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Abstract
Current methods for the early detection and minimal residual disease (MRD) monitoring of urothelial
carcinoma (UC) are invasive and/or possess suboptimal sensitivity. We developed an e�cient work�ow
named urine tumor DNA multidimensional bioinformatic predictor (utLIFE). Using UC-speci�c mutations
and large copy number variations, utLIFE-UC model was developed on bladder cancer cohort (n = 150)
and validated in The Cancer Genome Atlas (TCGA) bladder cancer cohort (n=674) and upper tract
urothelial carcinoma (UTUC) cohort (n=22). The utLIFE-UC model could discriminate 92.8% UC with 96.0%
speci�city, and validated robustly in BLCA_TCGA and UTUC cohorts. Furthermore, compared to cytology,
utLIFE-UC achieved a great improvement in detection of non–muscle-invasive bladder cancer (NMIBC,
p<0.01). In the MRD cohort, utLIFE-UC could distinguish 100% of patients with residual disease, showing
superior sensitivity than cytology (p<0.01) and �uorescence in situ hybridization (FISH, p<0.05). utLIFE-
UC is a promising method for early diagnosis and MRD monitoring in UC. This study shows that utLIFE-
UC can detect urothelial carcinoma with high sensitivity and speci�city in patients in early-stage cancer or
with minimal residual disease, is a cost-effective, rapid, high-throughput, noninvasive, and promising
approach that may reduce the burden of cystoscopy and blind surgery. 

Introduction
Urothelial carcinoma (UC) is the 12th most common malignancy worldwide, originating from the bladder
and upper urinary tract, including the renal pelvis and ureter (1). Bladder cancer (BC) is the most common
urinary tract malignancy and accounts for 90–95% of UCs, while upper tract urothelial carcinomas
(UTUCs) account for only 5–10% of UCs in Caucasians (2), while the rates of UTUC are higher in Asia (3).
According to IRAC, bladder cancer is the 13th most prevalent cancer with 85,694 new cases and 39,393
mortalities in 2020 in China. The new cases are mainly caused by hematuria due to issues such as
chronic urinary tract infections (UTIs), chronic use of urinary catheters, and bladder stones (4), and only
5% of hematuria patients are diagnosed with UC. Before diagnosis, patients need to undergo a series of
examinations, including cystoscopy, urinary cytology or �uorescence in situ hybridization (FISH) testing
(5). Cystoscopy is the current gold standard for diagnosing and monitoring UC (5); this technique is
highly sensitive but is invasive, costly, and uncomfortable. Urinary cytology only has high sensitivity in
high-grade tumors including carcinoma in situ (5, 6). Likewise, urinary cytology also shows higher
sensitivity in T2-T4 tumors than T0/Ta tumors, with a sensitivity of 34–70% at different stages (6, 7).
However, a large number of noncancer patients undergo unnecessary cystoscopy, and a few cases still
cannot be accurately diagnosed. In addition, approximately 75% of new cases are non–muscle-invasive
bladder cancer (NMIBC); 70% of these patients will relapse, and 15% will progress within 5 years (8).
Among all cancers, BC, especially NMIBC, has the highest lifetime treatment costs per patient, with higher
healthcare costs associated with an increased risk of disease progression and recurrence (9). Two-thirds
of UTUC cases are reportedly invasive at the time of diagnosis (10, 11) and have a relatively low survival
rate. Generally, an effective diagnostic method is imperative for the appropriate treatment of UC.
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There are currently 6 urinary assays approved by the Food and Drug Administration (FDA) to enhance the
diagnosis and surveillance of bladder cancer, namely, the NMP22 test (sensitivity 52%−69%, speci�city
87%−89%), BTA Stat test (sensitivity 57%-82%, speci�city 68%−93%), BTA TRAK assay (sensitivity 66%
−77%, speci�city 5%-75%, ImmunoCyt test (sensitivity 60%-100%, speci�city 75%−84%), and UroVysion
test (sensitivity 69%-87%, speci�city 89%-96%); however, these tests are still not su�ciently sensitive and
are subject to false positive results (12). Researchers have focused on utilizing urine DNA to develop
noninvasive approaches for detecting UC. As reported, uCAPP-Seq analysis has con�rmed that genetic
mutation plays a signi�cant role in the diagnosis and minimal residual disease (MRD) monitoring of UCs,
with a sensitivity of 83%, speci�city of 97% and area under the curve (AUC) of 0.89 (13). uCAPP-Seq was
shown to outperform a commonly used ancillary test, UroVysion. However, not all bladder tumors harbor
common mutations such as TERT, FGFR3, TP53, PIK3CA, and ARID1A. Chromosomal instability has been
reported to be nearly ubiquitous in cancer and is a hallmark of human cancer (14). Chromosomal
alterations including deletions on chromosomes 3, 8, 9, 11, 13, and 17 have been commonly observed in
bladder cancer, and such chromosomal alterations can be measured by karyotyping and FISH (15).
UroSEEK incorporates massive parallel sequencing assays for mutations in 11 genes and copy number
changes on 39 chromosome arms, achieving a sensitivity of 83%, speci�city of 93% and accuracy of 90%
(16).

Here, we describe a novel invasive urine test called utLIFE-UC that addresses the issues described above.
The test uses combined assays for genetic alterations and large copy number variants (CNVs) with a
customized bioinformatics work�ow named the urine tumor DNA multidimensional bioinformatic
algorithm (utLIFE). The aim of this study was to assess the threshold and accuracy of utLIFE-UC for
detecting UCs in a multicenter, single-blinded clinical trial.

Results
Cohort characteristics and DNA extraction data analysis

A �ow diagram summarizing the study design is shown in Figure 1. In the discovery phase, 181 tissues
samples were used to �nd variant candidate markers. And 196 participants were recruited to establish the
diagnostic model, of whom 83 BC tumor cases with con�rmed pathology and 67 healthy controls were
enrolled in analysis. Detailed demographics and clinical characteristics of the included participants were
shown in Table S1. The ucfDNA concentration was 6.47 ng/ml in controls and 199.28 ng/ml in cases
(Figure S1A). Additionally, a higher concentration of uexDNA was also observed in cases (53.02 ng/ml)
than in controls (20.78 ng/ml) (Figure S1B). In the validation phase, genomic sequencing and CNV data
of 281 BC tumor specimens and 393 normal tissue samples from BLCA_TCGA portal and 11 UTUC
patients (Table S7) from PKUH were enrolled in the analysis. Nineteen patients without and 12 patients
with residual disease after surgery were used to evaluate the potential MRD detection ability of the novel
diagnostic model (Table S8). No patients had any other known active cancer diagnoses at the time of
surgery.
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Analysis and clinical utility of the mutation pro�le in UC

The genetic pro�les of 130 tissues from BLCA_TCGA and 51 tissues from 2ndHATMU were analyzed to
�nd genes that could cover the maximum number of patients with minimum variants (Table S2). In urine,
these genes could detect at least one mutation in 63.9%, two mutations in 39.6%, and more than two
mutations in 8.4% of 83 tumor cases, but no mutation was found in 67 healthy controls (Figure 2A).
Across the 83 tumor cases, the two most commonly mutated regions were the TERT promoter and TP53
(Figure 2A). TERT promoter mutations were present in 47% (39/83) of cases, and we also identi�ed TP53
in 18% (15/83) of the cases in our cohort (Figure 2A). Moreover, other genes with a high frequency in our
cohort were included, such as ERBB2, ERCC2, and FGFR3 (Figure 2A, Table S2). Based on mutation
analysis of the DNA from primary bladder tumors, a 7:3 training and test cohort was calculated, with the
best AUC of 0.819 (63.9% sensitivity at 100% speci�city) in the modeling cohort (Figure 2B).

CNV_score predicts malignancy from nontumor controls

Large CNVs were analyzed by using shallow whole-genome sequencing (WGS) data of uexDNA. A
genome-wide schematic overview of CNVs in the discovery phase is shown in Figure 3A. Chromosomal
loss and gain were frequently identi�ed in tumor cases but not in healthy controls (Figure 3A). For each
subsequent sample, we standardized and calculated the CNV_score according to the method. The
CNV_score was signi�cantly higher in patients than in healthy controls in our cohort (P<0.001) (data not
shown). Then, we tested the CNV_score performance in different segment cutoffs in the modeling cohort
with 7:3 training and test sets, and it could discriminate tumor cases from healthy controls with high
accuracy, obtaining the best AUC of 0.934 (sensitivity 86.75%, speci�city 97.01%) in the modeling cohort
(Figure 3B, Table S3). We also compared the CNV_score model with all autosomes, and the UroVysion
model used chromosomes from the UroVysion FISH assay. The performance of the UroVysion model
reached an AUC of 0.864 (sensitivity 79.52%, speci�city 91.04%) in our cohort, which was worse than that
of all autosomal models (p=0.029) (Table S4).

Dual demonstration model construction

Herein, we constructed a two-dimensional ensemble stacked ML approach employing two different base
models on two optimized features to provide an ultrasensitive and cost-effective model for detecting UC.
In the training phase, 3 ML methods (random forest (RF), support vector machines (SVM), and logistic
regression without regularization (LR)) were considered. A 7:3 training set:test set split of the data and a
grid search of hyperparameters with 10-fold cross-validation were also considered. The models were
robust, showing stable accuracy in different models (Figure 4A, S2; Table S5). The overall sensitivity of
the SVM model was 92.78%, with a speci�city of 96.00% in the training set (Figure 4A); in the test set, the
sensitivity was 85.71%, with a speci�city of 100.00% (Figure 4B). As a measure of relative importance, the
proportional contributions to the algorithm score variance were calculated. The large CNV contributed
60%, and the mutation feature contributed 40%.

Comparison between ML models and urine cytology in the training cohort



Page 6/18

Urine cytology is a routine method used in the detection of UC. To compare the performance among ML
models and urine cytology in UC, 42 NMIBC/MIBC patients in the modeling cohort were included for
further analysis. The landscape of comparison is shown in Figure 5A. The SVM model assay obtained 2-
fold more positive results than cytology (Figure 5B). Moreover, SVM could detect 82.6% (19/23) MIBC
patients, better than the 69.6% (16/23) detected by urine cytology. Furthermore, in NMIBC patients, the
sensitivity of the utLIFE-UC model (94.7%, 18/19) was 3-fold higher than that of cytology (31.6%, 6/19)
(Figure 5B). The sensitivity of the other two models was considerable to that pf SVM, while the data are
not shown here. Collectively, compared with urine cytology, our ML models exhibited markedly improved
sensitivity, including in patients with NMIBC.

Validation cohorts proved the diagnostic value of ML models

Although the ML models were constructed from Chinese BC and Chinese healthy controls, we evaluated
these models in a BLCA_TCGA validation cohort and UTUC cohort, as shown in Figure 1. The
characteristics of the UTUC validation cohort are shown in Table S7. Healthy with matched sex and age-
with UTUC patients in the modeling cohorts were used as controls in this cohort. The SVM model was
selected for further analysis because it showed superior/comparable accuracy and speci�city at the
same sensitivity to the other 2 models (Table S5). The utLIFE-UC (SVM) model showed high accuracy in
distinguishing BCs from controls (AUC 0.942, sensitivity 94.31%, speci�city 98.73%) (Figure 6A).
Confusion matrices of the utLIFE-UC model for BLCA_TCGA validation cohort are shown in Table S6. The
utLIFE-UC model classi�ed UTUCs at a sensitivity of 90.91% and speci�city of 90.91% (Figure 6B). The
risk probabilities of the BC and UTUC groups derived from the model were distinctively higher than those
of the control groups (Figure 6C, 6D). These results indicated that the utLIFE-UC model possessed high
accuracy and strong clinical utility in the detection of UC.

Application of utLIFE-UC to detect residual disease

In the MRD training cohort, the clinical characteristics of 16 patients who underwent radical resection or
transurethral resection of bladder tumor (TURBT) are shown in Table S8. Eight patients achieved pCR,
and another 8 patients still had residual disease detected in the surgical sample (including PR or SD,
de�ned as non-pCR). The utLIFE-UC score was not signi�cantly different between the 2 groups of patients
in the baseline samples, while this score was signi�cantly decreased in the pCR group compared to the
non-pCR group (p < 0.05) (Figure 7A, S3). We constructed an MRD model in these 16 patients, with a
sensitivity of 100%, speci�city of 87.5% and negative predictive value (NPV) of 100%. A total of 87.5%
(7/8) of patients with pCR were MRD negative, and 100% (8/8) of non-pCR patients were MRD positive
(Figure 7B). In pCR patients, we observed an MRD negative rate of 75.0% (6/8) at the second time point
(during treatment) and 87.5% (7/8) patients showed MRD negative at the day before surgery, while in
non-pCR patients, the MRD positive rate were 75.0% (6/8) at the second time and 100% (8/8) showed
MRD positive at the day before surgery (Figure 7C), indicating that the MRD score may represent the
therapeutic effects in real time. Fifteen patients were used as an independent MRD validation cohort
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(Table S8), with a sensitivity of 100%, speci�city of 80% and NPV of 100%, and the MRD probabilities of
the non-pCR group were signi�cantly higher than those of the pCR group.

Twenty of 31 patients in the MRD training and validation cohorts underwent urine cytology or FISH
assays before surgery. The landscape of the diagnostic status is shown in Figure 7D. The utLIFE-UC
model assay was approximately 3-fold more sensitive than cytology and 2-fold more sensitive than FISH
(Figure 7E). These results further corroborated utLIFE-UC MRD detection as the sole predictor of
pathologic response, which established a clear separation between patients with pCR and those with no
pCR.

Discussion
The results showed that our model was ultrasensitive and cost-effective for the early detection of both BC
and UTUC. To our knowledge, this multicenter study is by far the largest cohort combining gene
mutations and large CNVs with ML to establish a diagnostic cutoff in UC. utLIFE-UC obtained a sensitivity
of 90.4% and speci�city of 97.0% in UC using 10-fold cross-validation. Furthermore, utLIFE-UC showed
high accuracy in both an independent BLCA_TCGA validation cohort (96.88%) and a UTUC validation
cohort (90.9%). The BLCA_TCGA validation cohort showed a high NPV of 95.79%, indicating the potential
to avoid excessive invasive examination in BC patients. We used BLCA_TCGA cohort as a validation here
because a GISTIC assay of the urine DNA from UC patients showed similar regions known to be
frequently altered in TCGA BC tumors(17), indicating that the analysis of TCGA tissue specimens could
re�ect the classi�cation capacity of utLIFE-UC algorithm somehow. While the CNV segments were
counted directly from CNV pro�les of tissues from BLCA_TCGA, which limited the ability to verify utLIFE-
UC model. The UTUC validation cohort also showed high sensitivity and speci�city, indicating that the
diagnostic model can be applied in UTUC to potentially aid in diagnostic work-up decisions. Therefore,
utLIFE-UC showed the potential to detect both BC and UTUC in Chinese and Caucasian patients.

Chromosomal instability has been reported to be prevalent in cancer and is a hallmark of this disease
(14). The clinical utility of CNV in urine has been proven in the detection of bladder cancer by UroVysion
and UroSEEK and detection of UTUC by UCdetector (16–18). Genomic alterations in urine DNA could
precisely predict functional muscle invasiveness, early-stage detection and MRD in urothelial BC (13, 19).
In this work, we combined large CNV pro�les across the whole genome at low coverage (~ 1×) and variant
pro�les in a target panel (covering ~ 2 M of the whole genome) with ultradeep sequencing (~ 10,000×) to
detect tumors by ML. Three ML models were used in this assay, and SVM was selected based on the
accuracy of model prediction on validation data and the power of SVM at recognizing subtle patterns in
complex datasets (20). The SVM model (AUC of 0.946) showed a better clinical utility than mutation
(0.819) or CNV_score (AUC of 0.934) analysis, demonstrating the advantage of using an ensemble
stacked ML model approach with multiple biomarkers. Furthermore, the 2 validation cohorts provided
proof that the genomic heterogeneity of the utLIFE-UC score was less prevalent between UTUC and BC in
different races. There are additional opportunities to optimize the clinical utility and implementation of
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the SVM model by adding variant loci/VAF/chromosomal regions to the model in a larger prospective
cohort.

Cytology is a noninvasive, routine test to detect the presence of urothelial malignancy, but this test is not
particularly sensitive. Compared to cytology, utLIFE-UC contributed considerably to the sensitivity, which
increased from 52.2–92.8% in the BC early detection cohort and from 37.5–100% in the MRD cohort.
utLIFE-UC also showed 3-fold higher sensitivity than that of cytology in NMIBC (31.6–94.7%). Strangely,
the sensitivity in detecting NMIBC was higher than that for MIBC in the modeling cohort, which may relate
to that most NMIBC in our cohort were high-risk tumors (CIS, T1 or T1 complicated by CIS). We also �nd
that utLIFE-UC score showed no difference between NMIBC and MIBC (data not shown). Also, the
samples which did both cytology and utLIFE-UC were relatively small, which made the results biased.
While in real world, the sensitivity of utLIFE-UC in NIMBC could be lower than MIBC. Application of the
diagnostic model in a general screening setting may help classify early-stage patients. We also compared
utLIFE-UC to FISH in the MRD cohort, and it showed an increased sensitivity from 42.9–100%. All these
results indicated that utLIFE-UC has great potential for accurate noninvasive UC screening prior to the
current standard of care in clinical practice.

Most studies concur that currently FDA-approved urinary biomarkers showed limited sensitivity, yielding
false-positive results in 12 − 26% of patients without BC and a missed diagnosis in up to 43% of patients
with BC (18). utLIFE-UC showed higher sensitivity than the six FDA-approved biomarkers, as well as
considerable speci�city (12). Additionally, the utLIFE-UC model showed superior sensitivity compared to
that of uCAPP-Seq in early detection (85.71%~94.31–83%~93%) (13). Moreover, the utLIFE-UC model
presented higher sensitivity than a novel next-generation sequencing (NGS) test, UroSEEK, which
combined mutations in 11 genes and CNVs on 39 chromosome arms (16).

Additionally, we present a cohort study that demonstrates a signi�cant correlation between the utLIFE-UC
MRD score before radical cystectomy/TURBT and the response determined by postoperative pathological
analysis. A large difference in the utLIFE-UC MRD score between patients with pCR and those without
pCR was detected in urine samples before surgery. The utLIFE-UC MRD model is more accurate than a
utDNA MRD model built by uCAPP-Seq (21) and UroSEEK (16). Importantly, NMIBC and MIBC patients
with utLIFE-UC MRD-negative predictions achieved pCR, and there were no false negatives under the MRD
cutoff. Patients with utLIFE-UC prediction negative could avoid invasive cystoscopy during clinical visits
according to the high sensitivity and NPV. MRD monitoring by utLIFE-UC could enable personalization of
treatment decisions for UC patients in the future. The utLIFE-UC MRD score could also be a potential
biomarker to facilitate more personalized treatment interventions for UC in the future, such as curative-
intent bladder-sparing approaches, adjuvant treatment with immune checkpoint blockade, and targeted
systemic therapy administration. Furthermore, utLIFE-UC score may re�ect the therapeutic evaluation in
real time, showing the possibility to advise doctors choose the right time of surgery. Of note, our MRD
detection does not require prior sequencing of tumor tissue. Together with our early detection data
described above, utLIFE-UC shows practical clinical utility and can biologically help avoid confounding
results due to geographic tumor heterogeneity.
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The limitations of our study include that it was a case control study, which does not capture the full
spectrum of patients expected to be encountered in the surveillance population. Additionally, no clinical or
follow-up information was available for the apparently healthy controls; therefore, more follow-up
information needs to be collected in the future to better understand the reason for false-positive cases.
Finally, our cohort sizes were relatively small. The small size of the UTUC cohort can impact the model
performance, likely resulting in an underestimation of sensitivity and speci�city. A multicenter, large
prospective cohort study is underway.

Conclusions
The urine-based utLIFE-UC method for pro�ling mutations and the CNV model demonstrated a clinically
feasible test for noninvasive systematic diagnosis and MRD monitoring of UC. The at-home urine self-
collection device makes the early detection of UC more convenient during the era of COVID-19.

Methods And Samples
Study design and sample collection

In discovery phase, 130 BLCA_TCGA tissues and 51 BC tissues from 2ndHATMU were used to �nd
variants candidate biomarkers. In training phase, 120 patients who were �rst diagnosed with BC and 76
apparently healthy controls were recruited from PKUH, FUSCC and 2ndHATMU between June 2020 and
October 2021. After excluding 21 participants with no preoperative urine, 9 samples failed of quality
control and 16 samples for baseline construction, void urine from 83 BC cases and 67 controls were
enrolled in a case-control analysis. In validation phase, genome sequencing data of 281 BC tissues and
393 normal tissues from BLCA_TCGA were used as independent validation cohort 1, and genome
sequencing data of urine for 11 UTUCs and 11 age-matched and sex-matched healthy controls were used
as independent validation cohort 2 (Table S7).

The MRD cohort (31 patients) represented patients with an established diagnosis of BC who were on
neoadjuvant tislelizumab combined with nab-paclitaxel. We also obtained serial urine samples prior to
and during neoadjuvant chemotherapy in 15 patients (Table S8).

Morning void urine was collected at the time before any procedures, during patient visits or the day before
surgery. Whole blood for germline analysis was collected at clinic visits. Fresh-frozen tissue specimens
were obtained during diagnostic biopsy. Written informed consent was obtained for samples acquired
within PKUH, FUSCC and 2ndHATMU.

Sample processing

Urine supernatant was collected using a urine DNA Storage Tube (CWBIO) for urinary cell-free DNA
(ucfDNA) extraction. The remaining urine was also collected using a sterile tube containing urine
conditioning buffer (UCB, ZYMO) for exfoliated cell DNA (uexDNA) extraction. All the samples were
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transported to the laboratory at 2°C~8°C within 72 hours. Urine supernatants were centrifuged at 1600 ×
g and 16000 × g for 10 minutes separately, while urine sediment was centrifuged at 1600 × g for 10
minutes and then stored at -80°C until DNA extraction. Quality control was measured by Micro Drop (BIO-
DL) and Qubit 4.0 (Thermo Fisher Scienti�c) devices. A total of 1-30 ng of ucfDNA and 100 ng of uexDNA
were used for library construction and sequenced on Novaseq (Illumina) to generate 150-bp paired-end
reads.

NGS processing

Quality control statistics and preprocessing of raw sequence data were performed by using fastq (version
0.19.1). Reads were aligned to the hg19 version of the human genome using Burrows–Wheeler Aligner
software (BWA, version 0.7.12). PCR duplicates were marked using the MarkDuplicates tool in Picard.
IndelRealigner and BaseRecalibrator in the Genome Analysis Toolkit (GATK; version 3.8) were used for
realignment and recalibration of the BWA alignment results, respectively. Sentieon TNhaplotyper was
used to detect somatic mutations. Softclip type bases and bases with sequencing quality less than 20
were �ltered out.

Variant biomarker screening

For variant calling from urine or tissues, we utilized the same �lter criteria and �ltered out any mutation
also detected in the matched whole blood samples. Mutations with East Asian population frequency
>0.001 in GnomAD or ExAC_EAS were also �ltered out. The identi�ed variants were further annotated with
ANNOVAR for mutation type, associated gene name, location with respect to associated gene, and amino
acid change. The mutations were then categorized as silent or nonsilent mutations. Silent mutations
included the following: exonic synonymous mutations, intronic mutations, promoter mutations (except
the TERT promoter), 5’UTR mutations and 3’UTR mutations. Nonsilent mutations included the following:
exonic nonsynonymous mutations, splicing mutations, stop codon mutations, frameshift deletion
mutations, frameshift insertion mutations, nonframeshift deletion mutations, and nonframeshift insertion
mutations. Silent mutations were �ltered out. Nonsilent mutations with mutant allele frequency (MAF)
>0.01, reference base depth < 10 and allele base depth <3 was also �ltered out. The Cancer Genome Atlas
(TCGA) gene list and internal blacklist were also used for �ltering.

CNV biomarker screening

Quality control statistics and preprocessing of raw data were performed using fastp (version 0.19.1).
Reads were aligned to the hg19 version of the human genome using Burrows–Wheeler Aligner software
(BWA, RRID:SCR_010910, version 0.7.12). PCR duplicates were marked using Sentieon (version 201911).
First, the coverage was calculated for all samples for every 200k bin. The calculated coverage was
corrected by GC context and self-standardization. 16 healthy samples were used as control to eliminate
centromeres, telomeres and repeat regions which have no genetic information or with considerable noise.
All samples were calculated by the following algorithm after standardization:
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If the absolute value of log2Ratio of the segment is greater than Cutoff_1, then the segment is considered
to have CNV events. The Cutoff_1 value was obtained through the training set. Cutoff_2 was set to
distinguish tumor samples from healthy samples, and its value was also determined by the training set.

utLIFE-UC algorithm development

For the utLIFE-UC algorithm, three model types were considered: random forest (RF), support vector
machines (SVM), and logistic regression without regularization (LR). For each model type, a combination
of variants and CNV_score was evaluated. The modeling cohort (n=150) was randomly split into training
and test sets (7:3), and the training set was used to develop the algorithm by a grid search of
hyperparameters with 10 k-fold cross-validation, while the test set was used to verify the accuracy and
robustness. The SVM model was selected because the SVM outcomes showed superior/comparable
performance compared with that of the other 2 models in the validation cohort (Table S5).

Statistics

The results of CNVs and mutations were integrated and evaluated together through three machine
learning (ML) algorithms: RF, SVM, and LR. The sensitivity and speci�city of the ML models were
estimated by receiver operating characteristic (ROC) curves. The Youden index was used as a summary
measure of the ROC curves, and the optimal threshold value (cutoff point) was selected for markers. All
statistical analyses were performed by Fisher’s test or Student’s t test with GraphPad Version 8.0, and a
two-sided P value<0.05 was considered signi�cant.
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MRD: minimal residual disease; UC: urothelial carcinoma; UTUC: upper tract urothelial carcinoma; BC:
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learning; RF: random forest; SVM: support vector machines; LR: logistic regression without regularization;
TURBT: transurethral resection of bladder tumor; pCR: pathologic complete response; non-pCR: including
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Figures

Figure 1

Schematic work�ow for early detection and minimal residual disease monitoring of UC.

Figure 2

Genetic pro�le �ndings in ucfDNA and application to detecting early-stage bladder cancer. (A) Distribution
of putative genetic mutations observed across 83 bladder cancer cases and 67 healthy controls in this
study. (B) ROC analysis classifying bladder cancer cases versus healthy adults by mutation marker
features. The AUC and Youden index–optimized sensitivity and speci�city values were 0.819, 63.9% and
100%, respectively.

Figure 3

Large chromosomal aberration detection in uexDNA. (A) Autosome landscapes showed signi�cant
differences between tumor and normal samples. In tumor samples, our CNV method could sensitively
identify low-level CNVs. (B) Scatter box diagram of CNV_score in tumor cases and healthy controls
(**p<0.01). (C) ROC curve of the modeling cohort by CNV_score (83 BC patients and 67 healthy controls).
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Figure 4

ROC of the SVM model in the model cohort. The receiver operating characteristic curves of the SVM
model for 83 BC cases versus 67 healthy controls in the training/test sets and the AUC were 0.951 and
0.942, respectively.
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Figure 5

Performance of ML models compared to cytology in the training cohort. (A) Landscape of ML models
and cytology detection results. (B) Diagnostic sensitivity of ML models compared to cytology in the
training cohort; statistical signi�cance was assessed by Fisher’s exact test; **p<0.01.
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Figure 6

Validation of the ML models. (A)(B) ROC curve of the TCGA cohort(n=674) and UTUC cohort(n=22). (C)
(D) Point boxplot of utLIFE-UC score in TCGA cohort and UTUC cohort; ** p<0.01.
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Figure 7

utLIFE-UC MRD analysis in patients with localized bladder cancer. (A) Line chart of utLIFE-UC score for 2
groups: patients with pCR, patients with no pCR. The p values were calculated using Welch’s t test. (B)(C)
Stacked bar plots showing the proportions of each group with positive or negative utLIFE-UC scores,
determined using the optimal utLIFE-UC level threshold that classi�ed patients with pCR from those with
no pCR. The p values were calculated using Fisher’s exact test. (D) Landscape of utLIFE-UC MRD model,
cytology and FISH. (E) Diagnostic sensitivity and NPV of the utLIFE-UC MRD model compared to cytology
or FISH; statistical signi�cance was assessed by Fisher’s exact test; **p<0.01.
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