled  open  access  but  could  not  be  re‐
trieved  by  automated  agents,  and  2%  were  open-
access copies that our retrieval missed.
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Figure 4. Database and triage calls select 5,332 genes for the deep dive, which runs in three sequential stages, producing
one validated record. a) Every protein-coding gene is assessed by the five reference databases and, in parallel, by the two-
stage triage agent. Proteins that only one database calls surface, and that the triage agent independently rates high-
confidence non-surface with localization to a clear non-surface compartment (noted in the figure), are excluded; the rest of
the union (5,332 genes) goes forward to the deep dive. b) The per-gene deep-dive pipeline. Stage 1, evidence retrieval: public
databases build a candidate corpus, a per-paper Haiku 4.5 abstract triage selects papers worth fetching, open-access full text
is recovered through a tiered fallback, and a Haiku 4.5 trim and Sonnet 4.6 selector yield per-protein evidence sets. Stage 2,
block builders (Sonnet 4.6): draft the record’s surface-evidence, surface-biology, and risk sections. Stage 3, synthesis (Sonnet
4.6): the synthesizer reads every section draft plus the Stage 1 evidence set, deterministic features, and the triage verdict, then
writes the executive summary, structured filters, and confidence rationale.

The deep dive yields a confidence-tiered
and configurable surfaceome
We ran the deep-dive pipeline across all 5,332 proteins.
The deep dive cost $7,607, or $1.43 per protein; running
it  on every protein-coding gene would have cost ap‐
proximately  $28,000.  Deep-dive accuracy slightly  ex‐
ceeded  the  triage  agent’s,  achieving  97.3%  accuracy
on the 113 SurfaceBench proteins included in the deep
dive compared to the triage agent’s 96.8% (Figure S11).

The deep dive did, however, call two benchmark non-
surface proteins, ATG9A and RPN1, surface in the low
tier, on weak, indirect literature that manual review had
missed; we kept the curator’s labels, so both count as
errors.

On  the  three  positive-control  target  sets,  the  deep
dive returned surface calls for 98.3% of ADC antigens,
100% of TCE targets, and 98.4% of viral-entry recep‐
tors, closely tracking the triage agent. It differed from

a

b
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triage  on  only  three  ADC  antigens  (COLEC10,  FMOD,
KLK3), each a secreted or matrix protein rather than a
bona  fide  cell-surface  antigen,  which  the  deep  dive
called non-surface.

The cohort partitioned into 1,783 canonical  and 1,252
likely surface calls, and the remaining 2,297 fell in the
low,  uncertain,  and  no  tiers  (Figure  5a).  Across  the
canonical, likely, and low tiers, 1,323 calls carried a cell-
type-restricted facet, 434 a cell-state-induced (onco‐
genic)  facet,  and  198  a  cell-state-induced  (other)
facet (Figure 5b).  Confidence applies to non-surface
calls too: of the 1,228 proteins called non-surface, 434
were high-confidence, well-studied proteins with clear
evidence  of  a  cytoplasmic,  inner-leaflet,  endomem‐
brane,  or  secreted-only  location,  and  515  were  low-
confidence, mostly sparsely studied proteins.

The structured tags are most useful for proteins where
a  single  surface  label  is  misleading.  One  example  is
SRC,  an inner-leaflet kinase that  two databases (GO
and  HPA)  list  as  surface,  presumably  because  of  its
membrane association. Our record also calls SRC sur‐
face,  but  with  high  state  dependence  (disease-in‐
duced), direct evidence from only a single method type
or  source,  and  a  lysosomal-exocytosis  mechanism
(Delaveris et al., 2026). SRC is therefore recorded as a
conditional surface protein and not a constitutive one.
CD63, by contrast, is called surface by four of five data‐
bases, but the deep dive calls it mostly intracellular: at
baseline  it  is  lysosomal  and  traffics  to  the  surface
mainly through activation-induced exocytosis, making
it weak as a standalone surface target but potentially
credible for bispecific approaches where endolysoso‐
mal delivery is desirable (de Goeij et al., 2016).

Across the 5,332 proteins, all  with at least one paper

Figure 5. Every deep-dived protein resolves to a surface tier, and the borderline calls carry their own reason for falling short.
a) The full deep-dive cohort placed on a five-tier surface scale: canonical (strict surface) and likely (broader), then the below-
likely proteins split by the deep dive’s tentative call — low (low or moderate accessibility on weak evidence), uncertain, and no
(leaned non-surface). The strip under each bar shows the share of that tier’s calls made at high, moderate, or low confidence. b)
Surface-tier proteins from (a) broken down by the deep dive’s surface-call reason: cell-type restricted, cell-state induced
(oncogenic or other trigger), or another surface reason (e.g., classical receptor, multi-pass with exposed loops, GPI-anchored,
dual localization). Each bar totals the corresponding tier in (a). Canonical proteins were required not to be cell-type restricted
but could be highly state-dependent, provided their baseline expression was not reported to be low (see Methods). Counts are
over the full deep-dived cohort (n = 5,332). Figure data and script.
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found, discovery returned a median of 220 candidate
papers  per  protein  (Figure  S12).  Discovery  is  deliber‐
ately broad: most of these papers mention the protein
in passing or  study other aspects of  its  biology.  The
pipeline kept a median of 10 papers per protein as cited
evidence: those flagged in abstract triage as likely to
report localization that yielded at least one verbatim
supporting quote (Figure 6a–c). We considered an ex‐
periment  direct  evidence  if  an  antibody  or  probe
reached  the  protein  from  outside  an  intact  cell,  and
supporting evidence if it  only localized the protein to
the plasma membrane without directly demonstrating
extracellular accessibility. Of the 3,035 proteins called
canonical  or  likely,  2,203  had  at  least  one  direct
method, most often a functional surface assay (1,429),
flow  cytometry  (1,186),  or  surface  biotin  pulldown
(592) (Figure S13).

Triage and the deep dive largely agreed on which pro‐
teins  were  surface:  64%  of  triage-yes  proteins  were
called canonical and 28% likely, 76% of triage-no pro‐
teins  remained  non-surface,  and  the  two  stages  as‐
signed  the  same  surface-call  reason  to  50%  of
proteins (Figure S14).

Each record populates a median of 16 of the 24 catalog
filter fields and five of the seven deterministic-feature
blocks (Figure 6). Topology and structure are available
for  all  proteins,  and  orthologs  and  paralogs  for  88%
and  87%,  respectively,  while  predicted  extracellular
SURFACE-Bind binding sites and homomer predictions
are positives-only (25% and 19%) (Figure S15).

A low surface tier can reflect how little has been pub‐
lished on a protein rather than its underlying biology.
Only 3% of proteins with fewer than 100 discovered pa‐
pers were canonical, compared with 24% of those with

100–200 papers and 46% of those with 200 or  more
(Figure S12). Part of this trend is expected, because we
required  moderate  or  high  evidence  density  for  the
canonical  tier  (Methods).  We  therefore  flagged  pro‐
teins that had fewer than 100 discovered papers (the
15.8th percentile) but were called surface by UniProt,
the  best-performing  database  on  SurfaceBench.  Of
the 538 flagged proteins, the deep dive called 514 sur‐
face (21 canonical, 161 likely, and 332 low): a shortlist of
probable  surface  proteins  that  are  under-character‐
ized  rather  than  genuinely  low-confidence.  Readers
can retrieve this list with the “Low-lit + UniProt” filter in
the viewer’s catalog table, or through the public API.

Deep-dive records were reproducible across indepen‐
dent  runs.  We  re-annotated  50  randomly  drawn  pro‐
teins from scratch and compared each of the 24 LLM-
derived fields with the published record (Figure S16).
The five-tier surface scale (no < uncertain < low < likely
< canonical) agreed with a linearly weighted κ of 0.85
(95% CI 0.72–0.93). The median κ across the 24 fields
was  0.83,  which  is  conventionally  considered  strong
agreement (κ 0.80–0.90) (McHugh, 2012). We then re-
ran only the section builders and synthesizer  on the
original  evidence  for  each  record.  Tier  agreement  in‐
creased to κ = 0.92 (95% CI 0.84–0.98) and the medi‐
an field κ to 0.92, so most of the run-to-run variation
came from which papers were retrieved and retained,
and less from how the model interpreted the same evi‐
dence. The four proteins whose surface call changed
all had records citing ten or fewer papers, and three of
these four calls did not change when we held the evi‐
dence  fixed.  For  reference,  professional  GO  curators
annotating the same articles chose the identical term
in 39–47% of cases (Camon et al., 2005; Van Auken et
al., 2014), equivalent to a κ of roughly 0.4.

D E L I V E R O M E  B I O 11



Figure 6. Each deep-dive record is information-dense, and its richness scales with the confidence of the surface call. Five
axes of content: a) papers found in discovery, b) papers selected for full-text reading, c) selected papers carrying extracellular
evidence, d) structured catalog filters holding a positive, non-default finding (of 24), and e) precomputed deterministic
features populated (of 7). Some proteins, for example, lack SURFACE-Bind predictions or known orthologs. Every panel is
faceted by deep-dive surface tier — canonical, likely, low, and non-surface (“no”); see Methods. Panels c–e show only the three
surface-positive tiers, since these axes summarize the evidence behind a surface call. Each violin is the per-protein distribution
for that tier (inner lines: median and 25th/75th percentiles; dots are individual proteins) across the deep-dived cohort,
excluding the 55 uncertain-tier proteins, too few to plot (n = 5,277 in panels a and b; 4,049 in panels c–e). Figure data and script.

An open-source viewer makes the
reasoning and evidence behind every
surface call inspectable
We built a viewer in which users can filter surface pro‐
teins and read the cited evidence behind each call (Fig‐
ure  7).  The  viewer,  available  at  sur‐
faceome.deliverome.org, has an accompanying public
API  and  documentation.  The  viewer  code  is  in  the
project repository, and the full  records served by the
API are deposited on Zenodo with the repository code
(Carlson  and  Smallegan,  2026a,  2026b).  Because
records  will  continue  to  be  updated,  we  give  each
record numbered revisions and periodically freeze the

full  catalog into a numbered data release on Zenodo
(see Methods), so that a call can be cited and retrieved
later as it was at the time.

On the landing page, we show all 19,324 protein-coding
genes in a sortable table with the five source database
calls and the triage verdict, and for deep-dived genes
the deep-dive verdict, confidence, evidence grade, and
state dependence. Any record field can be used as a
filter. We included presets for the canonical and likely
tiers  and  for  the  cell-state-induced  and  cell-type-
restricted groups in  Figure 5, but the individual fields
(e.g.,  evidence  grade  or  ECD  accessibility  class)  can
also be filtered separately if a user wants to examine
different  thresholds.  We  did  not  make  the  low-litera‐
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ture flag a tier,  so it  can be added to any query (for
example, to find canonical or likely proteins that also
have little published literature).

For proteins with a deep-dive record, the record page
has  the  surface-localization  verdict  and  confidence,
the  graded  attributes  with  their  supporting  verbatim
excerpts,  and  the  deterministic  features.  It  also  lists
the current revision, what changed since the last revi‐
sion, the data release, and a permanent link.

In the Compare view, a user can enter a list of candi‐
date  proteins  and  see  the  surface  call,  tier,  and  evi‐
dence  for  each  one,  similar  to  enrichment  tools  like
Enrichr (Chen et al., 2013;  Xie et al., 2021). The viewer
also  has  pages  for  the  agent  prompts,  the  Sur‐
faceBench benchmark with calls from each model, and
the reproducibility materials. Finally, each record has a
feedback form where users can flag errors or missing
information, with an option to make the report public.
We welcome broader suggestions or contributions at
surfaceome-viewer@deliverome.org.

Figure 7. A fully open-source surfaceome viewer. a) The viewer homepage, showing a table of all proteins with reference
database membership, triage LLM calls, and deep-dive LLM calls. b) For proteins with a deep-dive record, a detailed page is
available with both LLM-derived and deterministic results.

a

b
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D I SCUS SI ON

Existing surface protein databases agree on only 188
proteins (Figure 1), and our results suggest that much
of this disagreement reflects context rather than er‐
rors.  Each  database  derives  its  calls  from  a  different
kind of evidence and records them as fixed labels, but
the conditions under which a protein reaches the sur‐
face are mostly described in the free text of individual
papers.  An  LLM  triage  agent  with  no  external  tools
classified SurfaceBench proteins more accurately than
any of the five databases or their ensemble (Figures 2,
S5).  UniProt,  with  an  optimized  cutoff,  handled  clear
cases  similarly  well,  while  the  LLM’s  advantage  lies
mainly  in  detection  of  context-dependent  proteins.
Proteome-wide, 1,021 of the 1,108 triage candidates ab‐
sent from all five databases were contextually surface
(Figure 3).

Grounding these calls in the full-text literature through
a follow-up deep-dive agentic pipeline preserved accu‐
racy while adding details behind each overall  verdict.
The result is a configurable surfaceome rather than a
single list, with cell-type and cell-state facets that let
users assemble the set of surface proteins that best
fits their  question.  Because all  calls  also carry confi‐
dence and metadata on evidence found, the records
separate proteins with clear evidence of a non-surface
location  from  those  that  are  simply  understudied,  a
distinction lost when a protein is merely absent from a
database.

Since  records  will  change  as  literature,  models,  and
sources are updated, they are versioned so analyses
can  pin  to  a  numbered  release;  the  results  reported
here  correspond  to  release  1.3.0.  New  literature  ac‐
crues quickly: in each of 2024 and 2025, roughly 60%
of  deep-dived  proteins  gained  at  least  one  newly
linked publication in NCBI’s gene2pubmed. Poorly stud‐
ied  proteins  gained  new  papers  less  often  (29–40%
per year), but all four surface calls that changed on re-
annotation were in records citing ten or fewer papers
(Figure S16), so we expect to refresh our database up
to once annually, prioritizing understudied proteins.

The  cost  of  building  resources  like  this  one  is  also
falling quickly.  When we re-ran the triage benchmark
on the later Claude 5.5 models, the smallest, Haiku 5.5,
came within a point of our production Sonnet 4.6 con‐

figuration at a small  fraction of  the cost (Figure S3).
Newer models also brought new failure modes. Opus
5.5’s safety classifiers declined to answer about 5% of
calls, all on ordinary surface proteins. Pipelines built on
LLMs  should  therefore  treat  a  refusal  as  an  explicit
outcome rather  than a silent gap,  and re-benchmark
each  model  upgrade  rather  than  assume  it  improves
accuracy.

The  viewer  intentionally  says  little  about  whether  a
protein has been targeted therapeutically or has suit‐
able binding sites.  Therapeutic modalities,  from anti‐
bodies and antibody–drug conjugates to CAR-T cells
and  radioligands,  each  place  different  demands  on  a
target, such as epitope size and location, surface copy
number, or internalization. While we include SURFACE-
Bind sites as a starting point, targetability is a modali‐
ty-specific question beyond the scope of this viewer.
We  likewise  leave  clinical  information  to  resources
such  as  Open  Targets  (Buniello  et  al.,  2025).  More
broadly, we built the catalog to be combined with other
data; through the public API, users can join it with their
own internal data or with other public resources such
as OpenAntigens, which suggests antigen constructs
for human cell-surface and secreted proteins (Teixeira
et al., 2026).

A caveat specific to a resource built by LLM agents is
that the pipeline scales expert judgment but does not
yet replace it. Accurate records required sustained ex‐
pert oversight, with extensive testing and manual re‐
view to catch failure modes without overfitting to the
cases  we  had  flagged.  Every  call  therefore  carries  a
graded  confidence,  and  low,  uncertain,  and  no  calls,
especially those resting on sparse literature, should be
read as provisional. The per-claim evidence and public
feedback mechanism are meant to make errors easy to
spot and correct.

Coverage  of  any  such  database  is  bounded  by  what
machines can read. In an audit of a random sample of
surface proteins, 89% of papers from our targeted dis‐
covery were readable in full, almost all via PubMed Cen‐
tral;  a  broader  OpenAlex  search  found  3.6-fold  more
papers,  but  only  49%  of  them  were  readable  (Figure
S10;  Supplementary  Note  1).  The  bot-accessible  cor‐
pus thus collapses largely to PubMed Central,  so our
database reflects not the state of the science but the
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portion of it that machines are currently permitted to
read. Coverage is also limited by what has been mea‐
sured at all. Systematic screens are beginning to make
these  measurements  directly,  quantifying  plasma
membrane expression across 766 GPCRs (Tedman et
al., 2026) and across thousands of variants of individu‐
al  channels  and  receptors  (Coyote-Maestas  et  al.,
2022;  Howard et al., 2025;  Mighell and Lehner, 2025).
Such screens typically test overexpressed constructs
in one cell line, while the literature captures native cell
types  and  states;  integrating  both  into  records  like
ours would let each inform the other.

Surface accessibility is necessary but not sufficient for
delivery.  To  carry  a  therapeutic  into  a  target  cell,  a
surface protein must also be present at sufficient copy
number  and  internalize  the  therapeutic  once  bound;
we call this subset of the surfaceome the deliverome.
Neither property is well  captured in the literature: in‐
ternalization data are far sparser than surface-expres‐
sion data, and surface abundance is hard to infer from
existing measurements. Protein abundance correlates
poorly both with RNA abundance (Gygi et al., 1999; Liu
et al., 2016; Wang et al., 2019; Wu et al., 2026) and with
compartment-specific  protein  abundance  such  as
surface abundance (George et al., 2026b), and quanti‐
tative global proteomics data scaled across subjects
are only recently becoming available (Ding et al., 2025; 
Fang et al.,  2025;  Knol et al.,  2025;  Malmström et al.,
2025;  Yue  et  al.,  2026).  These  datasets  still  under-
sample  surface  proteins.  Closing  these  gaps  will  re‐
quire physical experiments as well as better computa‐
tional  methods.  We  envision  LLM  agents  coupled  di‐
rectly to these experiments in the future,  identifying
where evidence is thin or contradictory and prioritizing
what to measure, with the resulting data feeding the
next  round  of  predictions.  At  Deliverome  Bio,  we  are
generating  internalization  and  surface-abundance
data  toward  this  goal  and  intend  to  share  them
promptly via this viewer and public repositories.

The approach we used here is not specific to surface
proteins.  A  cheap  proteome-wide  triage  followed  by
evidence-anchored  deep  dives  suits  any  question
whose observations are scattered across papers but
only partly captured in databases, such as context-de‐
pendent  localization  to  intracellular  compartments,

regulators of  protein trafficking or  activity,  or  ligand–
receptor  pairings.  Although  the  databases  we  com‐
pared against did not outperform LLMs, without them
we could not have built a benchmark or measured per‐
formance at proteome scale. As LLMs grow more capa‐
ble, curated databases will matter more as the ground
truth that agents are measured against. We offer this
resource  as  an  addition  to  that  infrastructure,  with
every  call,  quote,  and  prompt  released  in  machine-
readable form so that the next scientist, and the next
agent, can build on it.

DATA  AVA I L A BI L I T Y

Data  are  permanently  available  via  Zenodo  (https://
zenodo.org/records/20805383) as well  as live via our
API. All figure gists containing input data and self-con‐
tained code for plotting are stably deposited with Soft‐
ware  Heritage.  The  SWHID  list  can  be  found  here:
https://github.com/Deliverome-Project/accessible-
surfaceome/blob/v1.3.0/data/analysis/figures/figure_
swhids.json.

C OD E AVA I L A BI L I T Y

All code, including the web viewer code, is available at
https://github.com/Deliverome-Project/accessible-
surfaceome under an MIT license. Code is also perma‐
nently  available  via  Zenodo  (https://doi.org/10.5281/
zenodo.22116981).

M ETHOD S

Candidate universe construction
Because each source defines surface membership dif‐
ferently,  we  evaluated  alternative  inclusion  rules  for
each  database  against  SurfaceBench  and  kept  the
most accurate variant for each, so that every database
was compared at its best (Figure S1). Two of five rules
changed  (UniProt  and  CSPA);  the  other  three  were
retained as published.

UniProt
For  the  UniProt  database,  we  initially  categorized  a
protein as surface if its subcellular_locations field con‐
tained any of  four strict  terms (“Cell  surface”,  “Apical
cell  membrane”,  “Basolateral  cell  membrane”,  “GPI-an‐
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chor”)  or  if  it  had at  least  one extracellular  topology
feature (“feature_topo_extracellular” > 0), giving 3,175
proteins.  “Cell  membrane”  alone  was  excluded  be‐
cause  it  includes  cytoplasmic-side  and  lateral-
membrane proteins. After recalibration (Figure S1), we
also accepted proteins with a transmembrane domain
or  signal  peptide  (“feature_transmembrane”  >  0  or
“feature_signal_count”  >  0),  giving  3,894  proteins
(SurfaceBench accuracy from 78% to 90%) and recov‐
ering 719 GPI-anchored and single-pass receptors that
UniProt curates with “Cell membrane” only rather than
the stricter surface terms.

SURFY
For SURFY, we accepted the published binary classifier
output (“surfy_is_surface” = 1), yielding an initial set
of 2,886 proteins.  Tighter classifier thresholds (>0.5,
>0.7, or >0.9) reduced overall accuracy without offset‐
ting  gains  in  specificity  on  SurfaceBench,  so  we  re‐
tained the authors’ binary call.  SURFY is not indepen‐
dent of UniProt and CSPA: its positive training set com‐
prised 910 α-helical transmembrane proteins found in
at least two of CSPA’s high-confidence set, UniProtKB/
Swiss-Prot entries with the “cell membrane” keyword,
and five-star COMPARTMENTS plasma-membrane pro‐
teins, and its published surfaceome adds 130 GPI-an‐
chored proteins taken from UniProt annotations.

CSPA
For CSPA, we initially flagged proteins categorized as
high  confidence  or  putative  (excluding  “unspecific”),
giving 1,286 proteins. After recalibration, we kept high-
confidence only, which gave comparable recall on Sur‐
faceBench with substantially better specificity (accu‐
racy from 48% to 52%) and an optimized set of 1,039
proteins.

GO CC
For  GO  CC,  we  initially  flagged  a  protein  as  surface
when it carried at least one non-electronic annotation
for a surface CC term (allowing experimental, curated,
or sequence-based evidence). Proteins with only elec‐
tronic-inference (IEA) annotations were excluded, giv‐
ing an initial set of 2,023 proteins. Admitting IEA-only

annotations raised benchmark accuracy from 42.2% to
48.3% but added 534 proteins,  so we kept the initial
rule (Figure S1).

HPA
For HPA, we flagged a protein as surface when it was
categorized as “Plasma membrane” or “Cell Junctions”
and the antibody was in the Enhanced, Supported, or
Approved  reliability  tier  (excluding  Uncertain),  giving
2,107  proteins.  No  alternative  cutoff  tested  improved
benchmark accuracy.

Treatment of source absence
The union of  all  five databases contained 5,680 pro‐
teins (5,546 genes, the unit counted in Figure 1) under
the initial cutoffs and 5,993 under the optimized cut‐
offs:  391  added  by  UniProt’s  expanded  rule  and  78
dropped  by  CSPA’s  tighter  rule.  These  counts  are  of
UniProt accessions. The deep-dive cohort is counted
per gene over the 19,324 triaged protein-coding genes,
where  the  optimized  union  contained  5,625  genes;
adding the 1,108 genes called surface by triage alone
and removing the 1,401 trimmed genes gives the 5,332-
gene cohort. Absence from UniProt, SURFY, GO CC, or
CSPA  counted  as  a  “not  surface”  vote.  SURFY  is  a
bounded predictor rather than a proteome-wide anno‐
tation: its features are computed per topological  do‐
main, so it is defined only over the 7,903 proteins with a
determinable  membrane  topology,  with  labels  pub‐
lished  for  the  α-helical  subset.  Because  the  trained
classifier  is  not  distributed,  its  coverage  cannot  be
extended, so we scored an absent SURFY label as non-
surface,  matching  what  a  user  of  the  published  re‐
source obtains. HPA’s coverage is limited by antibody
availability and validation (~13,600 proteins total),  so
absence from HPA counted as an abstention and was
excluded from accuracy (98 of the 147 SurfaceBench
proteins were present in HPA).

Benchmark curation
To evaluate the triage agent and reference databases
on the hardest-to-categorize part of the surfaceome,
we  curated  a  147-protein  benchmark  (SurfaceBench)
enriched  for  proteins  where  the  five  databases  dis‐
agreed.  A  single  curator  reviewed  the  literature  for
each protein and assigned one of three ground-truth
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verdicts  (surface,  contextually  surface,  or  non-sur‐
face),  along with a reason drawn from a 19-category
taxonomy (Table S1). SurfaceBench was hand-select‐
ed rather than randomly sampled. Most proteins (138
of 147) received surface calls from one to four of the
five  databases,  and  we  chose  them  to  span  positive
(approved-drug  targets,  GPI-anchored  proteins,
GPCRs),  borderline  (state-induced,  dual-localized,  or
partner-attached),  and  negative  classes  (secreted
proteins, intracellular drug targets, and proteins on the
wrong membrane face or in the wrong compartment).
The remaining nine received the same call from all five
databases.  We  deliberately  included  a  few  such  pro‐
teins, both easy controls that every database calls sur‐
face and hard cases that every database calls incor‐
rectly, and recalibrating the database cutoffs after the
benchmark  was  assembled  (Figure  S1)  moved  a  few
more  to  unanimous  agreement.  Per-protein  verdicts,
reasons, rationales, and database votes are available
on the SurfaceBench page.

Benchmark evaluation and statistics
For scoring, “yes” and “contextual” verdicts were col‐
lapsed into a single surface class. Each classifier (the
triage agent and each database) was scored correct
when it assigned a ground-truth surface protein to the
surface class and a non-surface protein to “no”. Each
model and prompt combination was run in three repli‐
cates  per  protein.  Per-replicate  verdicts  (available
through the viewer and API) were aggregated to a ma‐
jority  verdict  per  model  and  prompt  combination  for
per-protein comparisons; reported accuracies are the
mean  of  per-replicate  accuracies,  with  SEM  across
replicates.  Paired  comparisons  between  classifiers
used an exact two-sided McNemar test on per-protein
correctness,  with  the  majority  verdict  across  repli‐
cates.  Because  few  proteins  were  discordant  in  any
comparison,  these tests have low power,  and a non-
significant result  does not establish equivalence. We
also  scored  database  ensembles  calling  a  protein
surface when at least k of the five databases did, for k
= 1 (union) through 5 (unanimous). Each was scored
under the same soft-credit rule (Figure S5). No ensem‐
bling condition exceeded the accuracy of the Sonnet
agent alone.

Positive-control target sets
As independent positive controls, we assembled three
lists of validated surface proteins: antibody–drug con‐
jugate  (ADC)  targets,  T-cell  engager  (TCE)  targets,
and viral-entry receptors.

ADC targets
The  ADC  list  (n  =  234)  is  the  union  of  targets  from
TheraSAbDab,  Open  Targets  ADC  annotations,  and
ADCdb. For TheraSAbDab (Raybould et al.,  2020),  we
retrieved entries designated as antibody–drug conju‐
gates  and  removed  non-cytotoxic  conjugates  misla‐
beled as ADCs. We then added targets of drugs anno‐
tated as ADCs in Open Targets release 26.06 (Buniello
et al.,  2025).  Because these drugs have mechanism-
of-action records for both the antibody and its cyto‐
toxic payload, we kept only records whose target was
the antibody’s cell-surface antigen. For ADCdb (Shen
et al., 2023), the largest and least thoroughly validated
database, we applied a text filter to the antigen name
and functional description to remove intracellular, nu‐
clear, and secreted protein families that had been in‐
correctly included. Multi-target records were mapped
to their primary antigen only. After we joined all three
sources,  Open  Targets  contributed  no  antigens  be‐
yond those already in the other two. A few borderline
secreted or extracellular-matrix proteins from ADCdb
still  survived  filtering  (for  example,  fibromodulin,  fi‐
bronectin,  and  cathepsin  D).  Notably,  ADCdb  targets
have  heterogeneous  evidence  levels,  and  many  are
preclinical,  still-speculative  targets  rather  than
validated surface proteins.

T-cell engager targets
The  TCE  list  (n  =  30)  was  also  derived  from
TheraSAbDab  (Raybould  et  al.,  2020).  Because
TheraSAbDab has no TCE annotation, we took the tar‐
gets of antibodies whose format was bispecific, trispe‐
cific,  or  tetraspecific  and  whose  target  list  included
CD3E. The final set comprises 28 disease-target anti‐
gens plus the CD3D and CD3E chains of the engaged
T-cell CD3 complex.
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Viral-entry receptors
The viral-entry-receptor list (n = 62) comprises human
cell-surface  viral-entry  receptors  from  Expasy
ViralZone (Hulo et al., 2011). Protein receptors were re‐
solved  to  UniProt  accessions  and  then  HGNC  identi‐
fiers;  non-protein  entries  (e.g.,  glycan  and  glycolipid
receptors) and non-human accessions were excluded.

The  final  lists  are  in  the  source  data  for  Figure  S7: 
https://gist.github.com/beccajcarlson/3ab5d‐
f749b576912959c75fe7013d78c and  stably  deposited
at  https://archive.softwareheritage.org/
swh:1:rev:30631354d617077d5c2ea942a43ee345c385f
c2a;path=/positive_control_db_coverage_bars.tsv.

Triage agent
The triage agent classified each protein as yes, con‐
textual,  or  no for plasma-membrane surface accessi‐
bility, with a single reason drawn from a fixed 19-cate‐
gory  set  and  a  brief  rationale.  Eight  Claude  models
(Haiku 4.5 and 5.5; Sonnet 4.6, 5, and 5.5; Opus 4.8, 5,
and 5.5) were run across up to four context conditions
per model for all  147 SurfaceBench proteins: (i)  gene
symbol only; (ii) a resolved-identifier condition pairing
the  NCBI  summary  with  a  canonical  identifier  table
(HGNC-approved  name,  UniProt  accession,  aliases,
previous symbols, HGNC gene groups, and CD desig‐
nation);  (iii)  condition  ii  plus  an  on-demand  web-
search  tool;  and  (iv)  literature  anchoring,  in  which
PubMed evidence for cell-surface accessibility was re‐
trieved  in  advance  and  appended  to  the  prompt.  All
variants  share  verdict  definitions,  reason  taxonomy,
pre-“no” checklist, and output schema, differing only in
context;  the  prompts  are  archived  with  the  code
release (prompts at v1.3.0).

Proteome-wide two-stage triage
All  19,324  protein-coding  genes  in  the  cohort  were
triaged in two stages. In stage one, a tool-free triage
agent (Sonnet 4.6 with NCBI gene context) classified
each protein in a single replicate. Stage two was a sin‐
gle PubMed-augmented pass (condition iv above) that
re-read  stage-one  “no”  calls,  so  that  a  documented
surface  form  could  overturn  the  stage-one  call.  The
pass covered two groups of genes: database-negative
proteins, absent from every reference database (n =

12,987), and single-database proteins, the 1,417 high-
confidence “no” calls carried by exactly one database,
which  were  re-checked  before  the  conservative  trim
was  applied  (see  Cohort-scale  execution,  Candidate
universe).  A protein reclassified as yes or  contextual
was kept; in all, stage two reclassified 379 proteins as
surface (Figure 4a).  The two-stage sweep recovered
1,108 candidate surface proteins that were absent from
all five reference databases.

Deep-dive annotation pipeline

Literature retrieval
All  literature  sources  are  free  to  query;  we  used  an
identifying user-agent and did not bypass robots.txt.

Discovery
Each protein’s candidate search list was the union of
three queries: a) NCBI PubTator3 named-entity recog‐
nition  (NER)-anchored  search,  in  the  form
@GENE_<symbol> <topic terms>, returning papers in
which  NCBI’s  NER  tagged  the  protein  as  a  subject
entity, not as an incidental mention (Wei et al., 2024);
b) NCBI gene2pubmed cross-references, surfaced via
Europe  PMC’s  EXT_ID  disjunct,  returning  National  Li‐
brary of Medicine–curated paper-to-gene links (Sayers
et  al.,  2022);  and  c)  Europe  PMC  keyword  search,
which provided topic-anchored backfill against paired
gene-synonym  and  surface-method  clauses  (Fergu‐
son et al., 2021). On a random 100-protein test cohort,
this union returned a median of 234.5 papers per pro‐
tein, ranging from ~12 for orphan proteins to ~412 for
well-studied receptors.

Candidate filtering
Papers without an abstract were not considered fur‐
ther.  When  a  batch  of  newly  discovered  candidates
numbered at  least  50,  rule-based filters removed re‐
views by publication type (except those in high-quality
review  journals)  and,  by  title,  drug-development  re‐
views and atlas or proteome-wide screens, and the re‐
maining batch was capped at 160 papers, keeping the
most recent. On three heavily studied proteins these
rules retained 94–100% of papers that contributed evi‐
dence. A Haiku 4.5 agent then read each abstract and
either discarded the paper (it studies a different pro‐
tein or mentions this one only in passing), kept the ab‐
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stract alone (it already states the surface-biology find‐
ing),  or  marked it  for  full-text reading;  if  the full  text
could not be recovered, the abstract was used instead.
A Haiku trim pass cut each retrieved paper to its rele‐
vant  passages,  explicitly  retaining  evidence  against
surface localization (for example, primarily intracellular
localization  or  no  detectable  surface  signal),  and  a
Sonnet pass selected the final evidence, tagging each
claim as supporting, refuting, or ambiguous. Papers re‐
moved  before  the  trim  pass  were  not  audited  for
contradicting evidence.

Full-text recovery
For  each  candidate  paper  selected  for  evidence  ex‐
traction,  full-text  retrieval  was  attempted  through
three tiers, moving to the next on a miss. (1) PMC JATS
XML,  queried  first  through  NCBI  E-utilities  and  then
falling back to Europe PMC’s mirror; PMID-only papers
were  linked  to  PMC  via  NCBI  eLink’s  pubmed_pmc
linkname.  JATS  was  preferred  because  it  preserves
section  structure,  which  otherwise  must  be  recon‐
structed  from  PDF  layout.  (2)  Unpaywall,  which  re‐
solves the DOI to a list of open-access (OA) locations;
up to four PDF URLs were attempted, ranked by quality
(publisher publishedVersion above repository accept‐
edVersion). PDFs were streamed under an 80 MB cap
and parsed by pdfplumber with gutter-based two-col‐
umn  detection  and  font-aware  heading  recognition.
(3) DataCite landing-page scrape, where the DataCite
REST API returns the landing URL and the OA license;
the  landing  page’s  <meta  name="citation_pdf_url">
tag provides the article PDF URL. The same 80 MB cap
applied. Each clip records its recovery tier and, when
available, its OA license.

OpenAlex
We evaluated OpenAlex (Priem et al., 2022) as an alter‐
native discovery source on the same 100-protein co‐
hort under matched 21-axis search parity and did not
adopt it, because it added few reachable on-topic pa‐
pers at higher LLM cost and its free-tier rate limit was
incompatible  with  a  proteome-wide  sweep
(Supplementary Note 1; Figure S10).

Deep-dive pipeline architecture
Each protein in the candidate universe (in at least one
reference database or called surface by the two-stage
triage, minus the 1,401-protein trim; see Candidate uni‐
verse) was processed by a deep-dive pipeline that re‐
turns a single structured record (SurfaceomeRecord)
with  per-claim  literature  citations  and  an  immutable
set of precomputed deterministic features. The pipe‐
line calls the Anthropic Messages API directly. End-to-
end  cost  was  a  median  of  $1.32  per  protein  (mean
$1.43;  10th–90th percentile $0.50–$2.47) at  the Son‐
net 4.6 tier, with a median wall-clock time of ~9 min‐
utes (550 s; 10th–90th percentile 3.8–17 min).

The pipeline runs in three stages. First,  a plan_trim_
select  step  issues  two  paired  Sonnet  calls,  one  for
each  track  (Surface  Evidence  and  Surface  Biology),
that  read  the  triage  record,  the  saved  literature  cor‐
pus, and the protein’s identifier bundle. These decide
which  evidence  subsets  each  downstream  block
builder  receives,  bounding  the  cost  of  the  fan-out.
Second, eight block builders populate the record’s nine
sections in two waves: six run concurrently (methods,
contradictions,  expression,  subloc_anatomical_com‐
bined,  accessibility_modulation,  and  biological_con‐
text_grade, where the combined builder fills both the
subcellular-localization and anatomical sections), and
two run afterward because they need inputs the first
wave does not have. The evidence_grade builder uses
the methods builder’s per-claim annotations to assign
the  evidence  grade:  direct_single_method,  direct_
multi_method,  supportive_but_indirect,  conflicting,
or weak; and the risks builder reads the combined Sur‐
face Evidence and Surface Biology evidence together
with the deterministic features, which are fetched af‐
ter  the  first  wave,  to  identify  surface-accessibility
risks.  Each  methods  row  records  the  method  family
and  subclass,  permeabilization,  expression  system
(endogenous or overexpressed), and whether the ex‐
periment shows direct surface accessibility, supports
plasma-membrane  localization,  supports  membrane
association only, or reports expression only. For Figure
S13, rows were grouped into eight method categories
by subclass where family and subclass disagreed (for
example,  cell-surface capture filed under a  biotinyla‐
tion  or  glycoproteomics  family),  and  only  direct  and
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supporting  rows  were  counted.  Third,  a  synthesizer
reads all nine sections and the deterministic features
and  writes  the  executive_summary  block,  including
the  headline  surface-accessibility  verdict,  the  sur‐
face_call_reason  enum  value  drawn  from  TriageRea‐
son, and overall confidence.

Every  record  is  validated  against  the  SurfaceomeRe‐
cord Pydantic schema. A draft that fails validation re-
runs from the last completed stage; the plan_trim_se‐
lect output is checkpointed, so a retry costs only the
failed sub-call (~$0.05) rather than the full plan_trim_
select  phase.  The  schema  separates  LLM-graded
fields from deterministic features: the deterministic_
features  region  is  read-only  to  every  LLM  call,  and  a
Pydantic cross-validator on the synthesizer’s draft re‐
jects  any  agent-written  value  in  this  region.  Before
synthesis,  three  deterministic  passes  are  applied  to
the risks builder’s output: the ECD-accessibility class
is  set  from  the  DeepTMHMM  ECD  length,  a  homo-
oligomerization  prediction  is  attached  from  the
Schweke atlas, and a secreted form is flagged when an
isoform has no transmembrane helix but keeps at least
30 extracellular residues. After synthesis, determinis‐
tic  consistency  rules  drop  headline  risks  that  the
structured risk  fields do not support,  withdraw a se‐
creted-form risk that has no citation and no corrobo‐
rating localization or fractionation evidence, and rec‐
oncile state dependence, surface accessibility, and the
surface-call  reason  with  one  another.  Validated
records are published as JSON snapshots and to the
public Cloudflare D1 database that backs the API.

Deep-dive scoring
Calls are made per gene: a protein counts as surface if
any documented proteoform reaches the extracellular
face,  such  as  a  membrane-bound  splice  form,  the
transmembrane precursor of a shed ectodomain, or a
secreted  protein  held  at  the  surface  by  a  partner.
Forms  that  could  compete  with  or  mask  the  surface
form  (shed  or  secreted  forms,  isoform  decoys)  are
recorded as risks, conflicting isoform-level evidence is
recorded as a contradiction, and membrane topology
is reported for every UniProt isoform. Each protein with
a deep-dive record was assigned to exactly one of five
mutually exclusive surface tiers (canonical, likely, low,
uncertain,  or  no),  spanning  a  spectrum  from  gold-

standard surface evidence to a negative call (proteins
lacking a deep-dive record were excluded). These tiers
are  separate  from  each  record’s  confidence  field,
which rates certainty in the call in either direction, and
from the evidence grade, which rates only the strength
of evidence for surface localization. Tiers are determin‐
istic  predicates  over  the  record’s  structured  scores;
the two positive tiers match the catalog’s presets.

The evidence grade used for tiering is the synthesiz‐
er’s  summary  grade  (evidence_grade_summary),
which  takes  the  same  values  as  evidence_grade.  A
protein qualified as likely if its grade was direct_multi_
method, direct_single_method, or supportive_but_in‐
direct,  or  was  weak  with  a  structurally  unambiguous
surface_call_reason  (classical_surface_receptor,
multipass_with_exposed_loops, gpi_anchored, or tis‐
sue_restricted_surface);  surface_specificity  ∈  {sur‐
face_dominant, mixed, mostly_intracellular}; and sur‐
face_accessibility  ∈  {high,  moderate}.  It  qualified  as
canonical  (a  stricter  subset  of  likely)  if  its  surface_
call_reason was neither tissue_restricted_surface nor
lysosomal_exocytosis,  its  grade  was  direct_multi_
method, direct_single_method, or supportive_but_in‐
direct, and it satisfied surface_specificity ∈ {surface_
dominant, mixed}, surface_accessibility ∈ {high, mod‐
erate}, confidence ∈ {high, moderate}, evidence_den‐
sity ∈ {high, moderate}, and either state_dependence
∈ {low, moderate, unclear} or expression_level ∈ {mod‐
erate, high}. Canonical was evaluated first, so the plot‐
ted likely tier excludes canonical proteins.

Proteins failing the likely predicate (mostly those with
weak or conflicting experimental evidence) were split
into three tiers by their tentative surface_accessibility
call:  low  (surface_accessibility  ∈  {low,  moderate};  a
positive-leaning “maybe surface” call  below the likely
bar), uncertain (surface_accessibility = uncertain; no
directional signal), and no (surface_accessibility = no;
a negative-leaning call). These tiers reflect the direc‐
tion of the lean, not evidence strength; weak-evidence
proteins  populated  all  three,  most  falling  in  low.  Be‐
cause they rest on thin literature, these tiers are provi‐
sional.
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Cohort-scale execution

Candidate universe
Proteins were carried forward to deep-dive annotation
if  they were in ≥1 of the five reference databases or
called positive by the two-stage triage (union rule). We
then  applied  a  conservative  trim,  removing  proteins
called high-confidence non-surface by triage and sup‐
ported  by  only  one  database  (1,401  proteins).  Every
trimmed  protein  had  first  been  re-checked  with
PubMed in stage two and was still called “no”: 1,364 of
the  1,417  in  the  single-database  group  (the  other  53
were reclassified and kept), plus 37 supported only by
UniProt’s  expanded  rule,  which  had  been  database-
negative  under  the  initial  cutoffs  and  so  were  re-
checked in the database-negative group.

Deep-dive scaling
Each protein in the candidate universe was annotated
independently,  parallelized  across  on-demand  cloud
workers (Modal; up to ~200 concurrent).

Run-to-run reproducibility
To  measure  reproducibility,  we  drew  50  proteins  uni‐
formly at random from the 5,332 deep-dive records, in
two disjoint batches of 25, and re-analyzed each in two
ways (Figure S16). In a full re-run, the pipeline was re-
executed  from  scratch  with  the  same  prompts  and
models, three months after the published run, so the
comparison also captures new literature and changed
search  results.  In  a  fixed-evidence  replay,  each
record’s published evidence was reused and only the
section builders and synthesizer were re-run. For each
of the 24 LLM-derived filter fields, the binary surface
call, and the five-tier surface scale, we computed Co‐
hen’s  κ  between  the  re-analysis  and  the  published
record, using linear weights for ordered fields and un‐
weighted κ for nominal fields and yes/no flags (Sim and
Wright, 2005). State dependence and co-receptor de‐
pendency were scored on their ordered levels only, ex‐
cluding records called unclear or unknown. Confidence
intervals  were  95%  percentile  intervals  from  5,000
paired  bootstrap  resamples  of  proteins,  and  agree‐
ment  was  interpreted  using  previously  published
bands  (McHugh,  2012).  Re-analyzed  records  are  not
part of the published catalog; all three versions of each

sampled record (published, full re-run, and replay) are
available as labeled reproducibility replicates through
the public API (/v1/replicates) and in the Zenodo data
record.

Deterministic features
Each record carries seven precomputed deterministic
features  from  public  structural  and  orthology  re‐
sources.

1. Cross-species orthology
Mouse  and  cynomolgus  one-to-one  high-confidence
orthologs  come  from  Ensembl  Compara  via  BioMart
REST  (release  115)  (Dyer  et  al.,  2025;  Vilella  et  al.,
2009). One-to-many and many-to-many relationships
are  dropped  at  ingest;  the  Ensembl  orthology-confi‐
dence flag is read directly from BioMart. Per retained
ortholog we record the Ensembl gene ID, symbol, and
full-length  and  ECD-restricted  %-identity  to  human
canonical.

2. Paralogs
Paralogs  come  from  Ensembl  Compara’s  within-
species homology table (same BioMart source, release
115). Per protein, we retain the top-N paralogs ranked
by ECD %-identity to canonical; DeepTMHMM topology
and  sequence  are  attached  only  to  close  paralogs
whose  full-length  identity  to  canonical  is  ≥80%  (Ed‐
fors et al.,  2018). More distant paralogs carry identity
statistics only. The 80% floor follows Edfors et al., who
found that above this identity a single-target antibody
is generally unachievable.

3. Isoforms
We enumerate UniProt-annotated alternative isoforms
from the topology sweep. Because Compara does not
pair splice variants of one gene, we compute pairwise
identity  directly  using  the  same  BLOSUM62  helper
used for paralogs and orthologs, retaining full-length
and  ECD-restricted  %-identity  plus  an  ECD  BLO‐
SUM62-positive  similarity.  Each  isoform’s  per-residue
topology is projected onto the canonical residue axis
so all variants align in the viewer.
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4. Membrane topology
We  run  DeepTMHMM  1.0.24  (Hallgren  et  al.,  2022)
across four cohorts — human canonical, annotated al‐
ternative isoforms, mouse orthologs, and cynomolgus
orthologs — with every distinct paralog UniProt acces‐
sion added to the human canonical cohort so that ECD
%-identity is computable for every human–paralog pair
regardless  of  full-length  divergence.  DeepTMHMM  is
preferred to UniProt’s curated topology, which is spars‐
er for less-studied proteins and lags isoform-specific
updates.  From the per-residue calls  we compute the
extracellular-domain length in residues (ecd_length_
residues) and, before synthesis, bin it into one of five
accessibility  classes:  none,  minimal  (<30  residues),
small  (30–59),  moderate  (60–199),  or  large  (≥200).
The synthesizer prompt lists the same thresholds, but
the rendered value is always the deterministic one.

5. AlphaFold structure
For  each  canonical  UniProt  accession  we  record  its
AlphaFold DB (Bertoni et al., 2026) entry — entry ID and
version, the mean pLDDT over the ECD, the fraction of
ECD residues below pLDDT 50 as a disorder proxy, and
the model’s CIF, PDB, and PAE file URLs. We also record
one representative experimental structure per canoni‐
cal  UniProt  accession,  chosen  from  the  PDBe  SIFTS
UniProt→PDB  best_structures  mapping  by  highest
coverage,  then best (lowest) resolution (Dana et  al.,
2019).

6. Candidate binding sites
For proteins covered by the SURFACE-Bind atlas (Balbi
et al., 2026), we ingest the published per-site MaSIF-
scored  binding-patch  arrays  —  site  identifier,  anchor
residue, buried surface area in Å², an Eisenberg-style
patch  hydrophobicity  score  (positive  =  lipid-facing;
negative  =  solvent-exposed),  and  per-site  α-helical
and  β-strand  seed  counts  (the  number  of  de  novo
binder  backbones  passing  MaSIF  scoring)  —  and  the
per-protein  summary  counts  that  the  synthesizer
reads.  SURFACE-Bind  covers  1,649  of  the  2,886  pre‐
dicted  surface  proteins  Balbi  et  al.  scored;  proteins
absent from the table are marked has_data=false.

7. Homo-oligomerization
Homo-oligomer state comes from the Schweke 2024
AF2-derived  homomer  atlas  (Schweke  et  al.,  2024),
which  predicts  whether  each  human  protein  assem‐
bles into a homo-multimer in its native context.

Topology classification and benchmark-
composition statistics
Each protein was assigned to exactly one of eight mu‐
tually exclusive topology classes derived deterministi‐
cally from its UniProt keyword annotations (transmem‐
brane-helix  count,  signal-peptide  count,  lipidation
count, and the GPI-anchor, intramembrane, G-protein-
coupled-receptor, prenylation, myristoylation, and se‐
creted keywords) together with its DeepTMHMM per-
residue  topology  prediction.  Assignment  followed  a
fixed  priority  order  —  GPI-anchored,  then  intramem‐
brane, then 7TM GPCR (the dedicated GPCR keyword
with  at  least  five  predicted  helices),  then  generic
multi-pass  TM  (≥2  helices),  single-pass  TM  (exactly
one  helix),  signal-only/likely-secreted  (a  signal  pep‐
tide with no TM and no anchor), inner-leaflet lipidated
(prenyl or myristoyl anchor with no TM and no signal
peptide), and finally no-TM/no-signal — so that, for ex‐
ample, a GPI anchor took precedence over a stray an‐
notated helix. The nine categories reported in  Figures
S8 and S9 were seven of these classes (all except in‐
tramembrane), namely GPI-anchored, 7TM GPCR, mul‐
ti-pass TM (non-GPCR), single-pass TM, likely secret‐
ed,  inner-leaflet  lipidated,  and  no-TM/no-signal,  plus
two overlapping features: glycosylation site (presence
of  any  UniProt-annotated  glycosylation  feature)  and
TM without signal peptide (the DeepTMHMM TM-only
class). Proteins lacking UniProt keyword or DeepTMH‐
MM data were treated as missing rather than negative.

Web viewer and public API

Viewer
The catalog viewer is a standalone Next.js 16 applica‐
tion  (React  19,  Node  24),  statically  exported  and
hosted  on  Cloudflare  Pages  at  sur‐
faceome.deliverome.org. Each protein page has a read‐
er-feedback form; moderated public entries are shown
on the protein page via /v1/feedback/public.
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Public API
Programmatic access is provided by a Cloudflare Work‐
er  at  api.deliverome.org/surfaceome/,  with  read-only
access to the public D1 database (apart from reader-
feedback submissions) and open CORS. Resource end‐
points  cover  the  annotated-protein  list  and  per-pro‐
tein  SurfaceomeRecord  (/v1/genes,  /v1/genes/{sym‐
bol}), the whole-cohort catalog with per-protein data‐
base flags and canonical  triage verdict (/v1/catalog),
per-gene  and  per-model-and-prompt  triage  detail  (/
v1/triage/{symbol},  /v1/triage/{symbol}/{model}/{vari‐
ant}), the SurfaceBench truth and per-model call ma‐
trix  (/v1/benchmark,  /v1/benchmark/matrix),  and  or‐
tholog lookups (/v1/orthologs/{symbol}).  Long-format
TSV exports of the triage and benchmark tables (/v1/
triage/export.tsv,  /v1/benchmark/export.tsv)  support
bulk reanalysis and are archived on Zenodo (Carlson
and  Smallegan,  2026a).  Live  API  documentation  is
available at https://surfaceome.deliverome.org/api/.

Record  history  and  data  releases. Starting  after  re‐
lease 1.0.0,  the Worker’s served response is  archived
each time a record is published. The archive covers the
record JSON, the per-protein evidence ledger, and the
Markdown export, each stored content-addressed by
SHA-256.  A new revision is  written only when one of
the  three  content  hashes  changes.  Hashes  exclude
serve-time  timestamps,  so  unchanged  content  does
not  create  revisions.  Revisions  are  numbered  from  1
per  protein,  and  each  records  its  publication  time,
schema  version,  and  prompt-corpus  version,  plus
which components changed. Archived bodies are im‐
mutable  and  served  at  /v1/genes/{symbol}/revisions/
{n}  (with  /evidence  and  .md  variants).  A  numbered
data release freezes the current revision of every pro‐
tein.  Releases  are  listed  at  /v1/releases,  record  their
GitHub  tag  and  Zenodo  version  DOI,  and  serve  each
protein as it stood in that release at /v1/releases/{ver‐
sion}/genes/{symbol}.  Each release takes the reposi‐
tory’s  semantic  version  and  is  deposited  on  Zenodo,
with its records, as a new version of the data record.
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Supplementary information
Supplementary Table 1. 19-category reason taxonomy for surface protein triage agent verdicts. Reason codes assigned
alongside each verdict (5 surface, 5 contextually surface, 8 non-surface, plus “other”).

SURFACE CONTEXTUALLY SURFACE NON-SURFACE

classical_surface_receptor

Single-pass transmembrane protein

tissue_restricted_surface

Surface form exists only in specific
tissues / cell types / context

cytoplasmic

Soluble cytoplasmic; no membrane
association

multipass_with_exposed_loops

Multi-pass TM

dual_localization

Stable PM pool with dominant non-
PM

nuclear

Nuclear-resident

gpi_anchored

GPI-anchored on the outer leaflet

stable_surface_attachment

Secreted protein stably attached
post-translationally

endomembrane_resident

Intracellular compartment only; no
documented PM access

stable_complex_partner

Protein stably on the surface as part of
an anchored complex (e.g., B2M)

cell_state_induced

Reaches the outer leaflet only in a
non-baseline cell state

mitochondrial_internal

Mitochondrial matrix or matrix-
facing inner membrane

extracellular_face_protein

Any other architecture with an explicit
extracellular face

lysosomal_exocytosis

Lysosomal TM protein that reaches
the PM during lysosomal exocytosis

secreted_only

Secreted with no stable surface
anchoring

inner_leaflet_anchored

Lipidated on the cytoplasmic
(inner) face of the PM

pmhc_only_intracellular

Protein body intracellular;
documented surface is just MHC-
presented peptides

nuclear_envelope

Inner / outer nuclear membrane only
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Supplementary Figure 1. Re-deriving each source database’s surface-inclusion rule against SurfaceBench changes which
proteins two of the five sources admit, while the other three are left unchanged. Each panel shows one source database;
points are alternative inclusion rules of increasing permissiveness, plotted by the number of proteins each would admit
(horizontal axis, log scale; further left is stricter) against accuracy on SurfaceBench (vertical axis). Points are annotated with
sensitivity and specificity. The original rule and the rule adopted after the benchmark audit are marked. UniProt was loosened by
additionally accepting transmembrane- and signal-peptide-annotated entries, recovering GPI-anchored and single-pass
receptors it had been missing with little loss of specificity. CSPA was tightened by restricting it to high-confidence detections
only, improving specificity at comparable recall. Human Protein Atlas and SURFY were already at their optimum and left
unchanged; GO was left unchanged because its accuracy gain did not justify the extra proteins admitted. Figure data and
script.
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Supplementary Figure 2. Supplying protein-coding gene identifiers, but not web search or pre-fetched PubMed abstracts,
drives within-tier accuracy gains in language-model triage on the 147-protein benchmark. Bars show mean soft-credit verdict
accuracy across replicates. Eight Claude models (Haiku 4.5 and 5.5; Sonnet 4.6, 5, and 5.5; Opus 4.8, 5, and 5.5) are compared
under up to four conditions: gene symbol alone (naive); symbol plus a cached gene summary and stable HGNC/UniProt
identifiers (+IDs); identifier context plus an on-demand web-search tool; and identifier context plus PubMed abstract excerpts
retrieved in advance and appended to the prompt. Opus 5.5 was also run with identifiers at low reasoning effort. Three
replicates per protein per condition (points; error bars SEM). Refused calls (Opus 5.5 only) are excluded from accuracy, and the
share refused is printed on the bar. Color indicates model generation. The two lavender bars are the configurations the
production pipeline runs: Sonnet 4.6 with identifiers for the genome-wide triage sweep, and the same model with PubMed
abstracts for the stage-two PubMed pass. Figure data and script.
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Supplementary Figure 3. Across model tiers and amounts of supplied context, triage accuracy saturates near 98% well
before cost does, so the cheapest configuration reaching that plateau is the economical production choice. Each point is
one model–context combination, as in Supplementary Figure 2. The horizontal axis is the projected cost of triaging all 19,324
protein-coding genes once (log scale); the vertical axis is mean soft-credit accuracy on SurfaceBench. Cost is built from
average tokens sent and returned per call at Anthropic’s October 2026 list prices, with shared instructions charged once at the
first-use rate and reused cheaply, and each web search billed at one cent. Moving from Sonnet 4.6 to Opus 4.8 costs roughly 1.8
times as much for 0.7 percentage points, and adding a search tool costs more than moving to Opus — the two web-search
configurations are among the three most expensive points on the chart. Production uses Sonnet 4.6 with identifiers, which
came within 0.7 percentage points of Opus 4.8 at the lowest cost among the models available when the pipeline was built; of
the later Claude 5.5 models, Haiku 5.5 came within a point of it at about a fourteenth of the cost, and Sonnet 5.5 was the most
accurate configuration tested. Refused calls are excluded from accuracy and the refusal rate is labeled (about 5% for Opus 5.5
at its default reasoning effort and 4% at low effort; no other model refused). Color indicates model generation. The two
lavender points are the production triage configuration and the PubMed-abstract variant used for the stage-two PubMed pass. 
Figure data and script.
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Supplementary Figure 4. The triage agent’s localization reasoning matches the manual curator on 87.8% of SurfaceBench
proteins, with only 3 of 18 residual disagreements moving a protein between surface and non-surface. Curator and agent
reasons are drawn from the same closed set (Supplementary Table 1), grouped into yes, contextual, and no buckets. a) Bucket-
strict accuracy across all model-and-configuration cells (Haiku 4.5, Sonnet 4.6, Opus 4.8), with per-replicate dots and SEM; a
Yes-versus-Contextual mismatch gets no credit. b) Per-reason exact agreement for four frontier configurations (best Haiku,
Sonnet with identifiers, Sonnet with PubMed, best Opus), ordered Yes to Contextual to No. c) The Sonnet 4.6 plus NCBI
confusion matrix, blocked by bucket; the largest off-diagonal is a within-No-bucket swap that leaves the surface verdict
unchanged. Figure data and script.
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Supplementary Figure 5. Ensembling the five gold-standard surface databases does not close the accuracy gap to the
Sonnet 4.6 triage agent. Soft-credit accuracy on SurfaceBench is shown for seven predictors: the production triage agent
(Sonnet 4.6 with identifiers; mean of three replicates, dots; error bar SEM), the single best-performing database (UniProt under
its transmembrane- and signal-peptide-expanded rule), and five ensemble predictors that call a protein surface when at least
one (the union), two, three, four, or all five databases do. Each database (UniProt, GO cellular component, HPA, SURFY, CSPA) is
applied under its SurfaceBench-calibrated inclusion rule (Supplementary Figure 1). Accuracy peaks when two databases must
agree (83.7%) and falls on either side. No ensemble matches the best single database (89.8%) or the triage agent (97.5%). 
Figure data and script.
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Supplementary Figure 6. No single surface database recovers more than a fraction of the genome-wide accessible
surfaceome the triage agent identifies. Because no hand-curated truth exists at genome scale, agreement is measured
across all 19,324 protein-coding genes against the production two-stage triage verdict (yes, contextual, or no) as the
reference. A database surface call agrees with an agent yes or contextual; a non-surface call agrees only with no. The
databases fall hardest on contextually surface proteins, for which none has an explicit category. Figure data and script.
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Supplementary Figure 7. The two-stage Sonnet 4.6 triage agent recovers near-complete coverage of validated surface
targets, including targets no individual database calls, across three orthogonal positive-control sets. Each bar is the fraction
of an independently curated target set that a source labels surface: the five gating databases (UniProt and CSPA on their
SurfaceBench-optimized cutoffs; GO CC, SURFY, and HPA on their native cutoffs) and the two-stage Sonnet 4.6 triage agent
(yes or contextual). a) Antibody–drug conjugate targets (n = 234): the union of TheraSAbDab ADCs, Open Targets 26.06 ADC
mechanism-of-action targets, and ADCdb antigens, HGNC-resolved, after removing non-cytotoxic conjugates (tedromer/
celmoleukin/cafraglutide), Open Targets family-expansion artifacts, and ADCdb’s secreted/intracellular antigens. b) T-cell
engager targets (n = 30): TheraSAbDab CD3-binding bispecifics. c) ViralZone human viral-entry receptors (n = 62). Sonnet
covers 233/234 (99.6%) of ADC targets, 30/30 (100%) of TCE targets, and 61/62 (98.4%) of viral-entry receptors, exceeding the
best single database (UniProt) in every panel. Eight ADC targets and one TCE target sit in zero of the five databases yet are
recovered by Sonnet (ASPH, FMOD, GSDME, HSPA1A, KLK2, KLK3, LRG1, MMP9; KLK2 is in both sets). Most reflect contextual-
surface biology (stress-induced chaperones, pyroptotic gasdermin, shed/contextually surface proteases) that the databases’
steady-state definitions miss; two, FMOD and KLK3, are secreted or matrix proteins rather than bona fide surface antigens, and
the deep dive called them non-surface. Figure data and script.
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Supplementary Figure 8. SurfaceBench over-samples the membrane topologies where databases disagree, so its measured
accuracy is not a representative estimate of full-catalog performance. The per-class composition of the hand-curated
benchmark is compared against the 4,628 proteins the two-stage triage agent calls surface across nine membrane-topology
classes, with each class tested by an exact two-tailed binomial test of the benchmark count against the population proportion,
Bonferroni-corrected across the nine classes. The benchmark is significantly enriched for glycosylation-site-bearing and GPI-
anchored proteins and depleted for multi-pass transmembrane proteins and transmembrane proteins without a signal peptide. 
Figure data and script.

D E L I V E R O M E  B I O 36

https://gist.github.com/beccajcarlson/f724dd328f48566a354f0294109a7337
https://gist.github.com/beccajcarlson/f724dd328f48566a354f0294109a7337


Supplementary Figure 9. Each surface source is enriched for a distinct set of membrane-topology architectures, but that
enrichment and its genome-wide coverage are separate quantities. Bubble matrix of inclusion sources (rows) × topology
features (columns) over the candidate-surfaceome universe: dot area is within-source enrichment (fraction of that source’s
own calls carrying the feature) and dot color is coverage (fraction of the whole surface universe those proteins represent).
CSPA is strongly glycosylation-enriched (~96% of its own calls) yet covers only ~14% of the universe, reflecting its N-
glycocapture chemistry and cell-line detection limits. SURFY and UniProt show the same glycosylation enrichment at larger
scale. Zero-database Sonnet rescues differ by how they were called: those called from the gene summary alone (no literature;
794) are mostly predicted secreted (55%) and glycosylated (41%), whereas those rescued only once PubMed literature was
added (314) mostly lack both a transmembrane segment and a signal peptide (49%), so their surface localization is evident only
from the literature. Figure data and script.
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Supplementary Figure 10. Casting a wider literature net surfaces several times more papers per protein, but most of the
additional papers are unreachable, which is why the broader strategy was not adopted. Two discovery strategies were
compared on the same random genes and retrieval chain: the production strategy, which searches Europe PMC and adds
machine-annotated PubTator mentions, NCBI’s curated gene-to-publication links, and standing topic queries; and a broad
alternative issuing one gene-name query plus method-keyword queries against the OpenAlex index, which also reaches
preprints and non-PubMed journals. OpenAlex discovered about 3.6-fold more papers per protein, but the reachable full-text
fraction fell from 89% to 49%, and the extra papers were mostly inaccessible or off-topic (Supplementary Note 1). Figure data
and script.
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Supplementary Figure 11. For SurfaceBench proteins subjected to deep-dive analysis, the evidence-based assessment
matched the soft-credit accuracy of Sonnet+NCBI triage, while the surface tiers reflected the difficulty of each case. For the
113 deep-dived SurfaceBench genes, deep-dive and Sonnet+NCBI triage calls are scored against the curated verdict under the
soft-credit rule. a) Overall soft-credit accuracy. b) Accuracy split by ground-truth bucket (yes / contextual / no). Deep-dive bars
are stacked by the tier assigned to correctly classified genes (palette as in Figure 5a): ground-truth-yes genes are called
mostly canonical (58 of 68), contextual genes mostly likely (21 of 30 correct), and the correct non-surface calls all land in no.
Sonnet+NCBI bars are the mean of three replicates (dots; error bar SEM); the deep dive was run once, so its bar has no spread.
The two methods agree overall (97.3% vs 96.8%) and on ground-truth-yes genes (both 100%); the deep dive scores higher on
contextual genes (96.8% vs 89.2%) and lower on non-surface genes (85.7% vs 97.6%; both misses were called low). None of
these differences is significant by an exact McNemar test on paired gene-level correctness (overall p = 1.0; contextual p = 0.63;
non-surface p = 0.50). Figure data and script.
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Supplementary Figure 12. The number of papers retained as evidence per protein rises with the size of the discovery corpus,
and the agent’s evidence-quality grade tracks the depth of the retained set. a) For each deep-dived protein (n = 5,332), the
number of papers found during literature discovery (horizontal axis, log scale) against the number kept as evidence after
selection (vertical axis, linear scale); median 220 found and 10 kept. Points are colored by the agent’s evidence-quality grade:
direct (multiple independent assays), direct (single assay), supportive but indirect, conflicting, or weak or sparse. b) Deep-dive
surface tier of proteins grouped by the number of papers found. The share called canonical rises from 1% of proteins with fewer
than 75 papers to 46% of those with 200 or more, while the share called low falls from 60% to 11%. Proteins with fewer than 100
papers found that were called surface by UniProt are flagged on the viewer, as possible surface proteins with too little literature
to classify. Figure data and script.
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Supplementary Figure 13. Functional assays and flow cytometry provide most of the direct surface evidence, while
immunofluorescence and immunohistochemistry mostly place proteins at the membrane without showing they are
reachable from outside. For the 3,035 deep-dived proteins called canonical or likely, each experiment the agent extracted from
the cited literature is classified by method and judged direct (an antibody or probe reached the protein from outside an intact
cell: live or non-permeabilized staining of an extracellular epitope or tag, membrane-impermeable labeling, or a functional
readout that requires surface access) or supporting (places the protein at the plasma membrane without showing its outside is
reachable: membrane-rim staining, fluorescent-protein fusions, or membranous immunohistochemistry). a) Proteins with
direct evidence from each method (solid) and proteins for which that method reached only the supporting level (light). b) Share
of the 2,203 proteins with any direct evidence for which the method was the only direct method; immunohistochemistry had
two direct proteins, too few for a share. Colors group methods into imaging and cytometry, surface labeling or capture,
functional surface assays, and other methods (for example, cell-surface ELISA, CITE-seq antibody tags, immuno-electron
microscopy on intact cells, and membrane-impermeable crosslinking). Functional surface assays include toxin, antibody, ADC,
or CAR-T activity against live target-positive cells, live-cell radioligand binding, ectodomain shedding, and extracellular
substrate transport. Figure data and script.
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Supplementary Figure 14. Triage and database calls agree with full-text deep-dive curation most strongly for high-
confidence surface proteins (n = 5,332 deep-dived proteins). a) Fraction of deep-dive canonical, likely, and low-tier proteins
also flagged as surface by each database and by the triage agent; each fraction is taken over all proteins in that tier, so a protein
absent from a database counts as not flagged, except for HPA, which is scored only over the 2,917 proteins it imaged because
absence from HPA reflects a missing antibody rather than a negative call. b) Resolution of each triage verdict across the five
deep-dive tiers. Triage-yes is 64% canonical and 28% likely; triage-contextual spreads across likely, low, and no; triage-no
remains 76% no, with 22% upgraded to likely or low by the deep-dive pipeline. c) Triage reason (rows) versus deep-dive
structured reason (columns); exact agreement is 50%. Figure data and script.
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Supplementary Figure 15. Precomputed deterministic features distribute as expected for surface proteins across deep-dive
tiers and the triage-positive pool. Twelve topology and structural features (TM-helix count, protein length and ECD length,
signal peptide, N- and C-terminal orientation, mouse and cynomolgus 1:1 orthology, homo-oligomerization, alt-isoform topology
change, concerning paralog, and extracellular SURFACE-Bind site) compared across the canonical, likely, low, and uncertain/
non-surface tiers and the triage-positive pool: all 4,628 proteins the two-stage Sonnet 4.6 triage called yes or contextual (all
have a canonical DeepTMHMM topology), deep-dived or not, with features taken from the genome-wide tables. Figure data and
script.
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Supplementary Figure 16. Deep-dive records are reproducible, and most run-to-run differences come from which papers are
retrieved. For 50 random deep-dive proteins, we compared each of the 24 LLM-derived fields, plus the surface call and tier, with
the published record under two re-analyses. The full re-run (maroon, solid) repeated the pipeline from literature discovery
onward; the fixed-evidence replay (lavender, dotted) reused each record’s selected evidence and re-ran only the section
builders and synthesizer. Points show Cohen’s κ versus the published record, with 95% intervals from 5,000 bootstrap
resamples of proteins. Ordered fields use linearly weighted κ. State dependence and co-receptor dependency exclude unclear
and unknown calls (n shown). Green shading marks moderate (0.60–0.79), strong (0.80–0.90), and almost perfect (>0.90)
agreement (McHugh, 2012). Induction trigger is scored as a single dominant trigger, although several can apply to one protein.
Shed form is rare (4 of 50 proteins), which lowers κ despite 92% raw agreement. Figure data and script.

S UP P L EMENTA RY NOTE 1.  L I MI TATI ONS OF
F UL L -TEX T RETRI EVA L BY AGENTS

A major limitation of this work is that much of the rele‐
vant literature is not freely accessible to researchers
or automated agents. Full text, not just abstracts, mat‐

ters for such pipelines, as shown previously for protein
subcellular  associations  and  other  features  (Wester‐
gaard et al., 2018). On a random sample of the discov‐
ery corpus (100 proteins, 10 papers each), 89% of can‐
didate  papers  were  recoverable  as  full  text  (Figure
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S10). On the same cohort, a broader OpenAlex search
returned 3.6-fold more papers per protein (mean 829
vs 228) but only 49% were bot-reachable, versus 89%
for  our  targeted  queries.  Of  the  ~33  incremental  pa‐
pers Unpaywall could recover across the 100 proteins,
16 of 20 manually audited contained the protein name
in passing only. The reachable, on-topic gain was negli‐
gible, and OpenAlex’s free API, whose daily rate limit we
exhausted even at audit scale, would have required a
paid  tier  for  a  proteome-wide  sweep,  so  we  did  not
adopt it.

The bot-accessible corpus was effectively PMC (88%
of a random sample of papers), whose content is heav‐
ily weighted toward NIH- and partner-funder-mandat‐
ed deposits — a substantial narrowing of the global re‐
search record. Repositories like bioRxiv were nominally
open  but  unreachable  by  per-article  HTTP  retrieval
(full-text  data  mining  access  is  delivered  only  as
monthly bulk dumps via a requester-pays S3 bucket).
Zenodo  and  arXiv  are  bot-accessible,  but  their  DOIs
register through DataCite, where Unpaywall’s coverage
is sparser than for Crossref (DataCite DOIs were only
2.7%  of  our  sample),  and  even  a  dedicated  DataCite
fallback  reached  few  of  them.  The  obstacle  is  the
metadata,  not  the PDF:  PDF parsing is  imperfect  but
well supported, whereas DataCite metadata is created
across  many  repositories  without  a  shared  standard
for  where  the  full  text  lives;  in  our  sample,  not  one
record populated the schema’s optional  content-URL
field. We instead scraped the landing page’s “citation_
pdf_url” tag, which succeeded for only seven records:
four from arXiv, whose fixed URL scheme we parse di‐
rectly, and three elsewhere — one Zenodo and two in‐
stitutional  repositories.  What  we  missed  was  mostly
repository theses and off-topic records rather than re‐

search  papers.  No  current  tool  simultaneously  maxi‐
mizes  visibility  to  the  research  community  and  to
automated agents.

To partially close this gap, we deposited this paper to
bioRxiv (for community visibility and a Crossref-regis‐
tered  DOI)  and  to  Zenodo  as  both  a  PDF  and  a  ma‐
chine-readable  text  file  (since  Unpaywall  linking  sur‐
faces  direct  full-text  URLs),  with  the  Zenodo  record
linked to the bioRxiv DOI so that agents can retrieve it
whichever registry a tool indexes. Broader adoption of
dual  deposition,  or  a  cross-registry  resolver,  would
expand  the  corpus  available  to  literature-aware  LLM
pipelines like ours.

Finally, the accuracy of these and all other LLM-gener‐
ated calls ultimately depends on the reliability of the
claims in the machine-readable corpus. Published as‐
sertions do not always reflect the underlying data: a
claim  about  protein  localization  may  rely  on  a  poorly
validated antibody or binding reagent, arise from an ar‐
tificial experimental system, or lack adequate support
from the reported data. The literature is also enriched
for positive findings and depleted of  negative or  null
results,  though  such  findings  would  broaden  what
models learn from. We therefore need both to publish
results that do not support the original hypothesis (in‐
cluding  null  findings  and  evidence  for  alternative  hy‐
potheses)  and  to  make  post-publication  critiques
openly  available.  Journal-club  discussions,  for  exam‐
ple,  could  be  recorded,  summarized  with  AI,  and  re‐
leased,  adding  scientific  discourse  to  the  machine-
readable  record.  As  LLMs  become  widely  accessible
and increasingly serve as a starting point for scientific
reasoning,  a  public  record of  post-publication review
will help ensure that models learn not only from pub‐
lished claims, but also from the evidence and critical
reasoning needed to evaluate them.
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	Supplementary Figure 3. Across model tiers and amounts of supplied context, triage accuracy saturates near 98% well before cost does, so the cheapest configuration reaching that plateau is the economical production choice. Each point is one model–context combination, as in Supplementary Figure 2. The horizontal axis is the projected cost of triaging all 19,324 protein-coding genes once (log scale); the vertical axis is mean soft-credit accuracy on SurfaceBench. Cost is built from average tokens sent and returned per call at Anthropic’s October 2026 list prices, with shared instructions charged once at the first-use rate and reused cheaply, and each web search billed at one cent. Moving from Sonnet 4.6 to Opus 4.8 costs roughly 1.8 times as much for 0.7 percentage points, and adding a search tool costs more than moving to Opus — the two web-search configurations are among the three most expensive points on the chart. Production uses Sonnet 4.6 with identifiers, which came within 0.7 percentage points of Opus 4.8 at the lowest cost among the models available when the pipeline was built; of the later Claude 5.5 models, Haiku 5.5 came within a point of it at about a fourteenth of the cost, and Sonnet 5.5 was the most accurate configuration tested. Refused calls are excluded from accuracy and the refusal rate is labeled (about 5% for Opus 5.5 at its default reasoning effort and 4% at low effort; no other model refused). Color indicates model generation. The two lavender points are the production triage configuration and the PubMed-abstract variant used for the stage-two PubMed pass. Figure data and script.
	Supplementary Figure 4. The triage agent’s localization reasoning matches the manual curator on 87.8% of SurfaceBench proteins, with only 3 of 18 residual disagreements moving a protein between surface and non-surface. Curator and agent reasons are drawn from the same closed set (Supplementary Table 1), grouped into yes, contextual, and no buckets. a) Bucket-strict accuracy across all model-and-configuration cells (Haiku 4.5, Sonnet 4.6, Opus 4.8), with per-replicate dots and SEM; a Yes-versus-Contextual mismatch gets no credit. b) Per-reason exact agreement for four frontier configurations (best Haiku, Sonnet with identifiers, Sonnet with PubMed, best Opus), ordered Yes to Contextual to No. c) The Sonnet 4.6 plus NCBI confusion matrix, blocked by bucket; the largest off-diagonal is a within-No-bucket swap that leaves the surface verdict unchanged. Figure data and script.
	Supplementary Figure 5. Ensembling the five gold-standard surface databases does not close the accuracy gap to the Sonnet 4.6 triage agent. Soft-credit accuracy on SurfaceBench is shown for seven predictors: the production triage agent (Sonnet 4.6 with identifiers; mean of three replicates, dots; error bar SEM), the single best-performing database (UniProt under its transmembrane- and signal-peptide-expanded rule), and five ensemble predictors that call a protein surface when at least one (the union), two, three, four, or all five databases do. Each database (UniProt, GO cellular component, HPA, SURFY, CSPA) is applied under its SurfaceBench-calibrated inclusion rule (Supplementary Figure 1). Accuracy peaks when two databases must agree (83.7%) and falls on either side. No ensemble matches the best single database (89.8%) or the triage agent (97.5%). Figure data and script.
	Supplementary Figure 6. No single surface database recovers more than a fraction of the genome-wide accessible surfaceome the triage agent identifies. Because no hand-curated truth exists at genome scale, agreement is measured across all 19,324 protein-coding genes against the production two-stage triage verdict (yes, contextual, or no) as the reference. A database surface call agrees with an agent yes or contextual; a non-surface call agrees only with no. The databases fall hardest on contextually surface proteins, for which none has an explicit category. Figure data and script.
	Supplementary Figure 7. The two-stage Sonnet 4.6 triage agent recovers near-complete coverage of validated surface targets, including targets no individual database calls, across three orthogonal positive-control sets. Each bar is the fraction of an independently curated target set that a source labels surface: the five gating databases (UniProt and CSPA on their SurfaceBench-optimized cutoffs; GO CC, SURFY, and HPA on their native cutoffs) and the two-stage Sonnet 4.6 triage agent (yes or contextual). a) Antibody–drug conjugate targets (n = 234): the union of TheraSAbDab ADCs, Open Targets 26.06 ADC mechanism-of-action targets, and ADCdb antigens, HGNC-resolved, after removing non-cytotoxic conjugates (tedromer/celmoleukin/cafraglutide), Open Targets family-expansion artifacts, and ADCdb’s secreted/intracellular antigens. b) T-cell engager targets (n = 30): TheraSAbDab CD3-binding bispecifics. c) ViralZone human viral-entry receptors (n = 62). Sonnet covers 233/234 (99.6%) of ADC targets, 30/30 (100%) of TCE targets, and 61/62 (98.4%) of viral-entry receptors, exceeding the best single database (UniProt) in every panel. Eight ADC targets and one TCE target sit in zero of the five databases yet are recovered by Sonnet (ASPH, FMOD, GSDME, HSPA1A, KLK2, KLK3, LRG1, MMP9; KLK2 is in both sets). Most reflect contextual-surface biology (stress-induced chaperones, pyroptotic gasdermin, shed/contextually surface proteases) that the databases’ steady-state definitions miss; two, FMOD and KLK3, are secreted or matrix proteins rather than bona fide surface antigens, and the deep dive called them non-surface. Figure data and script.
	Supplementary Figure 8. SurfaceBench over-samples the membrane topologies where databases disagree, so its measured accuracy is not a representative estimate of full-catalog performance. The per-class composition of the hand-curated benchmark is compared against the 4,628 proteins the two-stage triage agent calls surface across nine membrane-topology classes, with each class tested by an exact two-tailed binomial test of the benchmark count against the population proportion, Bonferroni-corrected across the nine classes. The benchmark is significantly enriched for glycosylation-site-bearing and GPI-anchored proteins and depleted for multi-pass transmembrane proteins and transmembrane proteins without a signal peptide. Figure data and script.
	Supplementary Figure 9. Each surface source is enriched for a distinct set of membrane-topology architectures, but that enrichment and its genome-wide coverage are separate quantities. Bubble matrix of inclusion sources (rows) × topology features (columns) over the candidate-surfaceome universe: dot area is within-source enrichment (fraction of that source’s own calls carrying the feature) and dot color is coverage (fraction of the whole surface universe those proteins represent). CSPA is strongly glycosylation-enriched (~96% of its own calls) yet covers only ~14% of the universe, reflecting its N-glycocapture chemistry and cell-line detection limits. SURFY and UniProt show the same glycosylation enrichment at larger scale. Zero-database Sonnet rescues differ by how they were called: those called from the gene summary alone (no literature; 794) are mostly predicted secreted (55%) and glycosylated (41%), whereas those rescued only once PubMed literature was added (314) mostly lack both a transmembrane segment and a signal peptide (49%), so their surface localization is evident only from the literature. Figure data and script.
	Supplementary Figure 10. Casting a wider literature net surfaces several times more papers per protein, but most of the additional papers are unreachable, which is why the broader strategy was not adopted. Two discovery strategies were compared on the same random genes and retrieval chain: the production strategy, which searches Europe PMC and adds machine-annotated PubTator mentions, NCBI’s curated gene-to-publication links, and standing topic queries; and a broad alternative issuing one gene-name query plus method-keyword queries against the OpenAlex index, which also reaches preprints and non-PubMed journals. OpenAlex discovered about 3.6-fold more papers per protein, but the reachable full-text fraction fell from 89% to 49%, and the extra papers were mostly inaccessible or off-topic (Supplementary Note 1). Figure data and script.
	Supplementary Figure 11. For SurfaceBench proteins subjected to deep-dive analysis, the evidence-based assessment matched the soft-credit accuracy of Sonnet+NCBI triage, while the surface tiers reflected the difficulty of each case. For the 113 deep-dived SurfaceBench genes, deep-dive and Sonnet+NCBI triage calls are scored against the curated verdict under the soft-credit rule. a) Overall soft-credit accuracy. b) Accuracy split by ground-truth bucket (yes / contextual / no). Deep-dive bars are stacked by the tier assigned to correctly classified genes (palette as in Figure 5a): ground-truth-yes genes are called mostly canonical (58 of 68), contextual genes mostly likely (21 of 30 correct), and the correct non-surface calls all land in no. Sonnet+NCBI bars are the mean of three replicates (dots; error bar SEM); the deep dive was run once, so its bar has no spread. The two methods agree overall (97.3% vs 96.8%) and on ground-truth-yes genes (both 100%); the deep dive scores higher on contextual genes (96.8% vs 89.2%) and lower on non-surface genes (85.7% vs 97.6%; both misses were called low). None of these differences is significant by an exact McNemar test on paired gene-level correctness (overall p = 1.0; contextual p = 0.63; non-surface p = 0.50). Figure data and script.
	Supplementary Figure 12. The number of papers retained as evidence per protein rises with the size of the discovery corpus, and the agent’s evidence-quality grade tracks the depth of the retained set. a) For each deep-dived protein (n = 5,332), the number of papers found during literature discovery (horizontal axis, log scale) against the number kept as evidence after selection (vertical axis, linear scale); median 220 found and 10 kept. Points are colored by the agent’s evidence-quality grade: direct (multiple independent assays), direct (single assay), supportive but indirect, conflicting, or weak or sparse. b) Deep-dive surface tier of proteins grouped by the number of papers found. The share called canonical rises from 1% of proteins with fewer than 75 papers to 46% of those with 200 or more, while the share called low falls from 60% to 11%. Proteins with fewer than 100 papers found that were called surface by UniProt are flagged on the viewer, as possible surface proteins with too little literature to classify. Figure data and script.
	Supplementary Figure 13. Functional assays and flow cytometry provide most of the direct surface evidence, while immunofluorescence and immunohistochemistry mostly place proteins at the membrane without showing they are reachable from outside. For the 3,035 deep-dived proteins called canonical or likely, each experiment the agent extracted from the cited literature is classified by method and judged direct (an antibody or probe reached the protein from outside an intact cell: live or non-permeabilized staining of an extracellular epitope or tag, membrane-impermeable labeling, or a functional readout that requires surface access) or supporting (places the protein at the plasma membrane without showing its outside is reachable: membrane-rim staining, fluorescent-protein fusions, or membranous immunohistochemistry). a) Proteins with direct evidence from each method (solid) and proteins for which that method reached only the supporting level (light). b) Share of the 2,203 proteins with any direct evidence for which the method was the only direct method; immunohistochemistry had two direct proteins, too few for a share. Colors group methods into imaging and cytometry, surface labeling or capture, functional surface assays, and other methods (for example, cell-surface ELISA, CITE-seq antibody tags, immuno-electron microscopy on intact cells, and membrane-impermeable crosslinking). Functional surface assays include toxin, antibody, ADC, or CAR-T activity against live target-positive cells, live-cell radioligand binding, ectodomain shedding, and extracellular substrate transport. Figure data and script.
	Supplementary Figure 14. Triage and database calls agree with full-text deep-dive curation most strongly for high-confidence surface proteins (n = 5,332 deep-dived proteins). a) Fraction of deep-dive canonical, likely, and low-tier proteins also flagged as surface by each database and by the triage agent; each fraction is taken over all proteins in that tier, so a protein absent from a database counts as not flagged, except for HPA, which is scored only over the 2,917 proteins it imaged because absence from HPA reflects a missing antibody rather than a negative call. b) Resolution of each triage verdict across the five deep-dive tiers. Triage-yes is 64% canonical and 28% likely; triage-contextual spreads across likely, low, and no; triage-no remains 76% no, with 22% upgraded to likely or low by the deep-dive pipeline. c) Triage reason (rows) versus deep-dive structured reason (columns); exact agreement is 50%. Figure data and script.
	Supplementary Figure 15. Precomputed deterministic features distribute as expected for surface proteins across deep-dive tiers and the triage-positive pool. Twelve topology and structural features (TM-helix count, protein length and ECD length, signal peptide, N- and C-terminal orientation, mouse and cynomolgus 1:1 orthology, homo-oligomerization, alt-isoform topology change, concerning paralog, and extracellular SURFACE-Bind site) compared across the canonical, likely, low, and uncertain/non-surface tiers and the triage-positive pool: all 4,628 proteins the two-stage Sonnet 4.6 triage called yes or contextual (all have a canonical DeepTMHMM topology), deep-dived or not, with features taken from the genome-wide tables. Figure data and script.
	Supplementary Figure 16. Deep-dive records are reproducible, and most run-to-run differences come from which papers are retrieved. For 50 random deep-dive proteins, we compared each of the 24 LLM-derived fields, plus the surface call and tier, with the published record under two re-analyses. The full re-run (maroon, solid) repeated the pipeline from literature discovery onward; the fixed-evidence replay (lavender, dotted) reused each record’s selected evidence and re-ran only the section builders and synthesizer. Points show Cohen’s κ versus the published record, with 95% intervals from 5,000 bootstrap resamples of proteins. Ordered fields use linearly weighted κ. State dependence and co-receptor dependency exclude unclear and unknown calls (n shown). Green shading marks moderate (0.60–0.79), strong (0.80–0.90), and almost perfect (>0.90) agreement (McHugh, 2012). Induction trigger is scored as a single dominant trigger, although several can apply to one protein. Shed form is rare (4 of 50 proteins), which lowers κ despite 92% raw agreement. Figure data and script.
	Supplementary Note 1. Limitations of full-text retrieval by agents


