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Abstract
Cancer is a highly heterogeneous disease in need of accurate and non-invasive diagnostic tools. Here, we
describe a novel strategy to explore the proteome signature by comprehensive analysis of protein levels
using a pan-cancer approach of patients representing the major cancer types. Plasma pro�les of 1,463
proteins from more than 1,400 cancer patients representing altogether 12 common cancer types were
measured in minute amounts of blood plasma collected at the time of diagnosis and before treatment.
AI-based disease prediction models allowed for the identi�cation of a set of proteins associated with
each of the analyzed cancers. By combining the results from all cancer types, a panel of proteins suitable
for the identi�cation of all individual cancer types was de�ned. The results are presented in a new open
access Human Disease Blood Atlas. The implication for cancer precision medicine of next generation
plasma pro�ling is discussed.

Introduction
A comprehensive characterization of blood proteome pro�les in cancer patients can contribute to a better
understanding of the disease etiology, resulting in earlier diagnosis, risk strati�cation and better
monitoring of the different cancer subtypes. Cancer Precision Medicine aims to enable high-resolution
individualized diagnosis by the use of molecular tools such as genomics, proteomics and metabolomics,
with subsequent optimized treatment and monitoring of cancer patients. Of particular importance is the
possibility to identify cancers early, allowing initiation of treatment and thereby improving patient
outcome by avoiding tumor progression, metastasis, and emergence of treatment resistant tumors. When
cancers are detected at an earlier stage, treatment is more effective and survival is drastically improved
(1). As an example, according to US-based statistics (2), the �ve-year survival for breast cancer is 99%
when detected at an early stage (localized), whereas survival decreases to only 30% when detected at
later stages (metastasized). Similarly, the corresponding survival for ovarian cancer is 93% at early stage
and 31% when detected at later stage (2). Based on this, several population screening programs have
been initiated to identify cancer before symptoms arise, including screening for prostate cancer using
PSA protein level (3), colorectal cancer by detecting blood in feces (4) and breast cancer using
mammography (5). However, most population screening tests yield a relatively high number of false
positives, causing an unwanted psychological burden for the individual and costly validation before a
diagnosis can be con�rmed. Moreover, population screening programs are still lacking for the majority of
cancers and there is therefore a large need for a single screening test that could detect different forms of
cancer at an early stage.

The main focus of Cancer Precision Medicine in the past decade has been to use genomics, involving
next generation sequencing to explore the genetic make-up of individual cancers. Huge efforts have been
made to gain genetic insight into tumors from patients, including The Cancer Genome Atlas (TCGA) (6, 7);
the International Cancer Genome Consortium (ICGC) (8); and the Pan-Cancer Analysis of Whole Genomes
(PCAWG) consortium (9). Although invaluable insights regarding the biology of individual cancers have
been gained by these efforts, the genomics information has not led to substantial changes in therapeutic
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regimes or facilitated screening for cancer in the population. Therefore, a move towards a multi-omics
analysis has been suggested (10), including functional analysis and alternative assay platforms, such as
proteomics using either dissected tumor biopsies or non-invasive body �uids (11).

An interesting approach in Cancer Precision Medicine is thus to use protein pro�ling to allow for liquid
biopsy assays from blood. However, the staggering dynamic range in concentrations of blood proteins
spanning at least ten orders of magnitude, with concentrations as low as pg/ml for cytokines, makes
multiplex analysis involving even a handful of protein targets di�cult. This has hampered the
development of multiplex blood protein assays during the last few decades. This situation has now
changed with the recent development of high-throughput platforms for sensitive proteomics assays in
blood, such as Somascan (12) and Proximity Extension Assay (PEA) (13). These platforms allow
thousands of target proteins to be analyzed simultaneously using a few microliters of blood with
sensitivity to detect and quantify proteins present in low femtomolar amounts. This means that even
proteins well below the detection level for mass spectrometry can now be accurately quanti�ed and used
for population screening.

Here, we describe a novel strategy for pan-cancer analysis in which the plasma pro�les of patients with
different types of cancer are compared to �nd cancer-speci�c signatures that can distinguish each type
of cancer from other cancer types. This is in contrast to the standard procedure for cancer biomarker
discovery, in which patients with a speci�c cancer are compared with healthy controls. Next Generation
Blood Pro�ling (14), combining the antibody-based PEA with next generation sequencing, has been used
to quantify protein concentrations in multiple cancer types. Samples from more than 1,400 cancer
patients from a standardized biobank collection have been analyzed, along with a wealth of clinical meta
data (15). Altogether, 12 cancer types including the most prevalent types such as colorectal-, breast-, lung-
and prostate cancer, have been studied. AI-based prediction models were used to identify a panel of
proteins associated with each of the analyzed cancers, with the primary aim to �nd protein panels with
the ability to detect cancer signatures from blood plasma, and to further distinguish the type of cancer.
The resulting panels have been further assessed to distinguish cancer patients from healthy individuals,
as well as to distinguish patients with early disease.

Results

Description of the study work�ow
The plasma proteome of 1,477 cancer patients and 74 healthy individuals were characterized using the
Olink Explore 1536 Proximity Extension Assay (PEA) technology, allowing the quanti�cation of 1,463
proteins using less than 3 microliters of plasma (13). Aiming to identify a plasma proteome signature for
each of the cancers, we devised a work�ow based on AI-based prediction models and differential protein
expression analysis (Fig. 1). First, the results from all analyzed proteins (1,463 proteins) were used as a
predictor of disease outcome to identify proteins re�ecting disease status of each cancer sample. Next,
differential expression analysis allowed us to select a subset of proteins that were up-regulated in one
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cancer type compared to the other cancer types. Combining both results, we selected a set of relevant
upregulated proteins for each cancer type and subsequently investigated whether a multiclassi�cation
model based on the selected proteins was able to distinguish the precise cancer type of a patient. We
further validated the potential of the selected biomarkers by building cancer prediction models classifying
each cancer from a healthy cohort, and �nally con�rmed that the classi�cation allows for accurate
identi�cation of early-stage cancer patients.

The pan-cancer cohort
In this study, we have characterized the plasma proteome of a pan-cancer cohort from the Uppsala-Umeå
Comprehensive Cancer Consortium (U-CAN) biobank (15), comprising 1,477 patients from twelve cancer
types, including acute myeloid leukemia (n = 50), chronic lymphocytic leukemia (n = 48), diffuse large B-
cell lymphoma (n = 55), myeloma (n = 38), colorectal cancer (n = 221), lung cancer (n = 268), glioma (n = 
145), breast cancer (n = 152), cervical cancer (n = 102), endometrial cancer (n = 101), ovarian cancer (n = 
134) and prostate cancer (n = 163). Plasma samples were collected at the time of diagnosis and before
treatment were initiated. Clinical meta data regarding age, sex, diagnosis, and cancer stage or grade was
available for the cancer samples (available in Suppl. data 1). For each cancer, the age distribution is
shown in Fig. 2a.

Identi�cation of cancer-speci�c proteins
The plasma protein levels of 1,463 protein targets were determined for each of the 1,477 patients to
generate more than 2 million data points representing individual plasma protein levels across all the 12
cancer types. The main aim was not to identify a single protein marker to uniquely identify each cancer,
but instead to identify a protein signature from each of the cancers to aid in a pan-cancer identi�cation.
An initial analysis revealed several upregulated and downregulated proteins in speci�c cancer types as
exempli�ed in Fig. 2b. Some of these potential biomarkers are cancer-speci�c, such as Fms related
receptor tyrosine kinase 3 (FLT3) in acute myeloid leukemia (ALL) and SLAM family member 7 (SLAMF7)
in myeloma, while others are found to be elevated in two or more cancers, such as lymphocyte antigen 9
(LY9) with higher expression in both chronic lymphocytic leukemia (CLL) and myeloma. Interestingly, the
B lymphocyte antigen receptor CD79b molecule (CD79B) exhibits elevated plasma levels in all four
immune cell related cancers.

Pan-cancer prediction models
To identify proteins relevant for each cancer type, a disease prediction model was built for each cancer
type (n = 12), respectively, using all measured proteins (n = 1,463) and 70% of the cancer patients as the
training set. The control group in each model was composed of all the other cancer samples and was
subsampled to include a similar number of patients to the modelled cancer. We compared the results
obtained from two classi�cation algorithms, random forest (RF) and a regularized generalized linear
model (glmnet), both of which give an estimation of the overall importance of each protein to the model
(range 0-100%). In Fig. S1a, a heatmap visualization shows the importance score for the 486 proteins
that scored high (> 25% importance) in at least one of the cancer types by glmnet. We observed that some
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of the cancer models have a higher number of proteins with high importance scores, suggesting that
more proteins are relevant for a correct classi�cation. Moreover, several proteins scored high (> 25%
importance) in more than one cancer, as shown in the network visualization revealing relationships
between the potential biomarkers in the different cancer types (Fig. S1b).

Since two prediction models were used for the analysis (random forest and glmnet), we compared the
importance scores for each of the 1,463 protein targets in each of the cancer types given by the two
models (Fig. 2c). For some cancers (e.g. glioma), one protein is given the highest score by both models
with considerably lower scores for the other proteins (< 50%), while in other cancers there is a continuum
of importance scores that can be mainly consistent (e.g. in myeloma) or somewhat less consistent (e.g.
in endometrial cancer). The importance scores for each protein across the 12 cancer types using both
models are found in Suppl. data 2. In general, the two models predict the same proteins with similar
importance, but the random forest models tend to be more conservative overall, consistently selecting
fewer important proteins.

Evaluation of cancer-speci�c prediction models
The performance of the cancer prediction models was evaluated using the 30% of the data excluded from
the model training. In Fig. 3a, the classi�cation of all patients in the test cohort using both prediction
algorithms were performed, scoring each plasma sample for the probability to come from a speci�c
cancer type. We found that both models can separate samples from all the speci�c cancers, with
particular high con�dence for three of the immune cell related cancers: AML, CLL and myeloma, all
having area under the curve (AUC) (16) of 0.99-1 (Fig. S2a). For most other cancers, the models correctly
predict the cancer origin of most of the patients, although some overlap was observed, as exempli�ed by
colorectal-, lung- and prostate cancer. The two prediction models yield similar results, with no signi�cant
difference in AUC for most cancers (DeLong test p-value > 0.05). However, since the glmnet results yielded
a signi�cantly higher AUC for the classi�cation of lung, colorectal, breast and cervical cancers (Fig. S2a),
we decided to continue the exploratory analysis using the glmnet algorithm.

Characterization of differentially expressed proteins across
the cancers
To further investigate the cancer-speci�c proteome pro�les, differential expression analyses were
performed in a setting where each cancer was compared to all other cancers. For the male and female
cancers, only samples with the same sex were compared. The up- and down-regulated proteins in each
cancer are summarized in the volcano plots in Fig. S3a. The results showed a distinct differentially
expressed proteome for each of the cancers. The differential analysis identi�ed, as expected, similar
potential biomarkers as the prediction models, exempli�ed by FLT3 for AML and CXCL17 and FKBP1 for
lung cancer. However, some of the proteins, such as EPO in AML, show high signi�cance in the
differential analysis, but were not ranked high by either the random forest and the glmnet prediction
models.
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In Fig. 3b, the number of upregulated proteins that are shared by different cancer types is shown for the
complete set of proteins analyzed. As expected, there were a large number of upregulated proteins shared
by the four immune cell related cancers (AML, CLL, lymphoma and myeloma), in many cases consisting
of proteins related to immune-related functions. However, most overlapping proteins were observed for
lung and colorectal cancer. This observation might re�ect common features between these two cancer
types, such as adenocarcinoma origin and a high fraction of high-grade tumors with likely similar host
in�ammatory response. A functional gene ontology (GO) analysis was also performed on the up-
regulated proteins for each of the cancer types (Fig. S3b). As expected, the up-regulated proteins in the
immune cell related cancers (AML, CLL and lymphoma) are related to immune processes, while breast,
endometrial and prostate cancer had an over-representation of cell adhesion proteins and both lung and
colorectal cancer had an over-representation of apoptotic-related proteins.

Selection of a panel with cancer-speci�c proteins
Combining the previous results, we sought to identify a panel of proteins based on the ranking from the
glmnet models and relevant to each of the analyzed cancers. We only included proteins identi�ed as
upregulated by differential expression analysis, aiming to include at least three proteins per cancer and
all proteins with more than 50% overall importance as indicated by the cancer prediction models. Based
on these criteria, a panel of 83 proteins capturing cancer-speci�c pro�les was selected (Fig. 4a) and all
individual proteins are listed in Suppl. data 3 along with the results from the disease prediction models
and differential expression. Lung- and prostate cancer contributed to the largest number of proteins in the
panel, 18 and 14, respectively, whereas only three protein targets each were selected for AML, glioma,
myeloma and ovarian cancer.

In Fig. 4b, the average plasma levels of the 83 selected protein members of the panel are visualized
across all cancer types. Most of the selected proteins had a higher level in only one cancer, while some
had high protein levels in multiple cancers. For example, CXADR like membrane protein (CLM), selected to
identify endometrial cancer, also showed elevated plasma levels in myeloma patients. In Fig S4a, the
plasma levels of the most important protein for each cancer are shown across all cancer patients. Only
two of the proteins were given a high importance score (> 50%) by the prediction model in more than one
cancer. Both FKB prolyl isomerase 1B (FKBP1B) and peroxiredoxin 5 (PRDX5) had higher plasma levels in
lung- and colorectal cancer as compared to all the other cancers (Fig. S4b), and were also selected
independently by the models for both of these cancer types (Fig. 4a). Interestingly, FKBP1B is involved in
immunoregulation and protein folding and has previously been linked to colorectal cancer (17) but not to
lung cancer. Similarly, PRDX5 has an antioxidant function in normal and in�ammatory conditions and
although not previously suggested to be involved in cancers, several other proteins of the peroxiredoxin
family have been linked to lung and colorectal cancers in transcriptomics analysis of cancer cell lines (18,
19). In Fig. S5, a UMAP visualization based on pro�les from the 83 panel proteins for all samples shows
the relationship within and between samples from different cancer patients. The plasma levels of the
panel proteins resulted in a clear separation of the immune cell related cancer patients in distinct regions,
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as well as glioma, a good separation of ovarian and cervical cancer patients, and a large overlap of
colorectal and lung cancer patients.

To explore the tissue origin of each protein marker, a transcriptomic analysis comparing relative
expression levels across was performed across 36 major tissue types (Fig. S6) using data from the
Human Protein Atlas (20, 21). Out of the 83 protein markers, 74 are expressed in the healthy tissue
corresponding to the origin of respective cancer. Thus, the markers for the immune-related cancers are
highly expressed in healthy lymphoid tissues, the glioma markers in the healthy brain and some of the
lung cancer markers in healthy lung. Interestingly, several other markers are instead expressed and
secreted by the liver (22), synthesizing many plasma proteins, and several other markers are shown to be
expressed across many tissues.

Classi�cation of the pan-cancer cohort based on the
selected protein panel
A multiclass classi�cation based on the glmnet algorithm was used to explore the sensitivity and
speci�city of the panel proteins to predict a speci�c cancer and to assess the model’s ability to
distinguish the different cancer types. Comparative receiver operating characteristic (ROC) analyses were
performed for each cancer type in which the speci�city/sensitivity measured as AUC was determined for
different number of proteins. These analyses included (i) all proteins (n = 1,463), (ii) those selected in the
panel (n = 83), (iii) the three most important proteins per cancer and (iv) the single most important protein
per cancer. The results (Fig. 5a) show that the panel of 83 proteins can identify the right cancer with both
high selectivity and sensitivity with AUC ranging between 0.93 and 1 for all cancer types. The analysis
using all proteins gave only slightly better results, while the use of only the top 3 proteins in each cancer
gave somewhat less reliable results. The lowest performance scores were obtained when using only the
top protein for each of the 12 cancers.

The AUC values for the different protein numbers are summarized for each of the cancers (Fig. 5b),
showing the advantage of selecting multiple proteins to identify cancer patients from blood plasma.
However, the results also suggest that a panel with only a handful of protein markers can achieve the
same prediction reliability as using all proteins. Here, our results demonstrate that a panel of only 83
proteins yields highly promising results (AUC) for simultaneous identi�cation of all 12 cancer types. As
shown in Fig. 5c, there is some overlap in the prediction results for some of the cancers, such as lung and
colorectal cancer, while for other cancers, such as glioma and immune-related cancers, the samples have
a high probability of being correctly classi�ed.

Performance of classi�cation of cancer samples from a
healthy cohort
An important question is how well the model based on the pan-cancer study can distinguish cancer
patients from healthy individuals. To investigate this, for each of the 12 cancer types, a new cancer
prediction model was built but this time including 74 healthy individuals previously studied as part of a
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wellness study (23, 24) as the control group instead of all of the other cancers. As described above, each
of the cancers contributed to the panel with a different number of proteins (3–18) and these new models
were based only on these speci�c proteins. We again used 70% of the samples as the training set and the
remaining 30% to test the performance of the model. The results for four of the cancers are shown in
Fig. 6a-d and all cancers in Fig. S7. For CLL (Fig. 6a), the model can distinguish cancer patients from
healthy controls with total accuracy (AUC = 1). Similarly, the same analysis for colorectal- (Fig. 6b),
ovarian- (Fig. 6c) and lung cancer (Fig. 6d), respectively, shows high accuracy with all AUC results above
0.83, demonstrating that the protein panel can distinguish cancer patients from healthy individuals with
high accuracy. However, caution is required since the wellness panel was sampled and analyzed in a
separate study, thus sample bias can not be ruled out. These results suggest that the protein panel and
the prediction model are suitable to identify patients with the analyzed cancer types as well as
distinguish cancer patients from healthy individuals (without a cancer diagnosis).

Strati�cation of patients with cancers of different stages
An important quest in the �eld of Cancer Precision Medicine is to aid clinicians to indicate the stage of
the cancer. For some cancers in this study, a relatively large number of patients had stage data available
and therefore we investigated whether the protein panel could stratify patients into stages for these
cancer types. In Fig. 6e, we show four examples of proteins where the plasma levels correlate with
disease stage, including (i) CD22 used to identify CLL patients; (ii) amphiregulin (AREG) in colorectal
cancer patients; (iii) arbhydrolsase domain containing 14B (ABHD14B) in lung cancer patients; and (iv)
the ovarian cancer biomarker Progestagen associated endometrial protein (PAEP). These examples
demonstrate the possibility to perform stage strati�cation simply by analysing selected plasma protein
levels, but further analyses in additional cohorts are needed to demonstrate the validity of the protein
panel for cancer stage strati�cation.

Classi�cation of early-stage cancer samples
The most important objective in the �eld of cancer precision medicine is to identify cancer at an early
stage to provide successful therapeutic intervention and patient survival. To assess the ability of the
protein panel to distinguish early-stage cancer from healthy individuals, we focused on patients with early
stage colorectal and lung cancer, where the sample sizes of patients with less advanced disease (stage
1) are relatively large. The performance of the same prediction models trained for these two cancer types
were now tested using early stage (stage 1) cancer samples compared to healthy samples. In Fig. 6f
(top), the cancer probability score for stage 1 lung cancer patients is compared with the corresponding
score for healthy individuals. A clear difference in score is shown for most samples and the AUC-score
(Fig. 6f, bottom) for separating stage 1 lung cancer patients from healthy individuals is 0.79. Similarly, for
the early stage colorectal cancer patients, a clear difference is predicted by the protein panel model
(Fig. 6g, top), and the AUC-score (Fig. 6g, bottom) is 0.78. This highlights the potential of the selected
biomarker panel to identify early stage colorectal and lung cancer patients, although more in depth
analysis in independent cohorts is warranted.
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The open access disease blood pro�le section of the
Human Protein Atlas
A new Human Disease Blood Atlas resource has been created as part of the Blood Protein section of the
Human Protein Atlas (www.proteinatlas.org). This new section contains more than 2 million data points
representing the individual blood level for the 1,463 target proteins in the 1,477 cancer patients. A
discussion about the different proteins important for the prediction model across the different cancers is
also included in the new Disease Blood Atlas. The resource is available without restrictions (open access)
to allow researchers both from academia and industry to gain this basic information about blood protein
pro�les from both healthy- and disease conditions.

Discussion
Here, we describe a novel strategy based on next generation plasma pro�ling to explore the cancer
proteome signatures by comprehensively exploring the protein levels in patients representing most major
cancer types. The assay platform allows thousands of proteins to be quantitatively analyzed using only a
few microliters of blood opening up new opportunities for Precision Cancer Medicine. The plasma levels
of each individual protein have been determined for more than 1,400 cancer patients representing 12
different cancer types, and the results are presented in a new open access Human Disease Blood Atlas.

Applying AI-based disease prediction models based on all measured proteins allowed us to identify a set
of proteins associated with each of the cancers studied. A prediction model based on a restricted set of
83 upregulated proteins was built to evaluate the accuracy of the classi�cation of pan-cancer samples
and the analysis showed that each cancer has a distinct plasma proteome pro�le. It is interesting to
observe the huge increase in prediction performance when using the protein panel (n = 83) as compared
to the use of only the most signi�cant protein marker for each cancer (n = 12). This demonstrates the
added advantage of using a panel of blood proteins as exempli�ed by patients with breast cancer for
which individual markers are not selective, but the prediction model using multiple proteins yields a much
more accurate classi�cation. The panel allowed the strati�cation of plasma samples from most cancer
types with high sensitivity and speci�city and it was also able to detect patients with early disease, as
exempli�ed by stage 1 patients in lung and colorectal cancers.

The proteins in the panel include well-known markers for some of the cancers but also proteins with no
previous connection to cancer as discussed in the open access Human Disease Blood Atlas. In this
context, it is interesting that the cancer speci�c elevation of the panel proteins in blood plasma could
re�ect several causes, such as an increase of leakage or secretion from the tumor or surrounding tissue
itself, or due to the bodily response to the tumor. Overall, the gene expression on tissue level seems to
indicate that most of the markers identi�ed here are already produced in the healthy tissue, and that their
elevation in respective cancer may re�ect increased leakage or secretion to plasma by the tumor or
surrounding tissue. However, a more in-depth analysis is needed to explain the causal relationship
between the proteins and the respective cancer types.

http://www.proteinatlas.org/
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It is important to point out that individual variation of protein plasma levels in both healthy- and disease
states calls for validation of the �ndings using an independent assay platform as well as using
independent patient cohorts. Since even a highly selective assay used in a population screening still
could generate a large number of false positives, when millions of individuals are screened for presence
of cancer, it is particularly important to rule out false positives, which could cause considerable and
unnecessary stress for the individual. It is thus important to complement the screening with independent
assays to validate positive �ndings. Fortunately, such assays exist for the cancer types analyzed here,
such as mammography for breast cancer, blood in feces and colon spectroscopy for colorectal cancer,
radiological examination and/or tissue-based analysis of biopsies for many other cancers. This makes it
possible to use the pan-cancer blood assay presented here for the initial population screening and
subsequent validation of the positive samples with independent and less cost-effective assay platforms.

It is also important that the protein panel presented here should be validated in additional cohorts to
con�rm the validity in each of the cancer types. For example, in two earlier studies of blood from glioma
patients (25, 26), only a few upregulated proteins were found and none of these were signi�cantly
upregulated here. This demonstrates the importance of several independent studies before establishing a
pan-cancer protein panel. Of particular importance is validation in a large background of non-diseased
individuals to establish the breadth of false positives. It is also desirable to have the results validated by
independent technical platforms, such as sandwich (27) or Somascan (12) assays.

Here, we analyzed patient plasma from 12 of the major cancer types. However, it is of course interesting
to expand the analysis to add other frequent and important cancers to the pan-cancer strategy, such as
liver, kidney and pancreas cancers. Similarly, it is also valuable to compare the cancer pro�les reported
here with plasma pro�les from patients having other diseases. Our aim in the near future is to be able to
report such studies as part of the open access Human Disease Blood Atlas resource for patients in the
�eld of cardiovascular, autoimmune, neurological and infectious disease, respectively. It is also
interesting to add more protein targets to the analysis and such larger panels are now available for
exploration by both the PEA (13) technology, which currently can analyze 3000 targets, and the
Somascan platform (12), including 7000 targets.In summary, we describe a novel strategy for exploration
of protein pro�les in blood to allow simultaneous identi�cation of each of 12 common cancers using only
a minute amount (few microliters) of blood. This open access Human Blood Disease resource allows
researchers to explore the cancer pro�les of individual proteins across most of the major cancer types.
Since the assay can be combined with simple sample collection formats, such as dried blood spots, the
results open up the possibility for a cost-effective pan-cancer population diagnosis using a panel of
proteins to identify most of the common cancers in a single assay. It is tempting to speculate that such
population screening could be organized to allow the discovery of cancers much earlier and thus help
clinicians to start treatment of cancer patients at earlier stages, as compared to today. However, to make
this feasible, it is of outmost importance to have available secondary independent assays to validate the
initial screening to identify and rule out patients with wrongly diagnosed cancer (false positives).
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Online Methods
The pan-cancer study cohort

Plasma samples from cancer patients were obtained from the U-CAN biobank which collects samples
from consenting patients diagnosed at the Akademiska hospital in Uppsala as part of the clinical routine
and with a high degree of standardization (1). Plasma samples were obtained from treatment-naïve
patients taken around the time of their diagnosis. Plasma was prepared from whole blood by
centrifugation at 2.400 g for seven minutes at room temperature, after which the plasma was aliquoted
into several 220 µl vials and immediately frozen for long-term storage at -80°C. Exclusion criteria included
any concurrent or previous cancer within the last �ve years, and arm-to-freezer time exceeding 360
minutes. Diagnosis, stage, age, gender and other variables were obtained from the U-CAN database and
the patient’s clinical records. The study was approved by the Swedish Ethical Review Authority (EPM dnr
2019-00222). The research was in line with donor consents in U-CAN (28631533, EPN Uppsala 2010-198
with amendments).

The Wellness healthy cohort

Plasma samples from healthy individuals (39 males and 35 females) were selected from a Swedish
SciLifeLab SCAPIS Wellness Pro�ling (S3WP) study as described previously (2, 3). The S3WP program
includes longitudinal samples from 101 healthy individuals aged 50-64, recruited from the prospective
observational Swedish CArdioPulmonary bioImage Study (SCAPIS). The study was approved by the
Ethical Review Board of Goteborg, Sweden (registration number 407-15), and all participants provided
written informed consent. The study protocol conforms to the ethical guidelines of the 1975 Declaration
of Helsinki.
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Measurement of protein levels 

The protein levels were measured in plasma using the Olink Explore PEA technology (4), which uses
antibody-binding capabilities to detect the levels of 1,463 targets in plasma coupled with next-generation
sequencing (NGS) readout. A total of 1,472 proteins were targeted using speci�c antibodies, including
1,463 unique proteins related on in�ammation, oncology, cardiometabolic and neurology, as well as
controls. Each antibody was conjugated separately with two complementary probes, and distributed in
four separate 384-plex panels. Each panel contained three control assays (interleukin-6 (IL6), interleukin-8
(CXCL8), and tumor necrosis factor (TNF) used for quality control (QC). In brief, the PEA work�ow started
with an overnight incubation to allow the conjugated antibodies to bind to the corresponding proteins in
the samples. The incubation was followed with an extension and pre-ampli�cation step when the
hybridization and extension of complementary probes takes pace. The extended DNA was then ampli�ed
by PCR and further indexed to allow the preparation of libraries, which were then sequenced using
Illumina’s NovaSeq platform. The counts obtained from the sequencing run were subjected to a quality
control and normalization procedure. Here, internal controls introduced at different steps were used to
reduce intra-assay variability. These include an incubation control consisting of a non-human antigen
measured with the same technology, an extension control consisting of an antibody conjugated to a
unique pair of probes which are in proximity and is expected to produce a positive signal, and a control in
the ampli�cation step consisting of a double-stranded DNA sequence which is expected to produce a
positive signal independent of the ampli�cation step. Additionally, external controls such as negative
control (buffer sample) and plate controls (pool of plasma) were used to establish a limit of detection
(LOD) and adjust levels between plates, respectively. Finally, two known samples acted as sample
controls to calculate the precision of the measurements. After quality control and normalization, the data
was provided in an arbitrary Normalized Protein eXpression (NPX) unit, which is on a log2 scale and
where a high NPX value can be interpreted as a high protein level. 

Disease prediction

The caret R package (v 6.0.90) (5) was used to build multivariate classi�cation models for each of the
cancer types. First, the cancer data was split in 70% for training purposes and 30% for testing purposes
using the createDataPartition() function in caret. The data was imputed with the preProcess() function in
caret using the “knnImpute” method.

Multivariate prediction models were built for each the different cancers in two settings: 1) based on all
measured proteins (n= 1,463) and having a control group composed of a subset of patients from all other
cancers; and 2) based on a selected set of proteins and having healthy patients as a control. In both
cases, the cancer prediction model was built on the training set using a 5-fold cross-validation and built-in
 parameter tuning. The contribution of each protein to the model was retrieved using the varImp()
function in the caret package. A multiclass classi�cation model was built using the caret train() function
to achieve a simultaneous classi�cation of the 12-cancer types based on all cancer samples in the
training set and selected panel of proteins, with 5-fold cross validation strategy and parameter tunning. 
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ROC analyses

The performance of the prediction models was evaluated using the samples in the testing set, which were
not part of the training of any of the models. ROC analyses were performed to assess the sensitivity and
speci�city of the classi�cation, summarized as AUC scores. The pROC R package (v 1.18.0) was used for
binary classi�cations and multiROC (v 1.1.1) was used for multiclass classi�cation. Statistical
signi�cance for differences in AUC were calculated using the DeLong test (6) implementation in the pROC
package, using paired tests for correlated ROC curves and unpaired test when for independent ROC
curves, using p-value of 0.05 as threshold for signi�cance.

Differential expression analysis

The differential protein expression was assessed using a two-sided t-test coupled with Benjamini-
Hochberg multiple hypothesis correction (7), with a signi�cance threshold of 0.05 for adjusted  p-values.
The adjusted p-values and difference in average expression per group were summarized in volcano plots
for each of the analyzed cancers. Enrichment analysis of up-regulated protein sets were performed using
the clusterPro�ler package (version 3.18.1) (8). The enricher() function in clusterPro�ler was used to
perform overrepresentation analysis against the biological annotations from Gene Ontology (GO)
biological processes (BP) (9), with subsequent p-value adjustment using the Benjamini-Hochberg method
(7) and using adjusted p-value < 0.05 as threshold for signi�cance.

Tissue transcriptomic analysis

Tissue transcriptomes were downloaded from the Human Protein Atlas v21 (10) and each protein marker
was mapped to its corresponding gene. The normalized transcript per million (nTPM) was used as a
quantitative measure of expression level, and an nTPM ≥ 1 was used as a cutoff to call a gene expressed
in a given tissue.

Data visualization

Data visualization was performed in R (version 4.0.3) (11), using the ggplot2 (version 3.3.5) (12),
ggbeeswarm (version 0.6.0) (13), ggraph (version 2.0.5) (14), ggrepel (version 0.9.1) (15), ggridges
(version 0.5.3) (16), ggplotify (version 0.1.0) (17), igraph (version 1.2.6) (18), pheatmap (version
1.0.12) (19), patchwork (version 1.1.1) (20), pcaMethods (version 1.82.0) (21), tidygraph (version
1.2.0) (22), UpSetR (version 1.4.0) (23) and uwot (version 0.1.10) (24) packages. For the heatmap
visualization, data was rescaled to a 0-1 scale and hierarchical clustering was performed using the
“ward.D2” method. The limma R package (version 3.46.0) (25) was used to correct for batch differences
for the comparison between the UCAN and Wellness cohorts, and to correct for sex effects for UMAP
visualization of cancer samples. The �rst 30 components resulting from principal component analysis
(PCA) were used as input data for UMAP visualization. The �gures were assembled in A�nity designer (v
1.10.0.1127). 
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Figure 1

Overview of the pan-cancer study. Schematic representation of the work�ow used to identify a pan-cancer
biomarker panel for cancer classi�cation. Blood plasma from 1,477 cancer patients and 74 healthy
individuals was analyzed using Proximity Extension Assay. Differential expression analysis and
prediction models were performed to identify a pan-cancer protein panel. The model for cancer
classi�cation was generated using machine learning techniques (70% of the data). The performance of
the resulting pan-cancer protein panel was tested against a model test set (30% of the data) and
ultimately compared against healthy individuals.
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Figure 2

The study cohort and the prediction models to classify each cancer type. a, Age distribution and number
of patients included for each cancer in the study. b, Examples of protein levels (NPX, y-axis) for four
example proteins across the 12 cancer types (x-axis). c, Scatter plot between the importance score for two
prediction models (random forest (rf) and a regularized generalized linear model (glmnet)).

Figure 3

Performance of prediction models and differential expression analysis. a, Comparison of cancer
probabilities for samples in the test set for glmnet (n=12) and rf (n=12) cancer models. b, Upset plot
showing the number of upregulated proteins shared by the different cancer types.
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Figure 4

Pan-cancer protein panel. a, Nework visualization of proteins included in the panel. Protein nodes are
colored according to the importance score in the speci�c cancer. b, Summarized expression pro�les of
panel proteins across the cancer types.
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Figure 5

Multiclassi�cation of the pan-cancer test cohort. a, ROC curves for the model for the different cancers
based on all proteins (n=1,463), the selected protein panel (n=83) and the top 3 (n=3) and the most
important protein (n=1) for each och the 12 cancers. b, Summary of the AUC for the different cancers
based on different numbers of proteins. c, Cancer probabilities for samples in the test set in the pan-
cancer classi�cation model.
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Figure 6

Classi�cation of cancer samples from a healthy cohort based on the selected protein panel. Model results
showing the cancer probability for cancer and healthy individuals (top) and the ROC curve with AUC score
(bottom) for a, CLL, b, colorectal cancer, c, ovarian cancer, d, lung cancer. e, Protein levels of four different
biomarkers across cancer stages. Model results showing the cancer probability for cancer and healthy
individuals (top) and the ROC curve with AUC score (bottom) for f, early-stage lung cancer and g, early-
stage colorectal cancer.
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