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C A N C E R

Urinary detection of lung cancer in mice via noninvasive 
pulmonary protease profiling
Jesse D. Kirkpatrick1,2*, Andrew D. Warren1,2*, Ava P. Soleimany1,2,3*, Peter M. K. Westcott1, 
Justin C. Voog1,2,4, Carmen Martin-Alonso1,2, Heather E. Fleming1,2, Tuomas Tammela5, 
Tyler Jacks1,6, Sangeeta N. Bhatia1,2,6,7,8,9,10†

Lung cancer is the leading cause of cancer-related death, and patients most commonly present with incurable 
advanced-stage disease. U.S. national guidelines recommend screening for high-risk patients with low-dose computed 
tomography, but this approach has limitations including high false-positive rates. Activity-based nanosensors can 
detect dysregulated proteases in vivo and release a reporter to provide a urinary readout of disease activity. Here, we 
demonstrate the translational potential of activity-based nanosensors for lung cancer by coupling nanosensor 
multiplexing with intrapulmonary delivery and machine learning to detect localized disease in two immunocom-
petent genetically engineered mouse models. The design of our multiplexed panel of sensors was informed by 
comparative transcriptomic analysis of human and mouse lung adenocarcinoma datasets and in vitro cleavage 
assays with recombinant candidate proteases. Intrapulmonary administration of the nanosensors to a Kras- and 
Trp53-mutant lung adenocarcinoma mouse model confirmed the role of metalloproteases in lung cancer and enabled 
accurate detection of localized disease, with 100% specificity and 81% sensitivity. Furthermore, this approach 
generalized to an alternative autochthonous model of lung adenocarcinoma, where it detected cancer with 100% 
specificity and 95% sensitivity and was not confounded by lipopolysaccharide-driven lung inflammation. These 
results encourage the clinical development of activity-based nanosensors for the detection of lung cancer.

INTRODUCTION
Lung cancer is the most common cause of cancer-related death (25.3% 
of cancer deaths in the United States), with dismal 18.6% 5-year 
survival rates (1). Underlying this high mortality is the fact that 57% 
of patients with lung cancer have distant spread of disease at the 
time of diagnosis (1). Because patients with regional or localized disease 
have 6- to 13-fold higher 5-year survival rates than patients with distant 
metastases (1), substantial effort has been dedicated to early detection 
of lung cancer. In the United States, screening with low-dose com-
puted tomography (LDCT) is recommended in high-risk patients 
[adults aged 55 to 80 years with a 30 pack-year smoking history (2)] 
and enabled a relative reduction in mortality of 20% when compared 
to chest radiography in the National Lung Screening Trial (NLST) 
(3). However, in addition to expense (4) and risks associated with 
radiation exposure (5), LDCT suffers from high false-positive rates 
(3), leading to a considerable burden of complications incurred during 
unnecessary follow-up procedures. Transthoracic needle biopsy, for 
example, is associated with a 15% rate of pneumothorax and a 6.6% rate 
of pneumothorax requiring chest drainage (6). Overall, the risk of 
dying or suffering a major complication in an LDCT-screened patient 

with a benign nodule is 4.1 and 4.5 per 10,000, respectively (5). As a 
result of these limitations, screening by LDCT has not been widely 
adopted outside of the United States (7), and there is an urgent need 
to develop diagnostic tests that increase the effectiveness of lung 
cancer screening.

Great strides in molecular diagnostics have yielded promising 
approaches that may be used in conjunction with or as an alterna-
tive to LDCT for lung cancer screening. Circulating tumor DNA 
(ctDNA) has emerged as a promising tool for noninvasive molecular 
profiling of lung cancer (8, 9). However, the presence of ctDNA scales 
with tumor burden, and there are thus fundamental sensitivity limits 
for early-stage disease (8, 10). In patients with a suspicious nodule 
identified by LDCT, transcriptional profiling of bronchial brushings 
can enhance the diagnostic sensitivity of bronchoscopy alone (11), 
leveraging the “field of injury” that results from smoking and other 
environmental exposures. However, as with any invasive procedure, 
bronchoscopy carries the risk of attendant complications such as 
pneumothorax (3, 5).

Rather than relying on imaging or the detection of endogenous 
biomarkers in circulation, we have developed a class of “activity- 
based nanosensors” that monitor for a disease state by detecting and 
amplifying the activity of aberrant proteases and that function as 
urinary reporters (12–19). Protease activity is dysregulated in cancer, 
and proteases across all catalytic classes play a direct role in tumori-
genesis (20, 21). Activity-based nanosensors leverage dysregulated 
protease activity to overcome the insensitivity of previous biomarker 
assays, amplifying disease-associated signals generated in the tumor 
microenvironment and providing a concentrated urine-based read-
out. We have previously explored the sensitivity of this approach 
using mathematical modeling (22) and cell transplant models (16). 
However, to drive accurate diagnosis in a heterogeneous disease, a 
diagnostic must also be highly specific. Here, we explored the po-
tential to attain both sensitive and specific lung cancer detection by 
multiplexing 14 activity-based nanosensors in two immunocompetent, 
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autochthonous mouse models driven by either Kras/Trp53 (KP) 
mutations or Eml4-Alk (EA) fusion. Clinically, activity-based nano-
sensors may have utility as an alternative to invasive follow-up pro-
cedures in patients with positive LDCT findings.

RESULTS
Aberrant protease expression is induced in a Kras- and  
Trp53-mutant mouse model of lung adenocarcinoma
Common driver mutations of non-small cell lung cancer in humans 
include those that activate KRAS (10 to 30%) or inactivate TP53 (50 
to 70%) (23). To examine the ability of activity-based nanosensors 
to detect lung cancer in a relevant mouse model (Fig. 1), we selected 
a genetically driven model of adenocarcinoma that incorporates 
mutations in these genes. This extensively characterized model uses 
intratracheal administration of a virus encoding Cre recombinase 
to activate mutant KrasG12D and delete both copies of Trp53 in the 
lungs [KrasLSL-G12D/+;Trp53fl/fl (KP) mice; fig. S1A], initiating tumors 
that closely recapitulate human disease progression from alveolar 
adenomatous hyperplasia (AAH) to grade IV adenocarcinoma (fig. S1B) 
(24). We analyzed a recently published RNA sequencing (RNA-seq) 
dataset (25) that profiled KP tumors (n = 22) across disease stages, 
as well as Kras-mutant, Trp53-WT (K) tumors (n = 3) to identify 

proteases that were up-regulated in tumor cells relative to normal 
lung cells (Fig. 2A). Because this dataset profiled tumor cells sorted by 
flow cytometry and therefore failed to capture proteases contributed 
by microenvironmental immune and stromal cells, we supplemented 
this analysis with a bulk gene expression microarray dataset profil-
ing K tumors (26), which are transcriptionally similar to early-stage 
KP tumors and human lung adenomas (25). We used significance 
analysis of microarrays (27) to identify proteases with increased ex-
pression in K model tumors relative to normal lungs (Fig. 2B).

Proteases overexpressed in the KP mouse model are 
relevant to human lung adenocarcinoma
To ensure that activity-based nanosensors were tuned to address 
human lung adenocarcinoma (LUAD)–associated proteases, we mined 
The Cancer Genome Atlas (TCGA) dataset (28) and analyzed the 
expression of 168 human extracellular endoprotease genes in LUAD 
and normal adjacent tissue (Fig. 2C) (29). Of the 20 most highly 
up-regulated proteases, 9 were metalloproteases, 11 were serine 
proteases, and several overlapped with proteases overexpressed in 
KP tumors (Fig. 2C, bottom). We found using gene set enrichment 
analysis (GSEA) (30) that the top 20 overexpressed extracellular 
proteases in the KP model were significantly enriched in human LUAD 
(P = 0.0002) (Fig. 2D), suggesting that the proteolytic landscape of 

the KP model recapitulated that of hu-
man disease. We then performed receiver 
operating characteristic (ROC) analysis 
on RNA-seq data curated by the Lung 
Genomics Research Consortium (LGRC) 
(31) and found that proteases overex-
pressed in human LUAD were not in-
creased in interstitial lung disease or 
chronic obstructive pulmonary disease 
(fig. S2A). In contrast, classification ef-
ficiency in LUAD reached above 0.9 for 
8 of 10 proteases (fig. S2, B to D).

A panel of proteases overexpressed 
in human and mouse LUAD enables 
classification of human disease
We next sought to nominate a set of 
proteases against which to build our nano-
sensor panel. We excluded any genes for 
which an active recombinant protease was 
unavailable, selected six to seven of the 
top 20 overexpressed genes from each 
dataset, removed duplicates, and arrived 
at a “LUAD protease panel” of 15 protease 
genes (Fig. 2E, and indicated in bold red 
text in Fig. 2, A to C). This panel included 
napsin A, a highly sensitive and specific 
immunohistochemical marker for human 
LUAD (32), and several metalloproteases 
known to be expressed at the protein level 
in human LUAD (33). To assess whether 
the expression of these 15 proteases en-
abled classification of LUAD from normal 
adjacent tissue, we built a generalized 
linear model (GLM) classifier using a 
subset of the TCGA gene expression data, 
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Fig. 1. Study approach and overview. (A) Activity-based nanosensors were administered to mice by intratracheal 
instillation. (B) At the tumor periphery, disease-associated proteases cleave protease substrates, liberating mass 
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formed on a training cohort of mice and subsequently applied to an independent test cohort to provide a positive or 
negative readout of malignancy.
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applied it to an independent test cohort, and found that the area 
under the ROC curve (AUC) was 0.99 when all 15 proteases were 
used as features (Fig. 2F). In addition, as assessed by GSEA, this 
15-gene panel was significantly enriched in stage I LUAD (P < 
0.0001; fig. S3A), as well as all tested molecular subtypes of adeno-
carcinoma, including KRAS-mutant (P < 0.0001; fig. S3B), TP53- 
mutant (P = 0.0002; fig. S3C), EGFR-mutant (P = 0.0004; fig. S3D), 
and BRAF-mutant (P = 0.0002; fig. S3E) genetic subtypes. Last, we 
performed differential expression analysis of lung squamous cell 
carcinoma relative to normal adjacent tissue from the TCGA dataset 
and found significant enrichment of the same 15-protease panel 
by GSEA (P = 0.0002; fig. S3F).

Cleavage of multiplexed substrate panel follows  
class-specific patterns
We synthesized 14 fluorogenic peptide substrates (PPQ1 to PPQ14; 
table S1) that were known to encompass the cleavage preferences of 
metalloproteases, serine proteases, and aspartic proteases (17). We 
incubated each individual probe with each of the 15 proteases in 
the panel (Fig. 3A) and measured protease activity by monitoring 
fluorescence increase over time (Fig. 3B). Hierarchical clustering of 
fluorescence fold changes of each substrate revealed separation 
of proteases of different classes (Fig. 3C). Whereas certain probes 
were cleaved selectively by individual classes of proteases, such as 
metalloproteases for PPQ2 and serine proteases for PPQ11, other 
probes were cleaved by proteases of multiple classes (fig. S4). For 
example, in addition to being cleaved by metalloproteases, PPQ3 
and PPQ12 were acted upon by aspartic proteases and serine pro-
teases, respectively (fig. S4). Overall, the dequenching panel results 
indicated that the set of 14 probes provided coverage of the cleav-

age profiles of all three protease families represented by the LUAD 
protease panel.

Nanoparticles delivered into mouse airways distribute 
throughout the lung and reach the tumor periphery
To adapt the activity-based nanosensor platform for detection of 
localized lung cancer, we sought to circumvent background protease 
activity present in the blood and off-target organs by administering 
the nanosensors via localized intrapulmonary, rather than systemic 
intravenous, delivery. We built activity-based nanosensors using a 
40-kDa eight-arm poly(ethylene glycol) (PEG-840kDa) nanoparticle 
coupled to protease substrates bearing terminal mass-encoded re-
porters (Fig. 1B). To assess biodistribution of the nanosensors fol-
lowing intrapulmonary delivery, we labeled the PEG-840kDa scaffold 
with near-infrared dye VivoTag 750 (VT750), delivered the nanopar-
ticles to mice by intratracheal (IT) instillation or intravenous (IV) 
injection, and collected organs after 60 min (Fig. 4A). Fluorescence 
imaging revealed deep delivery of nanoparticles to all lung lobes in 
mice receiving intratracheal particles but negligible delivery to other 
organs (Fig. 4, B and C). In contrast, only 14% of organ fluorescence 
was confined to the lung in the intravenous-delivered group. In the in-
tratracheally treated mice, the lung half-life of PEG-840kDa was 6.3 days 
(fig. S5). No toxicity was observed at either short (2 hours) or longer 
(24 hours and over 10 days) intervals after nanosensor administration 
in healthy control mice, as assessed by weight tracking (fig. S6A) and 
histological assessment by a veterinary pathologist (fig. S6B).

To assess microscopic distribution of the nanosensor scaffold 
within the lung, we labeled the PEG-840kDa scaffold with biotin and ad-
ministered the nanoparticles to healthy mice by intratracheal instilla-
tion. Lungs were collected from mice 20 to 30 min after intratracheal 
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delivery, fixed, and stained for biotin. Whereas lungs from untreated 
mice were negative for biotin (Fig. 4D, top), lungs from mice that 
received the scaffold demonstrated broad distribution of nanoparticles 
throughout the lung (Fig. 4D, bottom left), specifically within terminal 
alveoli (Fig. 4D, bottom right).

We then administered biotin-labeled PEG-840kDa scaffold in late- 
stage KP tumor-bearing mice by intratracheal instillation to assess 
whether these particles were able to reach the site of disease. Whereas 
lungs from untreated KP mice were negative for biotin (Fig. 4E, 
top), lungs from KP mice that received intrapulmonary delivery of 
the biotinylated scaffold demonstrated presence of nanoparticles at the 
margins of tumors (Fig. 4E, bottom).

As a step toward developing a more clinically relevant delivery 
method, we also sought to characterize particle durability and bio-
distribution after aerosolization. We directly aerosolized our PEG 
carrier particles (fig. S7, A and B) and found no aggregation or changes 
in particle size distribution, as assessed by transmission electron mi-
croscopy (fig. S7, C and D) and dynamic light scattering (fig. S7E). 
Furthermore, PEG-PPQ5 before and after aerosolization was equally 
sensitive to in vitro cleavage by recombinant matrix metallopro-
teinase 13 (MMP13) (fig. S7F).

Last, we functionalized the PEG nanoparticles with either a near- 
infrared dye for biodistribution studies or biotin for histological 
assessment and used pressure-driven aerosolization to perform intra-
pulmonary administration. Gross fluorescent visualization of VT750 
revealed deep penetration throughout the lung and in all lobes (fig. 
S8A), without distribution to other organs (fig. S8B). Histological 

staining of fixed lungs collected from mice 
10 min after inhalation demonstrated no 
biotin staining in control lungs (fig. S8, C 
and D) but broad staining throughout 
the lung overall (fig. S8E) and in terminal 
alveoli (fig. S8F) in mice treated with aero-
solized nanoparticles.

Mass-encoded reporters filter 
from the lung to the urine via 
the blood and are detectable by 
mass spectrometry
To enable multiplexed detection of a broad 
spectrum of disease-associated proteases 
via a single in vivo administration of nano-
sensors, we conjugated each member of 
the LUAD substrate panel to a uniquely 
identifiable mass-encoded reporter (PP01 
to PP14; Table 1). As previously described 
(12), we used variable labeling of the 
14-mer glutamate-fibrinopeptide B (Glu-
Fib) with stable isotope-labeled amino 
acids to uniquely barcode each of the 
14 peptide substrates. Multiple reaction 
monitoring via a liquid chromatography 
triple quadrupole mass spectrometer 
(LC-MS/MS) enabled quantitative as-
sessment of urinary reporter concentra-
tion within a broad linear range (1 to 
1000 ng/ml; fig. S9A). By administering 
mass-encoded free reporters by intra-
tracheal and intravenous administration, 

we found that urinary accumulation scaled linearly with input doses 
between 2.5 and 25 ng for both routes of delivery (slopeIT = 0.075 ng−1 
and slopeIV = 0.077 ng−1; fig. S9B). Administering a Cy7- labeled ver-
sion of Glu-Fib, we found characteristic single-exponential concen-
tration decay after intravenous injection and a two-phase kinetic 
profile after intratracheal administration (fig. S9C), suggesting an 
initial phase of partitioning from the alveoli into the blood (peaking 
at 1 to 2 hours after delivery), followed by renal filtration from the 
blood.

Activity-based nanosensor cleavage is dysregulated in lung 
cancer mouse models
We then sought to longitudinally monitor disease progression in 
KP mice with activity-based nanosensors and benchmark their di-
agnostic performance against micro-computed tomography (microCT). 
After initiating disease via intratracheal administration of adenovirus 
encoding Cre recombinase (fig. S1A), we monitored tumor devel-
opment by performing microCT at 5 weeks (KP5wk), 7.5 weeks (KP7.5wk), 
and 10.5 weeks (KP10.5wk) after adenoviral induction (Fig. 5A and 
table S2). The sensitivity of microCT at 100% specificity was 33.3% 
at 5 weeks, 75% at 7.5 weeks, and 100% at 10.5 weeks, and the average 
tumor burden at these three time points was 0.775, 2.78, and 19.2 mm3 
(Fig. 5A and table S2).

To characterize activity-based nanosensor performance in vivo 
relative to microCT, we administered all 14 protease-sensitive nanopar-
ticles to the lungs of KP mice and age- and sex-matched healthy con-
trols at 5, 7.5, and 10.5 weeks after tumor initiation. Several reporters 
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differentiated KP mice from healthy controls, with some reporter 
differences (for example, PP03 and PP11) becoming amplified over 
time (Fig. 5B). At 7.5 and 10.5 weeks, 5 of 14 reporters were signifi-
cantly different between KP and healthy mice (Padj < 0.05), whereas 
none of the reporters differed at 5 weeks (fig. S10). In contrast, in-
tratracheal administration of the same 14-plex panel to mice bearing 
flank xenograft tumors (average tumor volume of 448 mm3) derived 
from a human colorectal cancer cell line yielded no differential urinary 
reporters between xenograft and control mice (fig. S11, A and B). 
Of the five reporters enriched in KP7.5wk urine, three (PP02, PP03, 
and PP09) were also enriched in KP10.5wk urine, and these sequences 
corresponded to peptides cleaved by metalloproteases or both metal-
loproteases and aspartic proteases in vitro. However, the most sig-
nificantly enriched reporter in the urine of KP mice at 10.5 weeks 
(PP11; Padj = 0.0001) corresponded to a peptide cleaved only by serine 
proteases in vitro. Unsupervised dimensionality reduction by prin-
cipal components analysis (PCA) separated most KP and control 
mice at 7.5 and 10.5 weeks, but not at 5 weeks (Fig. 5, C to E).

Although the KP model is a well-established, autochthonous model 
of LUAD, it only represents one subset of human disease. We sought 
to assess the generalizability of activity-based nanosensors to other 

genetic subtypes by leveraging the EA model (34), an autochthonous 
model in which intrapulmonary administration of adenovirus en-
coding two short guide RNAs and Cas9 results in translocation and 
fusion of the Eml4 and Alk genes, yielding LUAD that histologically 
resembles human disease. We administered the same panel of 14 nano-
sensors in EA mice 5, 7.5, and 10.5 weeks after adenoviral induction 
and found differential urinary reporter signatures at all three time 
points (fig. S12A), enabling separation of diseased mice from healthy 
controls at all three time points, as revealed by PCA (fig. S12B). Al-
though several reporters were differentially enriched in the urine of 
both KP and EA mice, others were unique to one model; the consistent 
enrichment of PP01, a robust metalloprotease-specific nanosensor 
in EA mice but not in KP mice (fig. S10), suggests differential regu-
lation of a subset of metalloproteases in these two models.

Activity-based nanosensor cleavage signatures are distinct 
in malignant and benign disease models
Existing lung cancer diagnostic modalities like LDCT suffer from 
high false-positive rates, resulting in cost, anxiety, and morbidity to 
patients due to unnecessary invasive follow-up procedures (5). We 
hypothesized that multiplexed measurements of pulmonary protease 
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activity would enable discrimination of malignant from benign disease. 
To assess the specificity of activity-based nanosensors for lung cancer 
versus benign inflammatory disease, we leveraged a well- established 
model of lung inflammation, induced by intratracheal administration 
of lipopolysaccharide (LPS) (35). We found that several reporters were 
differentially enriched in the urine of KP7.5wk mice (fig. S13A) and 
EA7.5wk mice (fig. S13B) relative to LPS-treated mice, enabling separa-
tion of KP, EA, LPS, and healthy mice by PCA (fig. S13C).

Machine learning classification enables sensitive 
and specific lung cancer detection
Having demonstrated that activity-based nanosensors enable detec-
tion of two autochthonous models of LUAD, with cleavage patterns 
that were distinct from LPS-induced lung inflammation, we leveraged 
machine learning to build a classifier that could be prospectively 
applied to enable disease diagnosis. We trained a random forest 
classifier (36) using the urinary reporter output from a subset of 
KP7.5wk (n = 6), EA7.5wk (n = 6), and healthy (n = 12) mice and tested 
its ability to classify each LUAD model from healthy control mice in 
an independent test cohort consisting of mice that were not included 
in classifier training (n = 5 to 31; see table S3 for cohort compositions). 
Area under the ROC curve analysis revealed robust classification of 
KP7.5wk and KP10.5wk (AUC7.5wks = 0.95 and AUC10.5wks = 0.93) (Fig. 6A), 
as well as EA mice at all three time points (AUC5wks = 0.96, AUC7.5wks = 
0.98, and AUC10.5wks = 0.93) (Fig. 6B). We also evaluated the classifier 
on a test cohort that combined both LUAD models (table S3) and again 
found robust classification at 7.5 and 10.5 weeks (AUC7.5wks = 0.97 
and AUC10.5wks = 0.93) (Fig. 6C). Last, we sought to determine whether 
a classifier could be built to distinguish lung cancer-bearing mice 
from both healthy mice and mice with benign lung inflammation. 
We trained a second classifier incorporating KP7.5wk, EA7.5wk, LPS- 
treated, and healthy control mice (table S3), applied it to an indepen-
dent test cohort, and found that it performed with high accuracy in 
discriminating KP7.5wk, EA7.5wk, and a combination of the two (termed 
“LUAD7.5wk”) from healthy and LPS-treated mice (AUCKP = 0.97, 

AUCEA = 0.98, and AUCLUAD = 0.97) (Fig. 6D). Together, these data 
illustrate the power of multiplexed, lung-specific activity- based nano-
sensors for sensitive and specific detection of localized lung cancer.

DISCUSSION
In this work, we present an advance toward clinical translation of a new 
class of biomarkers, activity-based nanosensors. We found that such 
multiplexed nanosensors, when delivered by intratracheal instillation, 
performed with specificity of 100% and sensitivity up to 95% for de-
tection of localized disease in two autochthonous LUAD models rep-
resenting Kras/Trp53 and Alk-mutant disease. Furthermore, we found 
that LPS-induced lung inflammation did not result in false positives. 
Our approach overcomes the intrinsic sensitivity limitation of blood-
based diagnostic assays for localized disease by profiling disease 
activity directly within the tumor microenvironment and providing 
multiple steps of signal amplification (22). Using intrapulmonary 
delivery, we further ensured that virtually all nanosensors reached 
the lung and bypassed nonspecific activation in off-target organs.

This study represents a step toward clinical implementation of 
activity-based nanosensors for lung cancer testing, validating the 
efficacy of the tool in two autochthonous, immunocompetent models 
of localized LUAD. The use of genetically engineered mouse models 
offered several advantages over cell transplant models, including the 
ability to explore stage-specific differences, as well as proteolytic con-
tributions from immune cells. Activity-based nanosensors detected 
disease as early as 7.5 weeks after initiating the KP model, when only 
grade 1 AAH and grade 2 adenomas are present (24). Furthermore, 
although metalloprotease-sensitive nanosensors were, as expected, 
preferentially cleaved in KP mice at both 7.5 and 10.5 weeks, the activa-
tion of PP11 (a serine protease-sensitive substrate) in KP10.5wk mice could 
point to an unexpected role of serine protease activity in tumor progres-
sion at this disease stage. One hypothesis is that tumor- infiltrating 
immune cells, which secrete a multitude of serine proteases (37), may 
contribute to nanosensor cleavage in KP10.5wk mice. Neutrophils 

Table 1. Reporter and substrate sequences for in vivo urinary diagnostics. ANP, 3-amino-3-(2-nitro-phenyl)propionic acid; Cha, 3-cyclohexylalanine; 
Cys(Me), methyl-cysteine; lowercase letters, d-amino acids. 

Name Reporter Photolabile group Substrate Nanocarrier

PP01 e(+2G)(+6V)ndneeGFFsAr ANP GGPQGIWGQC PEG-840kDa

PP02 eG(+6V)ndneeGF(+1F)s(+1A)r ANP GGPVGLIGC PEG-840kDa

PP03 e(+3G)(+1V)ndneeGFFs(+4A)r ANP GGPVPLSLVMC PEG-840kDa

PP04 e(+2G)Vndnee(+2G)FFs(+4A)r ANP GGPLGLRSWC PEG-840kDa

PP05 eGVndnee(+3G)(+1F)Fs(+4A)r ANP GGPLGVRGKC PEG-840kDa

PP06 e(+2G)(+6V)ndnee(+3G)(+1F)(+1F)s(+1A)r ANP GGfPRSGGGC PEG-840kDa

PP07 eG(+6V)ndnee(+3G)(+1F)Fs(+4A)r ANP GGLGPKGQTGC PEG-840kDa

PP08 e(+3G)(+1V)ndneeG(+10F)FsAr ANP GGGSGRSANAKGC PEG-840kDa

PP09 eGVndneeGF(+10F)s(+4A)r ANP GGKPISLISSGC PEG-840kDa

PP10 e(+2G)(+6V)ndneeG(+10F)(+1F)s(+1A)r ANP GGILSRIVGGGC PEG-840kDa

PP11 e(+3G)(+1V)ndnee(+2G)(+10F)Fs(+4A)r ANP GGSGSKIIGGGC PEG-840kDa

PP12 eGVndneeG(+10F)(+10F)sAr ANP GGPLGMRGGC PEG-840kDa

PP13 e(+2G)(+6V)ndnee(+3G)(+10F)(+1F)s(+4A)r ANP GGP-(Cha)-G-Cys(Me)-HAGC PEG-840kDa

PP14 e(+3G)(+1V)ndnee(+2G)(+10F)(+10F)sAr ANP GGAPFEMSAGC PEG-840kDa
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are known to infiltrate KP tumors around 10 weeks after tumor 
induction (38). The potential capacity of activity-based nano-
sensors to measure immune-mediated protease activity (18) raises 
the prospect of rapid, noninvasive, and longitudinal immunotherapy 
response monitoring.

Here, we report improved sensitivity of activity-based nano-
sensors relative to previous work by our group, as well as existing 
and emerging blood-based diagnostics for cancer. We found that 
our nanosensors could detect tumors in KP7.5wk mice, whose total 
tumor volumes were, on average, only 2.78 mm3, more than an or-
der of magnitude smaller than our most sensitive method to date 
(36 mm3 in an ovarian cancer model) (16). By comparison, in 
the LS174T colorectal cancer xenograft model, ctDNA is detectable 
when tumor volumes reach 1000 mm3 (39), carcinoembryonic antigen 
is detectable around 135 to 330 mm3 (12, 39), and intravenously 
administered activity-based nanosensors have previously been 
shown to detect disease in this model around 130 mm3 (12). Last, 
in the autochthonous KrasG12D-mutant “K” lung cancer model, 
ctDNA bearing the KrasG12D mutation was only detectable when 
average tumor volumes were 7.1 mm3 (40), even with collection of 

2.5% of the total mouse blood volume, 
scaling to 125 ml in humans.

In the NLST, 96.4% of positive LDCT 
findings were false positives (3, 5), and 
many of these patients went on to suffer 
major complications during invasive 
follow-up procedures (4, 5). Therefore, 
there is a need to develop noninvasive 
diagnostic methods that can distinguish 
between lung cancer and benign lung 
disease. Here, we demonstrated the spec-
ificity of activity-based nanosensors for 
lung cancer, rather than benign lung 
inflammation, through multiplexing and 
machine learning. Although fewer than 
half of the 14 reporters were differen-
tially enriched in the urine of KP mice 
and healthy controls, several more had 
diagnostic power in EA mice, and oth-
ers were informative in the classifica-
tion of malignant versus inflammato-
ry disease. As a result, we found that a 
pretrained random forest classifier could 
distinguish between lung cancer-bearing 
mice (regardless of subtype) and benign 
disease controls. Although a clinical 
study would be necessary to directly as-
sess the effectiveness of activity-based 
nanosensors in the setting of LDCT lung 
cancer screening, our results suggest that 
activity-based nanosensors may comple-
ment LDCT for discrimination of ma-
lignant lesions from benign disease.

Although this work represents a step 
toward translation of activity-based nano-
sensors for lung cancer detection, there 
are limitations that must be addressed 
before clinical implementation. In this 
work, we demonstrated the sensitivity 

and specificity of intrapulmonary activity-based nanosensors for 
localized lung cancer in two genetically engineered mouse models 
of LUAD. Although the advantages of such models over xenograft 
models in recapitulating human disease are numerous (41), mouse 
models cannot fully capture the native oncogenic properties or hetero-
geneity found in human lung cancer, and further in vivo validation is 
needed to confirm the generalizability of activity-based nanosensors 
to other lung cancer subtypes. Similarly, although activity-based 
nanosensors can discriminate between lung cancer and LPS-driven 
lung inflammation, it is possible that clinical lung cancer testing 
may be confounded by other benign lung disease etiologies or 
chronic exposure to tobacco smoke. Because of the inherent limita-
tions of mouse models, clinical trials will be necessary to fully vali-
date the robustness of activity-based nanosensors in detecting lung 
cancer and distinguishing malignant from benign and extrapulmo-
nary disease in humans. Last, the intrapulmonary delivery methods 
presented here must be optimized before clinical translation. Here, 
we delivered activity-based nanosensors by intratracheal instilla-
tion and demonstrated their stability after aerosolization. However, 
a clinically relevant intrapulmonary delivery method such as dry 
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Fig. 5. Activity-based nanosensors distinguish between diseased and healthy mice. (A) Tumor development 
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right three panels represent time series of a single mouse, with arrow indicating development of a single nodule over 
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tectable tumors at each time point (% detected) is shown above each panel. (B) Urine output of activity-based nano-
sensors administered to KP and control animals at 5 weeks (KP, n = 11; control, n = 9), 7.5 weeks (KP, n = 11; control, 
n = 12), and 10.5 weeks (KP, n = 12; control, n = 12) after tumor induction. For clarity, PP06 is presented on a larger- 
scale y axis. *Padj < 0.05, **Padj < 0.01, and ***Padj < 0.001 by two-tailed t test with Holm-Sidak correction; #Padj < 0.05 
and ##Padj < 0.01 by Mann-Whitney test with Bonferroni correction. Error bars represent SEMs. (C to E) PCA of mean- 
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powder inhalation or nebulization will be required for clinical im-
plementation.

In summary, intrapulmonary activity-based nanosensors perform 
with high sensitivity and specificity for detection of localized lung 
cancer in autochthonous mouse models via a noninvasive urine 
test. To engineer these nanosensors, we leveraged analysis of LUAD 
gene expression datasets to nominate candidate proteases, screened 
these proteases in vitro against a panel of peptide substrates, and 
directly delivered nanosensors carrying these substrates into the 
lungs of mice. Activity-based nanosensors may have clinical utility 
as a rapid, safe, and cost-effective follow-up to LDCT, reducing the 
number of patients referred for invasive testing. With further optimiza-
tion and validation studies, activity-based nanosensors may one day 
provide an accurate, noninvasive, and radiation-free strategy for 
lung cancer testing.

MATERIALS AND METHODS
Study design
The goal of this study was to determine whether intrapulmonary 
administration of a multiplexed library of activity-based nano-
sensors could be used to sensitively and specifically detect lung cancer 
in autochthonous mouse models. All animal studies were approved 
by the Massachusetts Institute of Technology (MIT) committee on 
animal care (protocol 0417-025-20) and were conducted in compliance 
with institutional and national policies. Reporting was in compliance 

with Animal Research: Reporting In Vivo Experiments (ARRIVE) 
guidelines. Experiments involving intrapulmonary delivery of activity- 
based nanosensors in KP mice consisted of 12 KP mice and 12 
healthy control mice; experiments involving intrapulmonary delivery 
of activity-based nanosensors in EA mice consisted of 20 EA mice 
and 20 healthy control mice. These mice were monitored, by intra-
tracheal nanosensor administration and microCT, at 5, 7.5, and 
10.5 weeks after tumor induction. Sample size was selected to ensure 
a sample size greater than or equal to five for both training and test 
groups at each time point and for each treatment group. Urine samples 
with peak area ratio (PAR) values of zero for two or more analytes 
were excluded because these samples represented failed nanosensor 
deliveries and would confound analysis. For differential expression 
analysis of protease genes in KP mice, genes for which neither normal 
lung sample was nonzero were excluded, as calculation of fold changes 
(tumor/normal) would otherwise yield undefined values. For ROC 
analysis in the LGRC dataset, genes for which greater than half of the 
samples had fragments per kilobase of transcript per million mapped reads 
(FPKM) values of zero were excluded. During selection of KP and healthy 
control mice, investigators were blinded to all characteristics but age, 
sex, and genotype. For random forest classification, mice were randomly 
assigned to training and test cohorts using a randomly generated seed.

Statistical analysis
For RNA-seq data, binary classification using a GLM was performed 
using the Caret package (42) in the R statistical environment (43). 
Prespecified training and testing cohorts were randomly assigned, 
with 75 and 25% of samples used for training and testing, respec-
tively. For all urine experiments, PAR values were normalized to 
nanosensor stock concentrations and then mean normalized across 
all reporters in a given urine sample before further statistical analysis. 
To identify differential urinary reporters, all reporters were first 
tested for normality by Kolmogorov-Smirnov normality test with 
Dallal-Wilkinson-Lilliefors P value. All normally distributed reporters 
were analyzed by unpaired two-tailed t test, followed by correction 
for multiple hypotheses using the Holm-Sidak method, and non- 
normal reporters were analyzed by Mann-Whitney test with Bonferroni 
correction in GraphPad Prism 7.0. Padj < 0.05 was considered significant. 
PCA was performed on mean-normalized PAR values and implemented 
in MATLAB R2019b (MathWorks). For disease classification based 
on urinary activity-based nanosensor signatures, randomly assigned 
sets of paired data samples consisting of features (the mean-normalized 
PAR values) and labels (for example, KP and EA) were used to train 
random forest (36) classifiers implemented with the TreeBagger 
class in MATLAB R2019b. Estimates of out-of-bag error were used 
for cross-validation, and trained classifiers were tested on randomly 
assigned, held-out, independent test cohorts. The specific composi-
tion of train-test cohorts is provided in table S3. Ten independent 
train-test trials were run for each classification problem, and classi-
fication performance was evaluated with ROC statistics calculated 
in MATLAB. Classifier performance was reported as the mean ac-
curacy and AUC across the 10 independent trials.

SUPPLEMENTARY MATERIALS
stm.sciencemag.org/cgi/content/full/12/537/eaaw0262/DC1
Methods
Fig. S1. KP model genetically and histologically recapitulates human lung adenocarcinoma.
Fig. S2. Human LUAD-associated proteases are not overexpressed in benign lung diseases.
Fig. S3. LUAD protease panel genes are enriched across genetic and histological lung cancer 
subtypes.
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Fig. 6. Machine learning enables sensitive and specific classification of two 
genetic subtypes of LUAD. (A to C) ROC curves showing performance of a single 
random forest classifier trained on urinary reporters from a subset of KP7.5wk, 
EA7.5wk, and healthy controls in discriminating an independent test cohort of KP 
(A), EA (B), or a combination of KP and EA (C) mice from healthy controls at all three 
time points. (D) ROC curve showing performance of a random forest classifier 
trained on urinary reporters from KP7.5wk and EA7.5wk mice versus LPS and healthy 
control mice in discriminating an independent test cohort of KP7.5wk, EA7.5wk, and a 
combination of the two (termed “LUAD”) from healthy and LPS-treated mice. All 
ROC curves are averages over 10 independent train-test trials and show the results 
in the test cohort. n = 5 to 31; details of cohort sample sizes are shown in table S3.
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Fig. S4. Peptide substrates are cleaved by one or a combination of metallo, serine, and aspartic 
proteases.
Fig. S5. Clearance of PEG-840kDa nanoparticles from lungs follows single phase exponential 
decay kinetics.
Fig. S6. No toxicity is observed in mice treated with intrapulmonary activity-based 
nanosensors.
Fig. S7. Activity-based nanosensors are stable to aerosolization.
Fig. S8. Aerosolized nanoparticles penetrate deep within the lung and avoid distribution to 
off-target organs.
Fig. S9. Free reporters enter the bloodstream after pulmonary delivery and are detectable in 
the urine by mass spectrometry.
Fig. S10. Multiple reporters are differentially enriched in the urine of healthy mice and KP mice 
at 7.5 and 10.5 weeks.
Fig. S11. Extrapulmonary disease is undetectable by intrapulmonary activity-based 
nanosensors.
Fig. S12. Intrapulmonary activity-based nanosensors differentiate mice bearing Alk-driven 
lung cancer from healthy controls.
Fig. S13. Pulmonary activity-based nanosensor cleavage profile is distinct in lung cancer and 
benign lung inflammation.
Table S1. Reporter and substrate sequences for in vitro recombinant protease screen.
Table S2. Quantification of tumor burden in KP mice by microCT.
Table S3. Composition of training and test cohorts for random forest classification.
Data file S1. Raw data from figures.

View/request a protocol for this paper from Bio-protocol.
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