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(57) Abstract: Described herein are prediction models based on the transcriptomic, exomic, and/or radiological analyses on tissue
samples to predict the likelihood of the original cancer (such as Hepatocellular carcinoma (HCC)) recurrence into the liver transplant.
An example computerimplemented method for predicting the likelihood of liver cancer recurrence 5 into a liver transplant includes
receiving gene expression data related to a liver tissue sample for a subject having a liver cancer, inputting the gene expression data
into a trained machine learning model, and predicting, using the trained machine learning model, a risk of recurrence of the liver cancer
in the subject after liver transplantation.
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MACHINE LEARNING-BASED SYSTEMS AND METHODS FOR PREDICTING
LIVER CANCER RECURRENCE IN LIVER TRANSPLANT PATIENTS

CROSS-REFERENCE TO RELATED APPLICATIONS

This application claims the benefit of U.S. provisional patent application No.
63/239,999, filed on September 2, 2021, and titled “MACHINE LEARNING-BASED
SYSTEMS AND METHODS FOR PREDICTING LIVER CANCER RECURRENCE IN
LIVER TRANSPLANT PATIENTS,” and U.S. provisional patent application No. 63/257,279,
filed on October 19, 2021, and titled “MACHINE LEARNING-BASED SYSTEMS AND
METHODS FOR PREDICTING LIVER CANCER RECURRENCE IN LIVER
TRANSPLANT PATIENTS,” the disclosures of which are expressly incorporated herein by

reference in their entireties.

STATEMENT REGARDING FEDERALLY SPONSORED RESEARCH OR
DEVELOPMENT

This invention was made with government support under CA229262, TR001857 and
DK120531 awarded by the National Institutes of Health (NIH). The government has certain

rights in this invention.
BACKGROUND OF THE INVENTION

Hepatocellular carcinoma (HCC) is the most frequent type of liver cancer, and has a
general 5-year survival rate of 18% (1), with only glioblastoma and pancreatic cancer having
higher mortality (2). Currently, surgical therapy of HCC remains the most effective approach to
treat HCC. When HCC is localized and the liver function is adequate, tumor resection or
cryoablation therapy may be a treatment option. However, liver transplant is the mainstay of
HCC treatment because it treats both the HCC tumor and the underlying liver disease such as
cirrhosis or alcoholic fatty liver disease. Thus, it eliminates the risk of new tumor formation
from the underlying liver disease.

The first successful liver transplant was conducted in 1963 (3). Since then, the number of
liver transplants applied to treat HCC has been steadily increased. Milan criteria were developed
in 1996 to guide the selection of HCC patients for the liver transplant treatment by restricting the
HCC single lesion <5 cm in diameter or up to 3 tumor nodules but with no tumor nodule >3 cm
in diameter (4). However, Milan criteria was later viewed as too restrictive, and thus denied a

large number of HCC patients the transplant treatment. Several subsequent criteria were
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developed to relax the criteria to include more patients into the liver transplant program (5). The
latest Extended Toronto criteria include patients with any size or number of tumors if the patient
is negative in systemic cancer-related symptoms or extrahepatic disease or poorly differentiated
cancer based on biopsy (6). The post-transplant survival rates from these criteria ranged from
65- 85% (7). One of the major considerations of selection of transplant candidates is post-
transplant HCC recurrence. Based on various studies, the HCC recurrence rate was up to 20%
among liver transplant patients and had a median recurrence time of 14 months after the
transplant. The median post-recurrence survival time is only 12 months (8, 9). Thus, a better
prediction method of HCC recurrence for the HCC liver transplant candidates is necessary to

improve the clinical outcomes of HCC patients.

SUMMARY OF THE INVENTION

Described herein are prediction models based on the transcriptomic, exomic, and/or
radiological analyses on tissue samples to predict the likelihood of the original cancer recurrence
into the liver transplant. For example, in some implementations described herein, prediction
models based on the transcriptomic, exomic, and/or radiological analyses on HCC samples to
predict the likelihood of the original HCC recurrence into the liver transplant are described.

An example computer-implemented method for predicting the likelihood of liver cancer
recurrence into a liver transplant is described. The method includes receiving gene expression
data related to a liver tissue sample for a subject having a liver cancer, inputting the gene
expression data into a trained machine learning model, and predicting, using the trained machine
learning model, a risk of recurrence of the liver cancer in the subject after liver transplantation.

Additionally, the trained machine learning model is a supervised machine learning
model. For example, the trained machine learning model can be a support vector machine
(SVM), a random forest model, a logistic regression model, or a k-top scoring pairs (k&-TSP)
model.

In some implementations, the trained machine learning model is configured to predict the
risk of recurrence as a probability score. In other implementations, the trained machine learning
model is configured to predict the risk of recurrence by classifying the subject into one of a
plurality of categories.

Alternatively or additionally, the gene expression data includes respective gene
expression levels for a top-n differentially expressed genes, where n is an integer greater or

equal to 10. Optionally, n is greater than or equal to 50. In these implementations, the trained
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machine learning model is a random forest model. Additionally, the top-n differentially
expressed genes can include one or more of HOOK1, EFCAB7, CDC7, NUF2, UBE2T,
HELLS, RRM1, SYT12, KIF21A, RACGAP1, PRIM1, PTGES3, YEATS4, CCT2, PARPBP,
PPP1CC, KNTC1, TMED2, CDKN3, DLGAPS5, BUB1B, NUSAP1, CCNB2, KIF23, FANCI,
PRCI1, CDC6, TOP2A, KPNA2, NDC80, RBBP8, NARS, BUB1, TOPBP1, SMC4, NCAPG,
CENPE, PLK4, CENPU, CENPQ, TTK, FBXO5, ANLN, MELK, DYNLT3, ZNF674, KIF4A,
AMMECRI1, ZNF449, and BRCC3.

Alternatively or additionally, the gene expression data includes respective gene
expression levels for a top-q pairs of differentially expressed genes, where q is an integer greater
or equal to 10. Optionally, q is 43. In these implementations, the trained machine learning model
is a k-TSP model. Additionally, the top-q pairs of differentially expressed genes includes one or
more of BUB1B and SSH3, MCMS8 and OGDHL, NUSAP1 and FNDC4, KIF21A and RAB43,
CDC7 and CNGA1, MORF4L?2 and ETFB, HELLS and HAMP, PPIL1 and ZCCHC24, MELK
and GALNT15, BRCC3 and CCDC69, CCT6A and ASL, CDKN3 and SYT12, RBBPS and
TMPRSS2, KIF23 and LMF1, KPNA2 and SUN2, SMC4 and FXYD1, PPP1CC and FTCD,
NUCB?2 and NDRG?2, PARP2 and IL11RA, VBP1 and AGTR1, TOP2A and TSPAN9, KTN1
and COL18A1, NCAPG and ADAMTS13, STT3B and CD14, SEC11C and C8G, CCNA2 and
ADRAI1A, CENPQ and UROCI, TTK and PLCH2, FANCI and SHBG, DEK and EGR1, RFC5
and APOF, PTGES3 and TAT, SNX7 and PGLYRP2, CCT2 and PIGR, PRC1 and MGMT,
NARS and MASP1, RRM1 and MGLL, TOPBP1 and CTSF, F2 and ITIH4, ANLN and
ZNF674, PRIM1 and SULT1A1, RARRES?2 and HRG, and CENPU and NNMT.

In some implementations, the method optionally further includes receiving mutation data
related to the liver tissue sample, and inputting the mutation data into the trained machine
learning model. The trained machine learning model can be a random forest model, a k-top
scoring pairs (k-TSP) model, a support vector machine (SVM), or a logistic regression model.
Additionally, the mutation data includes a number of somatic mutations present in the liver
tissue sample from the subject. For example, in some implementations, the mutation data
optionally includes a number of somatic mutations present in a top-m mutation pathways, where
m is an integer greater or equal to 5. Optionally, m is 5. In these implementations, the trained
machine learning model is a random forest model. Additionally, the top-m mutation pathways
include
GO_ENDONUCLEASE_ACTIVITY_ACTIVE_WITH_EITHER_RIBO_OR_DEOXYRIBON
UCLEIC_ACIDS_AND_PRODUCING_3_PHOSPHOMONOESTERS,

GO_GLUCOSE_BINDING, GO_PALMITOYL_COA_HYDROLASE ACTIVITY,
3
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GO_PEPTIDE_N_ACETYLTRANSFERASE_ACTIVITY, and GO_DOPAMINE_BINDING.
Alternatively, in other implementations, the mutation data includes a number of somatic
mutations present in a top-r mutation pathway pairs, where r is an integer greater or equal to 3.
Optionally, r is 3. In these implementations, the trained machine learning model is a k-top
scoring pairs (k-TSP) model. Additionally, the top-r mutation pathways pairs includes
GO_SYNTAXIN_BINDING and GO_N_ACYLTRANSFERASE_ACTIVITY,
REACTOME_GOLGI_ASSOCIATED_VESICLE_BIOGENESIS and
GO_N_ACETYLTRANSFERASE_ACTIVITY, and
GO_REGULATION_OF_HORMONE_METABOLIC_PROCESS and
GO_PEPTIDE_N_ACETYLTRANSFERASE_ACTIVITY.

In some implementations, the method optionally further includes receiving a radiology-
based parameter related to the liver cancer, and inputting the radiology-based parameter into the
trained machine learning model. Additionally, the radiology-based parameter is based on a size
or number of tumor nodules associated with the liver cancer. For example, the radiology-based
parameter is optionally Milan criteria. In some implementations, the trained machine learning
model is a k-top scoring pairs (k-TSP) model. In other implementations, the trained machine
learning model is a support vector machine (SVM), a random forest model, or a logistic
regression model.

In some implementations, the method optionally further includes receiving mutation data
related to the liver tissue sample and a radiology-based parameter related to the liver cancer, and
inputting the mutation data and the radiology-based parameter into the trained machine learning
model. Optionally, the trained machine learning model is a random forest model. Alternatively,
the trained machine learning model is optionally a support vector machine (SVM), a logistic
regression model, or a k-top scoring pairs (k-TSP) model.

In some implementations, the method optionally further includes providing a treatment
recommendation based on the prediction. For example, the treatment recommendation is to
perform a liver transplant procedure on the subject.

Alternatively or additionally, the liver cancer is hepatocellular carcinoma (HCC).

An example method for treating liver cancer is described. The method includes
predicting a risk of recurrence of a liver cancer in a subject after liver transplantation as
described herein, recommending the subject as a candidate for a liver transplant procedure based
on the prediction, and performing the liver transplant procedure on the subject.

An example system for predicting the likelihood of liver cancer recurrence into a liver

transplant is described. The system includes a trained machine learning model and a computing
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device including a processor and a memory, the memory having computer-executable
instructions stored thereon. The computing device is configured to receive gene expression data
related to a liver tissue sample for a subject having a liver cancer, input the gene expression data
into the trained machine learning model, and receive a risk of recurrence of the liver cancer in
the subject after liver transplantation, where the risk of recurrence is predicted by the trained
machine learning model.

In some implementations, the computing device is further configured to receive mutation
data related to the liver tissue sample, and input the mutation data into the trained machine
learning model.

In some implementations, the computing device is further configured to receive a
radiology-based parameter related to the liver cancer, and input the radiology-based parameter
into the trained machine learning model.

Alternatively or additionally, in some implementations, the trained machine learning
model is configured to predict the risk of recurrence as a probability score. In other
implementations, the trained machine learning model is configured to predict the risk of
recurrence by classifying the subject into one of a plurality of categories.

Alternatively or additionally, the trained machine learning model is a support vector
machine (SVM), a random forest model, a logistic regression model, or a k-top scoring pairs (-
TSP) model.

In some implementations, the computing device is further configured to provide a
treatment recommendation based on the prediction. For example, the treatment recommendation
is to perform a liver transplant procedure on the subject.

Alternatively or additionally, the liver cancer is hepatocellular carcinoma (HCC).

It should be understood that the above-described subject matter may also be
implemented as a computer-controlled apparatus, a computer process, a computing system, or an
article of manufacture, such as a computer-readable storage medium.

Other systems, methods, features and/or advantages will be or may become apparent to
one with skill in the art upon examination of the following drawings and detailed description. It
is intended that all such additional systems, methods, features and/or advantages be included

within this description and be protected by the accompanying claims.

BRIEF DESCRIPTION OF THE DRAWINGS
The components in the drawings are not necessarily to scale relative to each other. Like

reference numerals designate corresponding parts throughout the several views.
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Fig. 1 is a diagram illustrating a machine learning model for predicting a risk of
recurrence of a liver cancer in a subject after liver transplantation according to implementations
described herein.

Fig. 2 is an example computing device.

Fig. 3 is a flow chart of procedures for training and validation of genome prediction
model. The procedure starts with the identification of cancer cases by the year of liver transplant
surgery using 2012 as the demarcation. All cases before the first half of 2012 were used the
training set, while cases after the second half of 2012 were used as the testing set. The cancer
areas and benign tissues from the non-liver organ of the paraffin block were needle-cored and
used as “cancer” and “normal” tissues, respectively. All clinical information was blind to the
researchers before the prediction.

Figs. 4A-4F is a receiver operating characteristic (ROC) analysis of genome prediction
model. Fig. 4A is training set ROC based on top 500 differentially expressed genes between
recurrence and non-recurrence samples from the transcriptome sequencing using Leave-One-Out
Cross-Validation (LOOCYV) strategy with Random Forest method. Fig. 4B is testing set ROC
based on the algorithm determined in the training set of Fig. 4A. Fig. 4C is training set ROC
based on transcriptome and exome sequencing results using Random Forest method. Fig. 4D is
testing set ROC based on the algorithm determined in the training set of Fig. 4C. Fig. 4E is ROC
of pooled training and testing cohorts based on transcriptome sequencing using LOOCYV strategy
with Random Forest method. Fig. 4F is ROC of pooled training and testing cohorts based on
transcriptome and exome sequencings using LOOCY strategy with Random Forest method.

Figs. 5A-5F is a Kaplan-Meier analysis of genome prediction model. Fig. 5A is a
training set Kaplan-Meier analysis based on 500 differentially expressed genes from the
transcriptome sequencing using LOOCYV strategy with Random Forest method. Fig. 5B is a
testing set Kaplan-Meier analysis based on the algorithm determined in the training set of Fig.
SA. Fig. 5C is a training set Kaplan-Meier analysis based on transcriptome and exome
sequencing results using Random Forest method. Fig. 5D is a testing set Kaplan-Meier analysis
based on the algorithm determined in the training set of Fig. 5C. Fig. 5E is a Kaplan-Meier
analysis of pooled training and testing cohorts based on transcriptome sequencing using
LOOCYV strategy with Random Forest method. Fig. 5F is a Kaplan-Meier analysis of pooled
training and testing cohorts based on transcriptome and exome sequencings using LOOCV
strategy with Random Forest method.

Figs. 6A-6F is a ROC analysis of Milan criteria with the genome prediction model. Fig.

6A is a ROC analysis based on Milan criteria in the training set. Fig. 6B is a ROC analysis based
6
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on Milan criteria in the testing set. Fig. 6C is a ROC analysis based on Milan criteria in the
combined training and testing sets. Fig. 6D is a ROC analysis of the training set based on
Milan/transcriptome k-top scoring pairs (k-TSP) prediction model using LOOCV. Fig. 6E is a
ROC analysis of the testing set based on Milan/transcriptome k-TSP prediction algorithm
determined in Fig. 6D. Fig. 6F is a ROC analysis of the combined training and testing sets based
on Milan/transcriptome k-TSP prediction model using LOOCV.

Figs. 7A-7F is a Kaplan-Meier analysis of Milan criteria with the genome prediction
model. Fig. 7A is a Kaplan-Meier analysis based on Milan criteria in the training set, Fig. 7B is
a Kaplan-Meier analysis based on Milan criteria in the testing set, and Fig. 7C is a Kaplan-Meier
analysis based on Milan criteria in the combined training and testing sets. Fig. 7D is a Kaplan-
Meier analysis of the training set based on Milan/transcriptome k-TSP prediction model using
LOOCYV. Fig. 7E is a Kaplan-Meier analysis of the testing set based on Milan/transcriptome k-
TSP prediction algorithm determined in Fig. 7D. Fig. 7F is a Kaplan-Meier analysis of the
combined training and testing sets based on Milan/transcriptome k-TSP prediction model using
LOOCV.

Figs. 8A-8C illustrate transcriptomic alteration related to recurrence and mutation
pathways of HCC samples. Fig. 8 A depicts Hierarchical clustering of HCC samples based on
top 500 differential expression genes between non-recurrence and recurrence HCC samples. Fig.
8B is a Heat map of five signaling pathways based on the differential mutation numbers in the
pathways between non-recurrence and recurrence samples. Fig. 8C depicts Gene expression
alterations and connections based on Gene ontology analysis.

Figs. 9A-9F is a ROC analysis of Milan criteria with the transcriptome/mutation
pathways RF prediction model. Fig. 9A is a ROC analysis based on Milan criteria in the training
set, Fig. 9B is a ROC analysis based on Milan criteria in the testing set, and Fig. 9C is a ROC
analysis based on Milan criteria in the combined training and testing sets. Fig. 9D is a ROC
analysis based on Milan/ transcriptome/mutation pathways RF prediction model in the training
set. Fig. 9E is a ROC analysis of testing set based on the algorithm developed from Fig. 9D. Fig.
9F is a ROC analysis based on Milan criteria and the transcriptome/mutation pathways RF
prediction model in the combined training and testing sets.

Figs. 10A-10F is a Kaplan-Meier analysis of Milan criteria with the
transcriptome/mutation pathways RF prediction model. Fig. 10A is a Kaplan-Meier analysis
based on Milan criteria in the training set, Fig. 10B is a Kaplan-Meier analysis based on Milan
criteria in the testing set, and Fig. 10C is a Kaplan-Meier analysis based on Milan criteria in the

combined training and testing sets. Fig. 10D is a Kaplan-Meier analysis based on
7
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Milan/transcriptome/mutation pathways RF model in the training set. Fig. 10E is a Kaplan-
Meier analysis of the testing set based on the algorithm developed from Fig. 10D. Fig. 10F is a
Kaplan-Meier analysis based on Milan/transcriptome/mutation pathways RF prediction model in
the combined training and testing sets.

Figs. 11A-11F is a ROC analysis of k&-TSP genome prediction model. Fig. 11A is a
Training set ROC analysis based on top gene pairs from the transcriptome sequencing using
LOOCYV strategy with k- TSP method. Fig. 11B is a Testing set ROC analysis based on the
algorithm determined in the training set of Fig. 11A. Fig. 11C is a Training set ROC based on
transcriptome and exome sequencing results using k-TSP method. Fig. 11D is a Testing set ROC
based on the algorithm determined in the training set of Fig. 11C. Fig. 11E is a ROC based on
transcriptome sequencing, exome sequencing and Milan criteria on the training set using
LOOCYV strategy with k-TSP method. Fig. 11F is a Testing set ROC based on the algorithm
determined in the training set of Fig. 11E.

Figs. 12A-12F is a Kaplan-Meier analysis of genome prediction model. Fig. 12A is the
training set Kaplan-Meier analysis based on top gene pairs from the transcriptome sequencing
using LOOCYV strategy with k-TSP method. Fig. 12B is the testing set Kaplan-Meier analysis
based on the algorithm determined in the training set of Fig. 12A. Fig. 12C is the training set
Kaplan-Meier analysis based on transcriptome and exome sequencing results using k-TSP
method. Fig. 12D is the testing set Kaplan-Meier analysis based on the algorithm determined in
the training set of Fig. 12C. Fig. 12E is a Kaplan-Meier analysis based on transcriptome
sequencing, exome sequencing and Milan criteria on the training set using LOOCYV strategy
with k-TSP method. Fig. 12F is the testing set Kaplan-Meier analysis based on the algorithm
determined in the training set of Fig. 12E.

Fig. 13 illustrates samples plots based on the scores generated by
Milan/transcriptome/mutation pathways k-TSP model. LOOCYV was performed. Incorrectly
predicted samples were marked by cross-boxes, while correctly predicted samples were marked
by solid circles. Red indicates recurrence samples. Blue indicates non-recurrence samples. TN-
true negative; FN-false negative; TP-true positive; FP-false positive.

Figs. 14A-14B is a principle component analysis (PCA) of 64 HCC samples based on top
500 ranked differentially expressed genes between recurrence and non-recurrence samples. Fig.
14A is a PCA of 38 samples from the training set. Fig. 14B is a PCA of 26 samples from the
testing set. “Recur” shading indicates recurrence samples. “Non-recur” shading indicates non-

recurrence samples .
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Figs. 15A-15C illustrates transcriptomic alteration related to recurrence and mutation
pathways of HCC samples based on k-TSP model. Fig. 15A is a Hierarchical clustering of HCC
samples based on 47 pairs of genes. Fig. 15B is a Heat map of three pairs of signaling pathways
based on the mutation numbers in the samples. Fig. 15C depicts Gene expression alteration and
connections based on Gene ontology analysis.

Figs. 16A-16B are graphs illustrating pathway ranking by based on the adjusted p-value
of the pathway impacted by expression alterations. Fig. 16A depicts Pathway ranking based on
transcriptome RF analysis. Fig. 16B depicts Pathway ranking based on transcriptome k-TSP
analysis.

Fig. 17 is Table 1, which includes clinical features of HCC transplant patients in an
example described herein.

Fig. 18 is Table 2, which includes multiple cancer nodule predictions from HCC patients
in an example described herein.

Fig. 19 is Supplemental Table 1, which includes machine learning model training and
testing validation results from an example described herein.

Fig. 20 is Supplemental Table 2, which includes mutation counts for training sample sets
from an example described herein.

Fig. 21 is Supplemental Table 3, which includes differential gene expression scores of
500 genes for a random forest prediction model from an example described herein.

Fig. 22 is Supplemental Table 4, which includes differential gene expression scores of 86
genes for a k-TSP prediction model from an example described herein.

Fig. 23 is Table 3, which illustrates the top-500 differentially expressed genes for
random forest modelling according to an example implementation.

Fig. 24 is Table 4, which illustrates the top-43 pairs of differentially expressed genes for
k-TSP modelling according to an example implementation.

Fig. 25 is Table 5, which illustrates the top-5 mutation pathways impacted by expression
alterations for random forest modelling according to an example implementation.

Fig. 26 is Table 6, which illustrates the top-3 mutation pathway pairs impacted by
expression alterations for &~TSP modelling according to an example implementation.

Fig. 27 is Table 7, which illustrates the genes associated with the top-5 mutation
pathways shown in Fig. 25.

Fig. 28 is Table 8, which illustrates the genes associated with the top-3 mutation

pathway pairs shown in Fig. 26.
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DETAILED DESCRIPTION OF THE INVENTION

Described herein are machine learning-based systems and methods for predicting a risk
of recurrence of a liver cancer in a subject after liver transplantation. Optionally, the liver cancer
may be hepatocellular carcinoma (HCC). As described herein, HCC is a common type of liver
cancer. Additionally, HCC oftentimes occurs in subjects with underlying liver disease such as
cirrhosis or alcoholic fatty liver disease. And as a consequence, liver transplantation is the
mainstay treatment since it eliminates risk of new tumor formation from the underlying liver
disease. Unfortunately, post-transplant HCC recurrence is still a possibility. In other words,
HCC recurs in the transplanted liver in some patients who undergo liver transplantation.
Predicting recurrence of HCC in a subject post-transplant, however, is a difficult task. For
example, conventional techniques for selecting HCC patients for liver transplantation such as the
Milan criteria or Extended Toronto criteria have been shown to have issues including being
overly restrictive and/or fail to achieve sufficient prediction accuracy.

The machine learning-based systems and methods described herein address problems
associated with the conventional techniques. As described herein, the machine learning-based
systems and methods are capable of accurately predicting recurrence of HCC in liver transplant
patients. Such information can be used clinically to guide and deliver treatment (e.g., select
candidates for liver transplantation). In some implementations, the machine learning-based
systems and methods are based on a transcriptome analysis. In other implementations, the
machine learning-based systems and methods are based on both transcriptome and exome
analyses. In yet other implementations, the machine learning-based systems and methods are
based on both transcriptome and radiology analyses. In yet other implementations, the machine
learning-based systems and methods are based on transcriptome, exome, and radiology analyses.
As described herein, the machine learning-based systems and methods reveal surprising findings
about the altered gene expression and/or mutations that play important roles in predicting the
behavior of HCC in liver transplant patients.

Although HCC is provided as an example liver cancer, this disclosure contemplates that
the liver cancer may be another type including, but not limited to, cholangiocarcinoma or
angiosarcoma. This disclosure contemplates predicting a post-transplantation risk of recurrence
of other types of liver cancer in a subject using the machine learning-based systems and methods
described herein.

Terminology
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As used in the specification and claims, the singular form "a," "an," and "the" include
plural references unless the context clearly dictates otherwise. For example, the term "a cell”
includes a plurality of cells, including mixtures thereof.

The term “about” as used herein when referring to a measurable value such as an
amount, a percentage, and the like, is meant to encompass variations of +20%, £10%, +5%, or
+1% from the measurable value.

“Administration” of “administering” to a subject includes any route of introducing or
delivering to a subject an agent. Administration can be carried out by any suitable route,
including oral, topical, intravenous, subcutaneous, transcutaneous, transdermal, intramuscular,
intra-joint, parenteral, intra-arteriole, intradermal, intraventricular, intracranial, intraperitoneal,
intralesional, intranasal, rectal, vaginal, by inhalation, via an implanted reservoir, or via a
transdermal patch, and the like. Administration includes self-administration and the
administration by another.

The term "cancer” as used herein is defined as disease characterized by the rapid and
uncontrolled growth of aberrant cells. Cancer cells can spread locally or through the
bloodstream and lymphatic system to other parts of the body. Examples of various cancers
include but are not limited to, breast cancer, prostate cancer, ovarian cancer, cervical cancer,
skin cancer, pancreatic cancer, colorectal cancer, renal cancer, liver cancer, brain cancer,
Ilymphoma, leukemia, lung cancer and the like.

As used herein, the term “comprising” is intended to mean that the systems,
compositions and methods include the recited elements, but not excluding others. “Consisting
essentially of”” when used to define systems, compositions and methods, shall mean excluding
other elements of any essential significance to the combination. Thus, a composition consisting
essentially of the elements as defined herein would not exclude trace contaminants from the
isolation and purification method and pharmaceutically acceptable carriers, such as phosphate
buffered saline, preservatives, and the like. “Consisting of”” shall mean excluding more than
trace elements of other ingredients and substantial method steps. Embodiments defined by each
of these transition terms are within the scope of this invention.

A “control” is an alternative subject or sample used in an experiment for comparison
purposes. A control can be "positive" or "negative."

"Inhibit", "inhibiting," and "inhibition" mean to decrease an activity, response, condition,
disease, or other biological parameter. This can include but is not limited to the complete
ablation of the activity, response, condition, or disease. This may also include, for example, a

10% reduction in the activity, response, condition, or disease as compared to the native or
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control level. Thus, the reduction can be a 10, 20, 30, 40, 50, 60, 70, 80, 90, 100%, or any
amount of reduction in between as compared to native or control levels.

"Pharmaceutically acceptable" component can refer to a component that is not
biologically or otherwise undesirable, i.e., the component may be incorporated into a
pharmaceutical formulation of the invention and administered to a subject as described herein
without causing significant undesirable biological effects or interacting in a deleterious manner
with any of the other components of the formulation in which it is contained. When used in
reference to administration to a human, the term generally implies the component has met the
required standards of toxicological and manufacturing testing or that it is included on the
Inactive Ingredient Guide prepared by the U.S. Food and Drug Administration.

"Pharmaceutically acceptable carrier" (sometimes referred to as a “carrier”) means a
carrier or excipient that is useful in preparing a pharmaceutical or therapeutic composition that is
generally safe and non-toxic, and includes a carrier that is acceptable for veterinary and/or
human pharmaceutical or therapeutic use. The terms "carrier" or "pharmaceutically acceptable
carrier" can include, but are not limited to, phosphate buffered saline solution, water, emulsions
(such as an oil/water or water/oil emulsion) and/or various types of wetting agents.

The term “increased” or “increase” as used herein generally means an increase by a
statically significant amount; for the avoidance of any doubt, “increased” means an increase of
at least 10% as compared to a reference level, for example an increase of at least about 20%, or
at least about 30%, or at least about 40%, or at least about 50%, or at least about 60%, or at least
about 70%, or at least about 80%, or at least about 90% or up to and including a 100% increase
or any increase between 10-100% as compared to a reference level, or at least about a 2-fold, or
at least about a 3-fold, or at least about a 4-fold, or at least about a 5-fold or at least about a 10-
fold increase, or any increase between 2-fold and 10-fold or greater as compared to a reference
level.

The term “reduced”, “reduce”, “suppress”, or “decrease” as used herein generally means
a decrease by a statistically significant amount. However, for avoidance of doubt, “reduced”
means a decrease by at least 10% as compared to a reference level, for example a decrease by at
least about 20%, or at least about 30%, or at least about 40%, or at least about 50%, or at least
about 60%, or at least about 70%, or at least about 80%, or at least about 90% or up to and
including a 100% decrease (i.e. absent level as compared to a reference sample), or any decrease

between 10-100% as compared to a reference level.
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The term “subject” is defined herein to include animals such as mammals, including, but
not limited to, primates (e.g., humans), cows, sheep, goats, horses, dogs, cats, rabbits, rats, mice

and the like. In some embodiments, the subject is a human.

 ¢e  ¢e

The terms “treat,” “treating,” “treatment,” and grammatical variations thereof as used
herein, include partially or completely delaying, alleviating, mitigating or reducing the intensity
of one or more attendant symptoms of a disorder or condition and/or alleviating, mitigating or
impeding one or more causes of a disorder or condition. Treatments according to the invention
may be applied preventively, prophylactically, pallatively or remedially. Prophylactic
treatments are administered to a subject prior to onset (e.g., before obvious signs of cancer),
during early onset (e.g., upon initial signs and symptoms of cancer), or after an established
development of cancer. Prophylactic administration can occur for several days to years prior to
the manifestation of symptoms of a disease (e.g., a cancer).
Example Systems

Referring now to Fig. 1, a block diagram illustrating a machine learning model 100 for
predicting a risk of recurrence of a liver cancer in a subject after liver transplantation is shown.
As described herein, the liver cancer is optionally HCC. In Fig. 1, the machine learning model
100 is operating in inference mode. The machine learning model 100 has therefore been trained
with a data set (or “dataset”). The machine learning model 100 is sometimes referred to herein
as a “trained machine learning model.” The machine learning model 100 in Fig. 1 is a supervised
learning model. Supervised learning models are known in the art. A supervised learning model
“learns” a function that maps an input 110 (also known as feature or features) to an output 120
(also known as target or targets) during training with a labeled data set. In some
implementations, the machine learning model 100 is a regression model, i.e., it is configured to
predict the subject’s risk of liver cancer recurrence as a probability score. In other
implementations, the machine learning model 100 is a classifier, i.e., it is configured to classify
the subject into one of a plurality of categories based on the subject’s risk of liver cancer
recurrence. Additionally, it should be understood that the machine learning model 100 shown in
Fig. 1 can include one or more machine learning models. For example, in some
implementations, a plurality of features (e.g., transcriptome data, exome data, radiology data, or
combinations thereof) are input into a single machine learning model. Alternatively, in other
implementations, a plurality of features are input into a plurality of machine learning models
(e.g., transcriptome data into a first machine learning model, exome data into a second machine

learning model, etc.), and the respective outputs are then integrated (e.g., weighted and summed)
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to obtain the output 120 of the machine learning model 100, which includes the plurality of
machine learning models.

This disclosure contemplates that the machine learning model 100 can be implemented
using one or more computing devices (e.g., a processing unit and memory as described herein).
In some implementations, the machine learning model is a support vector machine (SVM). In
some implementations, the machine learning model is a random forest model. In some
implementations, the machine learning model is a logistic regression model. In some
implementations, the machine learning model is a k-top scoring pairs (k-TSP) model. It should
be understood that SVM, random forest, logistic regression, and k-TSP models are provided
only as example machine learning models. This disclosure contemplates that the machine
learning model 100 may be another type of model including, but not limited to, linear
discriminant analysis (LDA).

The machine learning model 100 is trained with a data set to maximize or minimize an
objective function. In some implementations, the objective function is a cost function, which is a
measure of the machine learning model’s performance (e.g., error such as L.1 or L2 loss). The
training algorithm tunes the model’s weights and/or bias to minimize the cost function. This
disclosure contemplates that any algorithm that finds the maximum or minimum of the objective
function can be used for training the machine learning model 100. Machine learning models and
training are known in the art and are therefore not described in further detail herein.

Additionally, the machine learning model 100 can optionally be operably coupled with a
computing device such as computing device 200 shown in Fig. 2. For example, the machine
learning model 100 and computing device can be coupled through one or more communication
links. This disclosure contemplates the communication links are any suitable communication
link. For example, a communication link may be implemented by any medium that facilitates
data exchange between the machine learning model 100 and computing device including, but
not limited to, wired, wireless and optical links. Example communication links include, but are
not limited to, a local area network (LAN), a wireless local area network (WLAN), a wide area
network (WAN), a metropolitan area network (MAN), Ethernet, the Internet, or any other wired
or wireless link such as WiFi, WiMax,3G, 4G, or 5G. The computing device can transmit data
(e.g., the feature(s) or input 110) to the machine learning model 100 and receive data (e.g.,
target(s) or output 120) from the machine learning model 100.

As described above, the machine learning model 100 is trained to map the input 110 (or
feature(s)) to the output 120 (or target(s)). As described below, the input 110 is gene expression

data (transcriptome analysis), mutation data (exome analysis), radiology-based parameters, or
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combinations thereof, and the output 120 is the subject’s risk of recurrence of a liver cancer after
liver transplantation. For example, in some implementations described herein, the input 110 is
gene expression data (transcriptome analysis), and the output 120 is the subject’s risk of
recurrence of a liver cancer after liver transplantation. In other implementations described
herein, the input 110 is gene expression data (transcriptome analysis) and mutation data (exome
analysis), and the output 120 is the subject’s risk of recurrence of a liver cancer after liver
transplantation. In other implementations described, the input 110 is gene expression data
(transcriptome analysis) and radiology-based parameters, and the output 120 is the subject’s risk
of recurrence of a liver cancer after liver transplantation. In yet other implementations described
herein, the input 110 is gene expression data (transcriptome analysis), mutation data (exome
analysis), and radiology-based parameters, and the output 120 is the subject’s risk of recurrence
of a liver cancer after liver transplantation. The input 110 includes the one or more “features”
that are input into the machine learning model 100, which predicts the subject’s risk of
recurrence of a liver cancer after liver transplantation. The subject’s predicted risk is therefore
the “target” of the machine learning model 100. The output 120 can be a probability score or a
classification.

In some implementations described herein, the input 110 includes data from a
transcriptome analysis. For example, the input 110 to the machine learning model 100 can
include gene expression data related to a liver tissue sample. This disclosure contemplates that
gene expression levels can be obtained using techniques known in the art. For example, gene
expression levels can be obtained by sampling liver tissue, extracting messenger Ribonucleic
acid (mRNA) from the sample, sequencing the mRNA, and quantifying the gene expression
levels as compared to a control. This disclosure contemplates that an SVM, a random forest
model, a logistic regression model, or a k-TSP model can be used to predict the subject’s risk of
recurrence of a liver cancer after liver transplantation based on features from the transcriptome
analysis. For example, Figs. 4A, 4B, 4E, 5A, 5B, and 5E illustrate analysis of a random forest
prediction model according to examples described herein, and Figs. 11A, 11B, 12A, and 12B
illustrate analysis of a k&-TSP prediction model according to examples described herein.

In some implementations, a random forest can be used to predict the subject’s risk of
recurrence of a liver cancer after liver transplantation model, and the gene expression data
includes respective gene expression levels for a top-n differentially expressed genes, where n is
an integer greater or equal to 10. Optionally, in the examples below, n is 500 (training and
testing cohorts separate). Optionally, n is 50 (training and testing cohorts pooled). Although n =

500 and n = 50 are provided as examples, this disclosure contemplates that n can have other
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values including, but not limited to, 11, 12, 13, 14, 15, ....495, 496, 497, 498, 499, 500 or more.
Optionally, in some implementations, n has a value greater than or equal to 50. Optionally, in
some implementations, n has a value greater than or equal to 200. Optionally, in some
implementations, n has a value between 50 and 500, and optionally between 200 and 500. In one
example described herein, the top-500 differentially expressed genes are listed in Fig. 23. The
attached sequence listing provides sequences for each of the genes identified in Fig. 23. This
disclosure contemplates that each of the genes in Fig. 23 can have a sequence with 80, 85, 90,
95, etc. percent identity to its respective example sequence. In some implementations, the top-50
differentially expressed genes include HOOK1, EFCAB7, CDC7, NUF2, UBE2T, HELLS,
RRM1, SYT12, KIF21A, RACGAP1, PRIM1, PTGES3, YEATS4, CCT2, PARPBP, PPP1CC,
KNTC1, TMED2, CDKN3, DLGAPS, BUB1B, NUSAP1, CCNB2, KIF23, FANCI, PRCI1,
CDC6, TOP2A, KPNA2, NDC80, RBBPS, NARS, BUB1, TOPBP1, SMC4, NCAPG, CENPE,
PLK4, CENPU, CENPQ, TTK, FBXO5, ANLN, MELK, DYNLT3, ZNF674, KIF4A,
AMMECRI1, ZNF449, and BRCC3. In some implementations, the top-500 differentially
expressed genes include ENO1, APITD1, MST1P2, CLIC4, STMNI1, TAF12, CDCAS, TRIT1,
PPT1, KIF2C, PRDX1, CMPK1, GPX7, HOOK1, EFCAB7, DEPDCI1, CRYZ, FUBP1, TTLL7,
CDC7, GLMN, RPAP2, CCDC18, TMEDS, DNTTIP2, SNX7, LRRC39, EXTL2, PRMTS6,
STXBP3, GPSM2, LAMTORS, CHDI1L, HIST2H3C, CCT3, PCP4L1, NUF2, CENPL,
DARS2, ASPM, UBE2T, PRELP, PIGR, DTL, CENPF, EPRS, LIN9, GREM?2, EXO1,
ATP5C1, COMMD3-BMI1, ITGB1, OGDHL, CDK1, ZCCHC24, ADIRF, LIPA, KIF11,
CEP55, HELLS, SMC3, SLC18A2, PRDX3, EDRF1, MKI67, MGMT, RRM1, EIFAG2, FARI,
NUCB2, HSD17B12, MTCH2, CDCAS, SYT12, SSH3, ANAPCI15, DDIAS, RAB30-AS1,
SCARNAY, TAF1D, ZBTB16, NNMT, APOA1, TTC36, CCDC15, CHEK1, NCAPD3,
TSPAN9, RAD5S1AP1, CIR, CD163L1, KIF21A, TMEM106C, TUBA1B, TROAP,
RACGAPI, APOF, ATP5B, PRIM1, PTGES3, NACA, XRCC6BP1, TMEMS, NUP107,
YEATS4, CCT2, NAP1L1, PAWR, CCDC53, NUP37, PARPBP, HSP90B1, CRY1, TCHP,
GPN3, PPP1CC, RFCS, CIT, COX6A1, DYNLL1, MLEC, KNTC1, CDK2AP1, TMED2,
ZNF664, SKA3, CDKS, EXOSCS8, CKAP2, DIAPH3, BORA, DNAJC3, RAP2A, TM9SFE2,
KDELC1, PARP2, BCL2L2-PABPNI1, COCH, SCFD1, PPP2R3C, MBIP, POLE2, CDKN3,
CNIHI1, CGRRF1, WDHDI1, DLGAPS, KTN1, PSMA3, SLC38A6, TDP1, TMEM251, VRKI1,
HSP90AA1, CDCA4, EMC7, BUBIB, CASCS5, OIP5, NUSAP1, PDIA3, CEP152, DTWDI,
MYOS5C, TEX9, CCNB2, GTF2A2, USP3-AS1, VWA, TIPIN, ZWILCH, KIF23, CYP11Al,
COXS5A, RCN2, EFTUDI1, FANCI, IQGAP1, BLM, PRC1, LMF1, LMF1-AS1, SLC9A3R2,

CCNF, RMI2, PLK1, SHCBP1, GINS3, NAEL, NUTF2, MPHOSPH6, ACADVL, GPS2,
16



10

15

20

25

30

WO 2023/034955 PCT/US2022/075886

SHBG, ZNF624, PRPSAP2, CPD, PIGW, RPL23, CDC6, TOP2A, ACLY, NME1, MKSI,
KPNA2, RPL38, SCARNA16, BIRC5, CEP131, SIRT7, ALYREF, THOC1, TYMS, NDCS0,
PSMG2, RBBP8, ONECUT2, NARS, LOC100505549, SEC11C, TIMM21, GADDA45B, TIP3,
LRGI1, UHRF1, ASFIB, PGLYRP2, PDCDS5, GPATCHI1, FXYD1, HAMP, APOE, C5AR2,
ETFB, A1BG, CPSF3, TAF1B, RRM2, ODC1, PDIA6, DDX1, CENPO, FNDC4, DPY30,
MTIF2, CFAP36, VRK2, KIAA1841, FAM136A, BOLA3, TXNDC9, PDCL3, MRPS9,
CCDC138, BUB1, CKAP2L, PSD4, MYO7B, MCM6, NEB, FMNL2, PSMD14, DPP4,
STK39, KLHL23, SSB, ITGA6, OLA1, H3F3AP4, RBM45, NUP35, FAM171B, OSGEPLI1,
HSPD1, NOP5S, IDH1, SMARCALI1, STK36, NCL, HIURP, PCNA, TMEM?230, MCMS,
PLCBI1, TPX2, DNMT3B, AHCY, RPN2, FAMS3D, MYBL2, UBE2C, PFDN4, DOKS,
AURKA, SLMO2, CHAF1B, TMPRSS2, COL18A1, FTCD, USP18, GGTS, POLR2F, SUN2,
PARVG, FANCD2, GALNT15, TOP2B, STT3B, PTHIR, SLC26A6, NT5DC2, GNL3, ITIH4,
ARF4, THOC7, CMSS1, KIAA1524, DZIP3, ZBTB20-AS3, POLQ, CCDCS58, UROCI,
MCM?2, MGLL, RAB43, NPHP3-ACAD11, TOPBP1, PXYLP1, PLOD2, AGTR1, SERPI,
SCHIP1, IFT80, SMC4, ACTL6A, RFC4, MASPI, TFRC, TACC3, HGFAC, NCAPG,
CNGA1, DANCR, DCK, H2AFZ, CENPE, CCNA2, ANXAS, PLK4, SLC7A11, SCOC,
CENPU, DEPDCIB, IPO11, CENPK, CCNB1, CENPH, CDK7, SMNI1, POCS, TBCA, TTC37,
ERAP2, TMED7, KIF20A, EGR1, HSPA9, PAIP2, CD14, PCDHB15, CCDC69, HMMR,
CCNG1, RARS, NPM1, CANX, RIOK1, PAK1IP1, DEK, TDP2, GMNN, LRRC16A,
HIST1H2AL, HIST1HI1B, HIST1H3I, HIST1H2BO, ZNF165, IER3, KIFC1, UQCC2, RPS10-
NUDT3, PPIL1, GLO1, TOMMS6, HSP90AB1, CENPQ, MCM3, EFHCI, TTK, SNX3, CD164,
ASF1A, FBXO0S5, CCR6, BZW2, HNRNPA2B1, TAX1BP1, GGCT, ANLN, CCT6A, ASL,
TMEMG60, HGF, CYP3A7, DNAJC2, NUP205, TRIM24, EZH2, RARRES2, NCAPG2,
FAMS86B3P, PDLIM2, ADRA1A, NUGGC, MCM4, UBE2V2, PRKDC, NSMAF, SDCBP,
SNHG6, TRAMI1, LRRCC1, CPNE3, NBN, TMEM67, INTS8, CCNE2, POLR2K, PABPCI1,
YWHAZ, RRM2B, ATP6V1C1, DCAF13, EIF3E, EMC2, NUDCDI, EIF3H, RAD21, MAL2,
DSCC1, MTBP, TATDNI, SQLE, KIAA0196, PTK2, MELK, GNA14, CEP78, IARS,
CTNNALT1, ADAMTS13, TCEANC, AP1S2, SCMLI1, SCML2, YY2, APOO, DYNLTS3,
ATP6AP2, GPR34, FUNDCI, ZNF674-AS1, ZNF674, MSN, PDZD11, KIF4A, RPS4X,
ABCB7, UPRT, TAF9B, PGK1, ZNF711, RPL36A, GLA, MORF4L2, NXT2, AMMECRI,
RPL39, NKAPP1, UTP14A, SLC25A14, STK26, HPRT1, MOSPD1, ZNF449, FMR1, G6PD,
CMC4, BRCC3, and VBP1.

In some implementations, a k&-TSP model can be used to predict the subject’s risk of

recurrence of a liver cancer after liver transplantation model, and the gene expression data
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includes respective gene expression levels for a top-q pairs of differentially expressed genes,
where q is an integer greater or equal to 10. Optionally, in the examples below, q is 23 (training
and testing cohorts separate). Optionally, q is 47 (training and testing cohorts pooled). Although
g =23 and q = 47 are provided as examples, this disclosure contemplates that n can have other
values including, but not limited to, 11, 12, 13, 14, 15, ....44, 45, 46, 47 or more. In one example
described herein, the top-43 pairs of differentially expressed genes are listed in the table shown
in Fig. 24. The attached sequence listing provides sequences for each of the genes identified in
Fig. 24. This disclosure contemplates that each of the genes in Fig. 24 can have a sequence with
80, 85, 90, 95, etc. percent identity to its respective example sequence.

Additionally, in some implementations described herein, the input 110 includes data
from an exome analysis. In other words, the input 110 can include data from both transcriptome
and exome analyses. For example, the input 110 to the machine learning model 100 can further
include mutation data related to the liver tissue sample. This disclosure contemplates that
mutation data can be obtained using techniques known in the art. For example, mutation data
can be obtained by sampling liver tissue, extracting Deoxyribonucleic acid (DNA) from the
sample, sequencing the DNA, and identifying somatic mutations. Somatic mutations can be
identified based on a comparison of the liver tissue sample DNA sequences to a control set of
DNA sequences derived from a control subject or population that either has no cancer or no
cancer recurrence. In some implementations, the mutation data includes a number of somatic
mutations present in the liver tissue sample. In some implementations, the mutation data
includes a number of somatic mutations present in a top-m mutation pathways, where m is an
integer greater or equal to 5. Optionally, m is 5. Although m = 5 is provided as an example, this
disclosure contemplates that m can have other values including, but not limited to, 6, 7, 8, 9,
...26,27, 28,29, 30 or more. Figs. 16A and 16B illustrate example ranking of pathways
impacted by expression alterations according to examples described herein. Additionally, Fig.
25 illustrates the top-5 mutation pathways impacted by expression alterations for random forest
modelling according to one example. The genes associated with the top-5 mutation pathways of
Fig. 25 are listed in the Table 7 shown in Fig. 27. The attached sequence listing provides
sequences for each of the genes identified in Table 7. This disclosure contemplates that each of
the genes in Table 7 can have a sequence with 80, 85, 90, 95, etc. percent identity to its
respective example sequence. Alternatively or additionally, in some implementations, the
mutation data includes a number of somatic mutations present in a top-r mutation pathways
pairs, where r is an integer greater or equal to 3. Optionally, ris 3. Although r = 3 is provided as

an example, this disclosure contemplates that r can have other values including, but not limited
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to,4,5,6,7,8,9,...26, 27, 28, 29, 30 or more. Additionally, Fig. 26 includes a table that
illustrates the top-3 mutation pathway pairs impacted by expression alterations for k-TSP
modelling according to one example. The genes associated with the top-3 mutation pathways
pairs of Fig. 26 are listed in the Table 8 shown in Fig. 28. The attached sequence listing
provides sequences for each of the genes identified in Table 8. This disclosure contemplates that
each of the genes in Table 8 can have a sequence with 80, 85, 90, 95, etc. percent identity to its
respective example sequence. In one example described herein, a random forest model is used to
predict the subject’s risk of recurrence of a liver cancer after liver transplantation based on
features from the transcriptome and exome analyses. For example, Figs. 4C, 4D, 4F, 5C, 5D, and
SF illustrate analysis of a random forest prediction model according to examples described
herein. This disclosure contemplates that other machine learning models such as an SVM, a
logistic regression model, or a k-TSP model can be used to predict the subject’s risk of
recurrence of a liver cancer after liver transplantation based on features from the transcriptome
and exome analyses. For example, Figs. 11C, 11D, 12C, and 12D illustrate analysis of a k-TSP
prediction model according to examples described herein.

Additionally, in some implementations described herein, the input 110 includes data
from an imaging analysis. In other words, the input 110 can include data from both
transcriptome and imaging analyses. This disclosure contemplates that imaging modalities for
detecting and characterizing liver tumors include, but are not limited to, ultrasound, computed
tomography (CT), magnetic resonance imaging (MRI), and positron emission tomography
(PET). It should be understood that ultrasound, CT, MRI, and PET are provided only as
examples and that other imaging modalities may be used. For example, the input 110 to the
machine learning model 100 can include one or more radiology-based parameters related to the
liver cancer. In some implementations, a radiology-based parameter is based on a number of
tumor nodules associated with the liver cancer. Alternatively or additionally, a radiology-based
parameter is based on a size of tumor nodules associated with the liver cancer. This disclosure
contemplates that a radiology-based parameter can be based on other characteristics of the liver
cancer. In some implementations, the radiology-based parameter can be based on a combination
of characteristics of the liver cancer (e.g., number and size of nodules). Optionally, the
radiology-based parameter is Milan criteria, which are a set of criteria used to assess a subject’s
candidacy for liver transplantation. The Milan criteria are known in the art and therefore not
described in further detail herein. Although Milan criteria are provided as an example radiology-
based parameter, this disclosure contemplates using other metrics (e.g., the extended Toronto

criteria) to characterize the liver cancer. In one example described herein, a &-TSP model is used
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to predict the subject’s risk of recurrence of a liver cancer after liver transplantation based on
features from the transcriptome and imaging analyses. For example, Figs. 6D, 6E, 6F, 7D, 7E,
and 7F illustrate analysis of a k-TSP prediction model according to examples described herein.
This disclosure contemplates that other machine learning models such as an SVM, a random
forest model, or a logistic regression model can be used to predict the subject’s risk of
recurrence of a liver cancer after liver transplantation based on features from the transcriptome
and imaging analyses.

Alternatively, in some implementations described herein, the input 110 includes data
from transcriptome, exome, and imaging analyses. In other words, the input 110 to the machine
learning model 100 can include gene expression data, mutation data, and radiology-based
parameters related to the liver cancer. In one example described herein, a random forest model is
used to predict the subject’s risk of recurrence of a liver cancer after liver transplantation based
on features from the transcriptome, exome, and imaging analyses. For example, Figs. 9D, 9E,
9F, 10D, 10E, and 10F illustrate analysis of a random forest prediction model according to
examples described herein. This disclosure contemplates that other machine learning models
such as an SVM, a k- TSP model, or a logistic regression model is used to predict the subject’s
risk of recurrence of a liver cancer after liver transplantation based on features from the
transcriptome, exome, and imaging analyses. For example, Figs. 11E, 11F, 12E, and 12F
illustrate analysis of a k&-TSP prediction model according to examples described herein.

It should be appreciated that the logical operations described herein with respect to the
various figures may be implemented (1) as a sequence of computer implemented acts or
program modules (i.e., software) running on a computing device (e.g., the computing device
described in Fig. 2), (2) as interconnected machine logic circuits or circuit modules (i.e.,
hardware) within the computing device and/or (3) a combination of software and hardware of
the computing device. Thus, the logical operations discussed herein are not limited to any
specific combination of hardware and software. The implementation is a matter of choice
dependent on the performance and other requirements of the computing device. Accordingly, the
logical operations described herein are referred to variously as operations, structural devices,
acts, or modules. These operations, structural devices, acts and modules may be implemented in
software, in firmware, in special purpose digital logic, and any combination thereof. It should
also be appreciated that more or fewer operations may be performed than shown in the figures
and described herein. These operations may also be performed in a different order than those

described herein.
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Referring to Fig. 2, an example computing device 200 upon which the methods described
herein may be implemented is illustrated. It should be understood that the example computing
device 200 is only one example of a suitable computing environment upon which the methods
described herein may be implemented. Optionally, the computing device 200 can be a well-
known computing system including, but not limited to, personal computers, servers, handheld or
laptop devices, multiprocessor systems, microprocessor-based systems, network personal
computers (PCs), minicomputers, mainframe computers, embedded systems, and/or distributed
computing environments including a plurality of any of the above systems or devices.
Distributed computing environments enable remote computing devices, which are connected to
a communication network or other data transmission medium, to perform various tasks. In the
distributed computing environment, the program modules, applications, and other data may be
stored on local and/or remote computer storage media.

In its most basic configuration, computing device 200 typically includes at least one
processing unit 206 and system memory 204. Depending on the exact configuration and type of
computing device, system memory 204 may be volatile (such as random access memory
(RAM)), non-volatile (such as read-only memory (ROM), flash memory, etc.), or some
combination of the two. This most basic configuration is illustrated in Fig. 2 by dashed line 202.
The processing unit 206 may be a standard programmable processor that performs arithmetic
and logic operations necessary for operation of the computing device 200. The computing
device 200 may also include a bus or other communication mechanism for communicating
information among various components of the computing device 200.

Computing device 200 may have additional features/functionality. For example,
computing device 200 may include additional storage such as removable storage 208 and non-
removable storage 210 including, but not limited to, magnetic or optical disks or tapes.
Computing device 200 may also contain network connection(s) 216 that allow the device to
communicate with other devices. Computing device 200 may also have input device(s) 214 such
as a keyboard, mouse, touch screen, etc. Qutput device(s) 212 such as a display, speakers,
printer, etc. may also be included. The additional devices may be connected to the bus in order
to facilitate communication of data among the components of the computing device 200. All
these devices are well known in the art and need not be discussed at length here.

The processing unit 206 may be configured to execute program code encoded in
tangible, computer-readable media. Tangible, computer-readable media refers to any media that
is capable of providing data that causes the computing device 200 (i.e., a machine) to operate in

a particular fashion. Various computer-readable media may be utilized to provide instructions to
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the processing unit 206 for execution. Example tangible, computer-readable media may include,
but is not limited to, volatile media, non-volatile media, removable media and non-removable
media implemented in any method or technology for storage of information such as computer
readable instructions, data structures, program modules or other data. System memory 204,
removable storage 208, and non-removable storage 210 are all examples of tangible, computer
storage media. Example tangible, computer-readable recording media include, but are not
limited to, an integrated circuit (e.g., field-programmable gate array or application-specific 1C),
a hard disk, an optical disk, a magneto-optical disk, a floppy disk, a magnetic tape, a holographic
storage medium, a solid-state device, RAM, ROM, electrically erasable program read-only
memory (EEPROM), flash memory or other memory technology, CD-ROM, digital versatile
disks (DVD) or other optical storage, magnetic cassettes, magnetic tape, magnetic disk storage
or other magnetic storage devices.

In an example implementation, the processing unit 206 may execute program code stored
in the system memory 204. For example, the bus may carry data to the system memory 204,
from which the processing unit 206 receives and executes instructions. The data received by the
system memory 204 may optionally be stored on the removable storage 208 or the non-
removable storage 210 before or after execution by the processing unit 206.

It should be understood that the various techniques described herein may be
implemented in connection with hardware or software or, where appropriate, with a combination
thereof. Thus, the methods and apparatuses of the presently disclosed subject matter, or certain
aspects or portions thereof, may take the form of program code (i.e., instructions) embodied in
tangible media, such as floppy diskettes, CD-ROMs, hard drives, or any other machine-readable
storage medium wherein, when the program code is loaded into and executed by a machine,
such as a computing device, the machine becomes an apparatus for practicing the presently
disclosed subject matter. In the case of program code execution on programmable computers,
the computing device generally includes a processor, a storage medium readable by the
processor (including volatile and non-volatile memory and/or storage elements), at least one
input device, and at least one output device. One or more programs may implement or utilize the
processes described in connection with the presently disclosed subject matter, e.g., through the
use of an application programming interface (API), reusable controls, or the like. Such programs
may be implemented in a high level procedural or object-oriented programming language to
communicate with a computer system. However, the program(s) can be implemented in
assembly or machine language, if desired. In any case, the language may be a compiled or

interpreted language and it may be combined with hardware implementations.
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Example Methods

Provided herein are methods of predicting a risk of recurrence of the liver cancer in the
subject after liver transplantation. For example, the method can include receiving gene
expression data related to a liver tissue sample for a subject having a liver cancer. This
disclosure contemplates that the gene expression data can be received by a computing device
such as the computing device 200 shown in Fig. 2. The method can also include inputting the
gene expression data into a trained machine learning model such as the machine learning model
100 shown in Fig. 1. Gene expression data is described above and therefore not described in
further detail here. The method can further include predicting, using the trained machine
learning model, a risk of recurrence of the liver cancer in the subject after liver transplantation.
In these implementations, the subject’s risk of recurrence of a liver cancer after liver
transplantation is predicted based on features from the transcriptome analysis alone.

Optionally, in some implementations, the method can further include receiving mutation
data related to the liver tissue sample; and inputting the mutation data into the trained machine
learning model. Mutation data is described above and therefore not described in further detail
here. In these implementations, the subject’s risk of recurrence of a liver cancer after liver
transplantation is predicted features on data from both the transcriptome and exome analyses.

Optionally, in some implementations, the method can further include receiving a
radiology-based parameter related to the liver cancer; and inputting the radiology-based
parameter into the trained machine learning model. Radiology-based parameters are described
above and therefore not described in further detail here. In these implementations, the subject’s
risk of recurrence of a liver cancer after liver transplantation is predicted based on features from
both the transcriptome and imaging analyses.

Optionally, in some implementations, the method can further include receiving mutation
data related to the liver tissue sample and a radiology-based parameter related to the liver
cancer; and inputting the mutation data and the radiology-based parameter into the trained
machine learning model. In these implementations, the subject’s risk of recurrence of a liver
cancer after liver transplantation is predicted based on features from all three of the
transcriptome, exome, and imaging analyses.

Optionally, in some implementations, the method can further include providing a
treatment recommendation based on the prediction. For example, the treatment recommendation
is optionally to perform a liver transplant procedure on the subject. It should be understood a
subject with a relatively lower risk of cancer recurrence is a better candidate for liver

transplantation than a subject with a relatively higher risk of cancer recurrence. In other words,
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as described herein, it is possible that a liver cancer such as HCC recurs in a subject even after
liver transplantation. The machine learning-based systems and methods described herein are
capable of predicting the risk of recurrence of liver cancer, and such information can be used to
provide a treatment recommendation such as selecting a suitable candidate for liver
transplantation.

Optionally, in some implementations, the method can further include performing a liver
transplant procedure on a subject. For example, the liver transplant procedure can be performed
on a subject for which the machine learning-based systems and methods described herein have
predicted a relatively low risk of cancer recurrence.

It should also be understood that the foregoing relates to preferred embodiments of the
present invention and that numerous changes may be made therein without departing from the
scope of the invention. The invention is further illustrated by the following examples, which are
not to be construed in any way as imposing limitations upon the scope thereof. On the contrary,
it is to be clearly understood that resort may be had to various other embodiments,
modifications, and equivalents thereof, which, after reading the description herein, may suggest
themselves to those skilled in the art without departing from the spirit of the present invention
and/or the scope of the appended claims. All patents, patent applications, and publications

referenced herein are incorporated by reference in their entirety for all purposes.

EXAMPLES

EXAMPLE 1

Methods

All the human samples in the experiment were obtained in accordance with the
guidelines approved by the Institutional Review Board of the University of Pittsburgh. All the
methods were carried out in accordance with relevant guidelines and regulations. Informed-
consent exemptions were obtained from University of Pittsburgh Institutional Review Board.

Tissue samples. The 128 tissue specimens in the study were obtained from the University
of Pittsburgh Medical Center archived tissue deposit center in compliance with institutional
regulatory guidelines (See Fig. 17, Table 1). Cancer tissues were identified through Hematoxylin
and Eosin staining. The position of the cancer in the slide was matched with the tissue block,
and circled. The identified positions were then used to obtain needle cores from the cancer
tissues. Non-liver and benign tissues away from the cancer were used as matched normal

control. The sample size was estimated by power analysis and availability of the clinical
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specimens. The processes and protocols followed the guidelines approved by the Institutional
Review Board of University of Pittsburgh. All cancer samples were obtained through needle
coring of the paraffin tissue blocks.

Transcriptome sequencing. Paraffin was removed by incubating the tissue cores with
xylene overnight. The RNA extraction and the transcriptome sequencing procedures were
described previously (10-17). Briefly, total RNA was extracted from the tissue cores using
TRIzol methods. DNasel was used to degrade DNA, and a RIBO-Zerorm Magnetic Kit
(Epicentre, Madison, WI) was used to remove ribosomal RNA from the samples. RNA was
reverse transcribed to cDNA, and a TruSeq™ RNA Sample Prep Kit v2 (Illumina, Inc. San
Diego, CA) was used for library preparation. The procedure was guided by the manufacturer’s
manual. The quality of the transcriptome library was analyzed with gPCR using [llumina
sequencing primers and quantified in an Agilent 2000 Bioanalyzer. The sequencing procedure
followed the manual for paired-end sequencing with 200 cycles as specified for the HiSeq 2500
or with 300 cycles as specified for the NextSeq550 platform by Illumina.

Exome sequencing. lllumina TruSeq DNA Exome prep kit was used to prepare the
exome library. Briefly, the extracted DNA (100 ng) was fragmented in Covaris sonicator to 200
bp length. This was followed by ends repairing, adenylation of 3’ end, and adapters ligation.
After the clean-up by magnetic beads, the DNA fragments were PCR amplified for 8 cycles of
98°C 20 seconds, 60°C for 20 seconds and 72°C for 30 seconds. The amplified DNA was applied
to hybridize the probes, and the hybridized probes were captured by Streptavidin magnetic
beads. After repeating the probe hybridization and probe capturing, the enriched DNA fragments
were amplified for 8 cycles of 98°C for 10 seconds, 60°C for 35 seconds, and 72°C for 30
seconds. The libraries were then assessed for quality and quantity in an Agilent 2000
Bioanalyzer. The sequencing procedure followed the manual for paired-end sequencing with
200 cycles as specified for the HiSeq 2500 or with 300 cycles as specified for the NextSeq550
platform by [llumina.

Bioinformatics analysis for transcriptome sequencing data. The sequencing quality
control was first performed on RNA-seq data through FastQC
(https://www .bioinformatics.babraham.ac.uk/projects/fastqc/). Adapter sequences and low
quality reads were trimmed out by Trimmomatic (18). After pre-processing, surviving reads
were aligned to human reference genome hgl19 by aligner Hisat2 (19). Gene fragments per
kilobase per million reads (FPKM) were quantified by Cufflinks (20). All the pipelines were run

by default parameters.
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Bioinformatics analysis for whole-exome sequencing data. DNA specimens from paired
data (tumor and benign tissue for the same patient) were collected for whole exome sequencing
(WES). Similar as RNA-seq data, each WES data first went through the pipeline of quality
control (https://www.bioinformatics.babraham.ac.uk/projects/fastqc/) and filtering (18). Reads
that passed the quality control were then aligned to human reference genome hgl19 by Burrows-
Wheeler Aligner mem function (21). Tool Picard (http://broadinstitute.github.io/picard/) was
then applied to sort, index and mark duplicates on the aligned reads. Genome Analysis Toolkit
(22) analysis pipeline was then employed to perform the realignment and mutation calling.
Eventually, paired-samples (tumor and normal) were matched to call somatic mutation by
GATK Mutect2 (22). All the pipelines were run by default parameters.

Prediction model on transcriptome expression profiles. Genome-wide gene expression
profiles were quantified across all the tumor cases. FPKM values were first log2 scaled. Several
machine learning algorithms were applied on the transcriptome expression data: support vector
machine (SYM) (23), random forest (RF) (24, 25), linear discriminant analysis (LDA) (26),
logistic regression (27) and k-top scoring pairs (k-TSP) (28). Quantile normalization across the
training and testing cohorts was applied to correct the batch effect for the first four algorithms,
while k- TSP is a non-parametric method where quantile normalization is not required. For all
these methods, leave-one-out cross-validation (LOOCYV) was performed on the training cohort
to evaluate the prediction algorithms and select the best parameters (the best top number of
genes or paired-genes). Then the best algorithm was applied to the whole training cohort to train
a model and apply to the testing cohort. Eventually, the training and testing cohorts were pooled
together to generate the best model for the prediction of recurrence of a new case. All the
biostatistical analyses were performed by R programming and available R packages:
‘randomForest’, ‘MASS’, ‘e1071’ and ‘switchBox’ (29).

Prediction model integrating transcriptome expression and gene mutation. All the
machine learning algorithms applied to transcriptome analysis were used to integrate both RNA
and DNA data. At the RNA level, gene expressions were used as features, which is similar to the
model only working on transcriptome expression data. At the DNA level, somatic mutations
were called on each tumor-normal pair individually. Known Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathways with defined functional gene sets were
collected from the public database (30, 31). Total number of genes with somatic mutations was
then calculated for each functional pathway and used as DNA-level features.

For the machine learning models RF, SVM, LDA and logistic regression, both

transcriptome
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expression at RNA-level and pathway mutation at DNA-level were employed as prediction
features. Random forest regression prediction was used to predict a probability score for
recurrence. The score ranges from O to 1, where score > (.5 represents recurrence and score <
0.5 means non-recurrence prediction. For &~TSP model, it was applied to transcriptome
expression and gene mutation profiles individually. To combine the two omics datasets, scores
calculated from the transcriptome expression data and scores from the gene mutation data were
weighted and summed for the prediction. The final score ranges from -1 to 1, where a positive
score represents recurrence and a negative score means non-recurrence for binary prediction.
Similar to the model only involving transcriptome expression data, the model integrating both
the RNA and DNA was first applied to the training cohort. The best parameters selected by
LOOCYV were used as the final model for the training cohort and then applied to the testing
cohort for evaluation. In the final stage, both cohorts were pooled to provide a final prediction
model on leave-one-out cross-validation. All the biostatistical analyses were performed by R
programming and available R packages (29).

Prediction model integrating transcriptome expression, gene mutation and Milan score.
Similar to transcriptome expression and gene mutation integration, multiple machine learning
models were employed to integrate RNA expression, DNA mutation, and Milan score. For k-
TSP model, it assigned a weight to the RNA score, DNA score and Milan score (-1 for ‘in” and 1
for ‘out’). The final prediction score is the sum of all three weighted scores. For RF, SVM, LDA
and
logistic regression, the following were employed as features contributing to prediction: gene
expression, pathway mutation, and Milan score. RF generated a probability score ranging from 0
to 1, where a score higher than 0.5 indicates recurrence, and a score less than 0.5 predicts
nonrecurrence.

Downstream functional pathway analysis. When combining the training and testing data,
the top 500 differentially expressed genes (DEGs) were selected by the ranking of p-values.
These genes were then used for functional pathway analysis. Four pathway databases were
collected for the enrichment test: Gene Ontology (GO) (30), Kyoto Encyclopedia of Genes and
Genomes (KEGG) (31), Reactome (32) and BioCarta (33). Top significant enriched pathways
were selected by FDR=5%. Genes involved in selected pathways were used for network
analysis. Clustering heatmap, pathway barplot and network figure were generated by R
programming (package ComplexHeatmap (34) and ggplot (35) and Cytoscape software (36).

Statistical analysis. All the statistical analyses were performed by R programming. The

receiver operating characteristic (ROC) curves and Kaplan-Meier analyses were analyzed and
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plotted by R/Bioconductor packages survival (https://CRAN.R-project.org/package=survival),
pROC (37), ggfortify (38) and GGally (https://CRAN.R-project.org/package=GGally).

EXAMPLE 2
Pre-determination of training cohort and testing cohort.

In previous studies, it was shown that the alterations of genome and gene expression
occur in human hepatocellular carcinoma and are associated with the aggressiveness of the
cancers (39,

40). However, it is unclear whether these changes contain predictive values for the clinical
prognosis of HCC patients undergoing liver transplants. To examine whether the alterations of
gene expressions and genome in the HCC are predictive of the cancer recurrence of HCC in the
liver transplant patients, two cohorts based on the surgical timeline were constructed for
transcriptome and exome sequencing analyses. The training cohort (38 cases) included HCC
samples obtained from patients who had liver transplants from 1988 to the first half of 2012,
while the testing cohort (26 cases) included HCC samples from the second half of 2012 to 2019.
The results of the transcriptome and exome analyses of the training cohort were combined to
develop a classification algorithm as a training set (Figure3). The algorithm was then applied to

predict the clinical outcomes of the cases from the testing set (second cohort).

EXAMPLE 3
Transcriptome sequencing to predict HCC outcomes.

The transcriptome analysis was performed using Random Forest (RF) (24, 25) model
where all the genes were ranked based on their differential expression between recurrence and
nonrecurrence samples. The top 10 differentially expressed genes were first used to predict the
recurrence status of the cases in the training set using the leave-one-out cross-validation
(LOOCYV) method. Subsequently, top 20, 30, 40, 50, 100, 200, 500, or 1000 differentially
expressed genes were added to train the model and to examine whether addition of genes
improved the results. The final model was selected based on the best Youden Index (sensitivity
+ specificity -1). As shown in Figure 4A, 500 differentially expressed genes were found to
produce the best results in predicting the cancer recurrence for HCC patients. The Receiver
Operating Characteristic (ROC) curve yielded an area under the curve (AUC) of 0.87 and a p-
value of 2.8x10°. The LOOCV model based on 500 genes produced 84.2% accuracy, with a
sensitivity of 80% and specificity of 87% (Figure 19, Supplemental Table 1) . When this
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algorithm was applied to the testing cohort, the AUC of the ROC was 0.806 and a p-value of
0.00049 (Figure 4B). The accuracy was 73.1%, with 87.5% sensitivity and 66.7% specificity
(Figure 19, Supplemental Table 1).

EXAMPLE 4
Mutation pathways analysis to enhance prediction of HCC outcomes.

To examine whether genome mutations of HCC have roles in predicting the clinical
outcomes of the HCC transplant patients, exome sequencing was performed on the same HCC
samples and their matched non-liver benign tissue samples from both cohorts. Somatic
mutations were identified by subtracting the single-nucleotide variants in the cancer sample with
the matched normal tissue from the same individual. A total of 30,090 somatic mutations were
identified in 64 HCC samples of both cohorts, with an average 470 (15-2657) mutations per
HCC sample (Figure 20, Supplemental Table 2). These mutations were distributed in 6977
pathways based on Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG). The difference of mutation numbers between the recurrence and non-recurrence cases
in each pathway was ranked through t-tests. The pathway with the smallest p-value was ranked
at the top. The top 5 mutation pathways were then combined with the 500 genes from the
transcriptome sequencing to examine whether mutation status in the pathways improves the
transcriptome prediction. This model was then added with top 10, 15, 20, 25, or 30 pathways to
examine whether additional differential mutation pathways improve the prediction rate. The
model with the best Youden Index was selected through LOOCYV. As shown in Figures 4C and
D, the combination of 5 mutation pathways and 500 differential expressed genes in the training
set improved the accuracy to 86.8% with a sensitivity of 86.7% and specificity of 87%
(AUC=0.87 and p=5.2x10"%). When this algorithm was applied to the testing set, the accuracy
was 77% (AUC=0.764 and p=0.0065), with a sensitivity of 100% and specificity of 66.7%
(Figure 19, Supplemental Table 1). When both training and testing set data were combined to
create a prediction model based on LOOCYV method, the transcriptome model predicted 81.3%
correctly (AUC=0.896 and p=2.2x10-24, Figure 4E), while mutation pathways and transcriptome
combination generated a correct prediction of 84.4% (AUC=0.894 and p=7.3x102*) with a
sensitivity of 78.3% and specificity of 87.8% (Figure 4F and Figure 19, Supplemental Table 1).

Using transcriptome analysis alone, the survival analysis in the training set showed that
87% of the transplant patients predicted as non-recurrent enjoyed recurrence-free survival up to

298.8
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months, while patients predicted as recurrence had a 20% 3-year recurrence-free survival rate
(p=1.6x10, Figure 5A). When the same algorithm from the training set was applied to the
testing set, the patients predicted as non-recurrence had a 92.3% recurrence-free survival up to
60 months, while the patients predicted as recurrence had only about 46% recurrence-free
survival in a similar period (p=0.01, Figure 5B). The combination of transcriptome and mutation
pathways analyses showed that the recurrence-free survival rates reached 90.9% for the patients
predicted as non-recurrence in the training set and 100% in the testing set, while the patients
predicted as recurrence had the recurrence-free survival rates of 18.8% (p=2.5x107) in the
training set and 42.9% (p=0.002) in the testing set (Figure 5C and 5D). These results suggest a
mild improvement of the prediction of recurrence-free survival when mutation pathways
analysis was added to the prediction model. When both training and testing cohorts were
combined, similar mild improvement of survival prediction by transcriptome and mutation
pathways model was shown: 87.8% patients predicted as non-recurrence by the
transcriptome/mutation pathways RF model experienced at least 3 years of recurrence-free
survival versus 85.4% by the transcriptome RF model, while only 21.7% patients predicted as
recurrence by the transcriptome/mutation pathways RF model survived recurrence-free for the

similar period versus 26.1% for the transcriptome RF model (Figure 5E and 5F).

EXAMPLE §

Role of Milan criteria in predicting the recurrence of HCC in the transplant patients.

Milan criteria is a radiology-based parameter defined by the size and number of HCC
tumor nodules. Based on Milan-in (low risk of recurrence) and Milan-out (high risk of
recurrence) assessment, the prediction rate of the recurrence for the entire cohort is 76.6%, with
a sensitivity
of 78.2% and specificity of 75.6%. To investigate whether the addition of Milan criteria
improves the prediction rate of the genome prediction model, the transcriptome/mutation
pathways model and Milan score were combined to create a transcriptome/mutation
pathways/Milan RF model to predict the likelihood of HCC recurrence of the liver transplant
patients. As shown in Figures 9 and 10, even though the transcriptome/mutation pathways/Milan
RF model offered significant improvement of the prediction rates over the Milan criteria, the
addition of the Milan criteria did not improve the prediction rate of transcriptome/mutation
pathways RF model in the training analysis or training to testing analysis (Figure 19,
Supplemental Table 1).

To examine whether the other machine learning models were improved by Milan criteria,
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the transcriptome sequence results were analyzed through k- TSP method, a non-parametric
algorithm especially suitable for cross-platform studies. The model provides a prediction score
based on the k-top scoring pairs, where a positive value indicates recurrence and a negative
score means non-recurrence prediction. The &-TSP model was applied to the training set for
LOOCYV with different numbers of top gene pairs (5, 7, 9..., 49) and the best model was selected
by the highest Youden Index. The transcriptome k-TSP model alone yielded 79% accuracy in
the training analysis, 73.1% in the testing analysis and 79.7% in the combined training and
testing analyses (Figures 11 and 12, and Figure 19, Supplemental Table 1). The combination of
Milan criteria and transcriptome sequencing produced significant improvement over either
analysis alone (Figure 6 and 7): The Milan/transcriptome k-TSP model generated 79%
prediction rate in the training analysis, 80.8% in the testing analysis, and 84.4% in the combined
training and testing cross validation analysis. Interestingly, when DNA mutation pathway
analysis was combined with the Milan/transcriptome k-TSP model, mixed results were obtained:
The Milan /transcriptome/mutation pathways k- TSP model improved the prediction to 89.5% in
the training set and 87.5% in the combined training and testing set, but dropped the prediction
rate to 73.1% in the testing analysis (Figure 19, Supplemental Table 1, Figures 11, 12 and 13).
These results suggest that Milan criteria may improve the prediction of k-TSP machine learning
model, particularly the k- TSP transcriptome analysis, when they were combined into an
integrative prediction model.

Survival analysis showed that 94% HCC patients with Milan “in” enjoyed a recurrence-
free survival of 3 years or more in the training set. However, the 3-year recurrence-free survival
for Milan “in” patients decreased to 80% in the testing set and 86% in the combined data sets
(Figure 7(A-C)). The Milan/transcriptome k-TSP model showed a 90% 3-year survival rate in
the training set when the patients were predicted as non-recurrence (Figure 7D). The testing
validation analysis showed that 83% HCC patients predicted by Milan/transcriptome k-TSP
model as nonrecurrence survived up to 60 months without recurrence, while 37.5% patients
predicted as recurrence survived similar periods without recurrence (p=0.016, Figure 7E). When
both training and testing cohorts were combined, the cancer-free survival improved to 85.7% for
patients predicted as non-recurrence, and 22.7% for patients as recurrence (p=6.18x10", Figure
7F), extremely similar to the survival results produced by transcriptome/mutation
pathways/Milan RF model in the same data set: 85.7% HCC patients with 3 years recurrence-
free survival when predicted as non-recurrence, while 22.7% patients with 3 years or longer

cancer-free when predicted as recurrence (p=6.54x10"%). These may compare favorably with
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Milan criteria alone: 86% 3-year survival for Milan “in”, while 35.7% for Milan “out”
(p=1.5x107, Figure 10(A-F)).

Next, the entire cohort was divided into low risk of recurrence (Milan-in) and high risk
of
recurrence (Milan-out) based on Milan criteria. The transcriptome/mutation pathways RF model
was applied to predict the outcomes. When Milan is “in”, the model predicted 88.9% correctly
based on the transcriptome/mutation pathways RF model (Figure 19, Supplemental Table 1).
Interestingly, when Milan is “out”, the model had an accuracy of 82.1%, with 94.4% sensitivity
and 60% specificity, including predicting 17 of 18 recurrent patients correctly (Figure 19,
Supplemental Table 1). These results suggest that the genome model may have a significant

utility in predicting the clinical outcomes of patients outside the Milan criteria.

EXAMPLE 6
The impact of heterogeneity of HCC.

HCC may have significant heterogeneity in terms of genome profile and differentiation
even in the same individual (41). A tumor nodule may have different gene expression and
mutation profiles from its nearby nodules. To investigate whether the genome prediction model
is
sufficiently robust to overcome the heterogeneous nature of HCC, 3 individuals with multiple
tumor nodules were examined, including an individual (patient #1) having 4 tumor nodules and
two individuals (patients #2 and #3) having 2 tumor nodules each. As shown in Table 2, the
transcriptome/mutation pathways RF prediction model consistently produced scores indicating
HCC recurrence from each of the four tumor nodules of patient #1, matching the clinical
outcome of the patient. The transcriptome/mutation pathways RF model correctly predicted the
non-recurrence outcomes from 2 tumor nodules of patient #2, while the same model predicted 2
tumor nodules of patient #3 as recurrence outcomes, matching the real clinical results. Of the
eight tumor nodules, the genome prediction yielded a 100% (8/8) correct prediction. Overall, the
genome prediction model is reasonably robust in predicting the clinical outcomes of HCC

samples despite the heterogeneity of the cancers.

EXAMPLE 7
The signaling pathways involved in the genome prediction model.
When the relative expression levels of the top 500 genes were used as parameters, most

of the cancers with the non-recurrence outcomes appeared to aggregate together in the
32



10

15

20

25

30

WO 2023/034955 PCT/US2022/075886

hierarchical clustering analysis (Figure 8A) and principal component analysis (Figure 14),
separating from the samples with the recurrence outcomes. Similar segregation of recurrence
and non-recurrence samples was also achieved when using the top 43 pairs of genes from the k-
TSP model (Figure 15A). At the DNA level, the mutations in the pathway of dopamine binding
were dominant in the samples from patients with HCC recurrence in the RF analysis (Figure
8B), while mutations in the pathways of Syntaxin binding, Golgi associated vesicle biogenesis,
and the regulation of hormonal metabolic process were included in the &-TSP model (Figure
15B). The disruption of these pathways may impact the homeostasis and metabolisms of the
cancer cells. Thus, these alterations may impact the survival of the cancers. At the transcriptome
level, 77 of 86 genes in the k-TSP model overlapped with those from the RF models (Figures 21
and 22, Supplemental Table 3 and 4). Genes involving in DNA replication, chromosome
segregation and mitoses such as CDKN3, MCMS8, MCM6, BUB1B, KIF23 and CDC6
dominated the pathway analyses (Figure 8C, Figure 15C and 16). The copy number gain or
over-expression of these genes had been previously reported in human cancers (13, 42-44).

These changes may facilitate the DNA replication and growth of cancer cells.

EXAMPLE §
Discussion.

Liver transplantation is one of the main approaches to treat liver cancers. It is particularly
useful for HCC patients with late-stage cirrhosis or other non-functional liver conditions. Milan
criteria have been a useful criterion for gauging the suitability of liver transplant in the last 25
years.

While most patients inside the Milan criteria experienced cancer-free recovery from the liver
Transplant (45), the criteria were considered overly strict, and excluded many patients from
receiving the liver transplant treatment (45). The current genome prediction model, whether in
combination with Milan criteria or not, represents a new alternative to Milan criteria for the
selection of liver transplant candidates. Two potential clinical scenarios can be adopted using the
genome prediction model: First, Milan criteria is used as the first line of selection of patient
candidates for the liver transplant. The patients with “Milan-in" status will be selected as
primary candidates for the liver transplant, while the patients with “Milan-out” status will be
screened through the genome prediction model for the suitability of the liver transplant. Second,
Milan

criteria can be integrated into the genome prediction model to screen all HCC candidates for the
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suitability of the liver transplant. In either scenario, the model may produce an improvement on
Milan criteria alone.

Overfitting is one of the potential pitfalls of molecular prediction models. To overcome
the
potential overfitting issues, we had preselected the HCC cases into two unconnected cohorts
based on the year of transplant surgery. The testing cohort represents an ongoing prospective
analysis. To increase the robustness of the analysis, most samples in one cohort (training) were
analyzed through [llumina HiSeq2500, while another (testing) were analyzed through
NextSeq550. Due to the differences of the platforms, the read lengths of the sequencing were
also different: HiSeq2500 platform was limited to 100 bases per read, while NextSeq550DX was
150 bases. The sequencings were performed in different time frames (2015-2017 for the training
set, 2018-2020 for the testing set). Despite the non-connected nature of the cohorts, different
sequencing platforms and different time frames, the variation in prediction accuracies between
the two cohorts was consistently less than 10%, suggesting a good reproducibility of the model.
The robustness of the genome prediction model is not limited to RF method. When other
machine learning methods such as k-TSP were applied, Support Vector Machine, Linear
Discriminant Analysis, or Logistics Regression, similar results were obtained (Figure 19,
Supplemental Table 1).

A surprising finding in the analysis presented here is that most of the frequent mutations
of HCC such as TP53, CTNNB1 and TERT were not found to play important roles in predicting
the behavior of HCC in liver transplant patients. Rather, mutations in dopamine signaling
pathway such as dopamine receptors and G-protein coupled receptors were frequent in HCC
patients who experienced recurrence after the liver transplant, while mutations in genes
involving in glucose binding/metabolism such as HKDC1, G6PD, and endonuclease such as
RNASE2, XRCC3, were more frequent in HCC patients who were less likely to have cancer
recurrence. The altered functions of these proteins may have an impact on the survival and
metabolism of the cancer cells. In contrast, the transcriptome analysis shows that the most
altered expression genes are those involving DNA synthesis (MCMS8, MCM6, TOP2A and
CDC7), chromatin segregation (BUB1 and CDC6) and mitosis (NDC80 and PPP1CC) (Figure
8C and Figure 15C). The over-expression of these genes are directly related to cancer cell
growth and proliferation. However, most of these genes were not mutated.

The relative irrelevance of the cancer driver mutations associated directly with the

malignant
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behavior of HCC cells for predicting post-transplant recurrence is understandable. The HCC
recurrence occurs after circulating HCC cells in the peripheral blood at the time of the
transplantation procedure traverse through the circulation, survive the turbulent flow
environment of the cardiac valves, proceed through the pulmonary circulation without attaching
to the lungs, and finally lodge themselves in the new liver (46, 47). This may be a complicated
process and the pathways operating within the cells have to be able to allow them to withstand
the immune and shear/stress forces likely to be encountered. The pathways enabling these
capabilities are not well understood, and the findings from the current study are likely to provide
useful information as to their nature. The mutation and transcriptome analyses appear to uncover
two different facets of the cancer genome: a qualitative alteration without much change in
expression levels and a quantitative change without the alteration of quality. Each change may
have an impact on the cancer cells and leads to recurrence and metastasis. Future dissection of

these pathways may help to gain a better understanding of the cancer behavior.
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CLAIMS
What is claimed is:

1. A computer-implemented method comprising:

receiving gene expression data related to a liver tissue sample for a subject having a liver
cancer;

inputting the gene expression data into a trained machine learning model; and

predicting, using the trained machine learning model, a risk of recurrence of the liver

cancer in the subject after liver transplantation.

2. The computer-implemented method of claim 1, wherein the trained machine

learning model is a supervised machine learning model.

3. The computer-implemented method of claim 1 or 2, wherein the trained machine

learning model is configured to predict the risk of recurrence as a probability score.

4. The computer-implemented method of claim 1 or 2, wherein the trained machine
learning model is configured to predict the risk of recurrence by classifying the subject into one

of a plurality of categories.

5. The computer-implemented method of claim 1, wherein the trained machine
learning model is a support vector machine (SVM), a random forest model, a logistic regression

model, or a k-top scoring pairs (k<-TSP) model.

6. The computer-implemented method of claim 1, wherein the gene expression data
comprises respective gene expression levels for a top-n differentially expressed genes, where n

is an integer greater or equal to 10.

7. The computer-implemented method of claim 6, wherein n is greater than or equal

to 50.

8. The computer-implemented method of claim 6, wherein the top-n differentially
expressed genes comprise one or more of HOOK1, EFCAB7, CDC7, NUF2, UBE2T, HELLS,
RRM1, SYT12, KIF21A, RACGAP1, PRIM1, PTGES3, YEATS4, CCT2, PARPBP, PPP1CC,
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KNTC1, TMED2, CDKN3, DLGAPS, BUB1B, NUSAP1, CCNB2, KIF23, FANCI, PRCI1,
CDC6, TOP2A, KPNA2, NDC80, RBBP8, NARS, BUB1, TOPBP1, SMC4, NCAPG, CENPE,
PLK4, CENPU, CENPQ, TTK, FBXO5, ANLN, MELK, DYNLT3, ZNF674, KIF4A,
AMMECRI1, ZNF449, and BRCC3.

9. The computer-implemented method of any one of claims 6-8, wherein the trained

machine learning model is a random forest model.

10. The computer-implemented method of claim 1, wherein the gene expression data
comprises respective gene expression levels for a top-q pairs of differentially expressed genes,

where q is an integer greater or equal to 10.

11. The computer-implemented method of claim 10, wherein q is 43.

12. The computer-implemented method of claim 10, wherein the top-q pairs of
differentially expressed genes comprise one or more of BUB1B and SSH3, MCMS and
OGDHL, NUSAP1 and FNDC4, KIF21A and RAB43, CDC7 and CNGA1, MORF4L2 and
ETFB, HELLS and HAMP, PPIL1 and ZCCHC24, MELK and GALNT15, BRCC3 and
CCDC69, CCT6A and ASL, CDKN3 and SYT12, RBBP8 and TMPRSS2, KIF23 and LMF1,
KPNA2 and SUN2, SMC4 and FEXYDI1, PPP1CC and FTCD, NUCB2 and NDRG?2, PARP2 and
IL1IRA, VBPI and AGTRI, TOP2A and TSPAN9, KTN1 and COL18A1, NCAPG and
ADAMTS13, STT3B and CD14, SEC11C and C8G, CCNA2 and ADRATA, CENPQ and
UROC1, TTK and PLCH2, FANCI and SHBG, DEK and EGR1, RFC5 and APOF, PTGES3
and TAT, SNX7 and PGLYRP2, CCT2 and PIGR, PRC1 and MGMT, NARS and MASP1,
RRM1 and MGLL, TOPBP1 and CTSF, F2 and ITIH4, ANLN and ZNF674, PRIM1 and
SULT1A1, RARRES2 and HRG, and CENPU and NNMT.

13. The computer-implemented method of any one of claims 10-12, wherein the

trained machine learning model is a k&-TSP model.

14. The computer-implemented method of claim 1, further comprising:
receiving mutation data related to the liver tissue sample; and

inputting the mutation data into the trained machine learning model.
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15. The computer-implemented method of claim 14, wherein the mutation data

comprises a number of somatic mutations present in the liver tissue sample from the subject.

16. The computer-implemented method of claim 14, wherein the mutation data
comprises a number of somatic mutations present in a top-m mutation pathways, where m is an

integer greater or equal to 5.

17. The computer-implemented method of claim 16, wherein m is 5.

18. The computer-implemented method of claim 16, wherein the top-m mutation
pathways comprise one or more of
GO_ENDONUCLEASE_ACTIVITY_ACTIVE_WITH_EITHER_RIBO_OR_DEOXYRIBON
UCLEIC_ACIDS_AND_PRODUCING_3_PHOSPHOMONOESTERS,
GO_GLUCOSE_BINDING, GO_PALMITOYL_COA_HYDROLASE_ACTIVITY,
GO_PEPTIDE_N_ACETYLTRANSFERASE_ACTIVITY, and GO_DOPAMINE_BINDING.

19. The computer-implemented method of any one of claims 16-18, wherein the

trained machine learning model is a random forest model.

20. The computer-implemented method of claim 14, wherein the mutation data
comprises a number of somatic mutations present in a top-r mutation pathway pairs, where r is

an integer greater or equal to 3.

21. The computer-implemented method of claim 20, wherein r is 3.

22. The computer-implemented method of claim 20, wherein the top-r mutation
pathways pairs comprise one or more of GO_SYNTAXIN_BINDING and
GO_N_ACYLTRANSFERASE_ACTIVITY,
REACTOME_GOLGI_ASSOCIATED_VESICLE_BIOGENESIS and
GO_N_ACETYLTRANSFERASE_ACTIVITY, and
GO_REGULATION_OF_HORMONE_METABOLIC_PROCESS and
GO_PEPTIDE_N_ACETYLTRANSFERASE_ACTIVITY.

41



10

15

20

25

30

WO 2023/034955

PCT/US2022/075886

23. The computer-implemented method of any one of claims 20-22, wherein the

trained machine learning model is a k-top scoring pairs (k<-TSP) model.

24. The computer-implemented method of claim 14, wherein the trained machine

learning model is a support vector machine (SVM), a random forest model, a logistic regression

model, or a k-top scoring pairs (k<-TSP) model.

25. The computer-implemented method of claim 1, further comprising:

receiving a radiology-based parameter related to the liver cancer; and

inputting the radiology-based parameter into the trained machine learning model.

26. The computer-implemented method of claim 25, wherein the radiology-based

parameter is based on a size or number of tumor nodules associated with the liver cancer.

27. The computer-implemented method of claim 25 or 26, wherein the radiology-

based parameter is Milan criteria.

28. The computer-implemented method of any one of claims 25-27, wherein the

trained machine learning model is a k-top scoring pairs (k<-TSP) model.

29. The computer-implemented method of any one of claims 25-27, wherein the

trained machine learning model is a support vector machine (SVM), a random forest model, or a

logistic regression model.

30. The computer-implemented method of claim 1, further comprising:

receiving mutation data related to the liver tissue sample and a radiology-based

parameter related to the liver cancer; and

inputting the mutation data and the radiology-based parameter into the trained machine

learning model.

31. The computer-implemented method of claim 30, wherein the trained machine

learning model is a random forest model.
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32. The computer-implemented method of claim 30, wherein the trained machine
learning model is a support vector machine (SVM), a logistic regression model, or a k-top

scoring pairs (k-TSP) model.

33. The computer-implemented method of any one of claims 1-32, further

comprising providing a treatment recommendation based on the prediction.

34. The computer-implemented method of claim 33, wherein the treatment

recommendation is to perform a liver transplant procedure on the subject.

35. The computer-implemented method of any one of claims 1-34, wherein the liver

cancer is hepatocellular carcinoma (HCC).

36. A method comprising:

predicting a risk of recurrence of a liver cancer in a subject after liver transplantation
according to any one of claims 1-34;

recommending the subject as a candidate for a liver transplant procedure based on the
prediction; and

performing the liver transplant procedure on the subject.

37. A system comprising:

a trained machine learning model; and

a computing device comprising a processor and a memory, the memory having
computer-executable instructions stored thereon that, when executed by the processor, cause the
processor to:

receive gene expression data related to a liver tissue sample for a subject having a liver
cancer;

input the gene expression data into the trained machine learning model; and

receive a risk of recurrence of the liver cancer in the subject after liver transplantation,

wherein the risk of recurrence is predicted by the trained machine learning model.

38. The system of claim 37, wherein the memory has further computer-executable
instructions stored thereon that, when executed by the processor, cause the processor to:

receive mutation data related to the liver tissue sample; and
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input the mutation data into the trained machine learning model.

39. The system of claim 37 or 38, wherein the memory has further computer-
executable instructions stored thereon that, when executed by the processor, cause the processor
to:

receive a radiology-based parameter related to the liver cancer; and

input the radiology-based parameter into the trained machine learning model.

40. The system of any one of claims 37-39, wherein the trained machine learning
model is configured to predict the risk of recurrence as a probability score, or predict the risk of

recurrence by classifying the subject into one of a plurality of categories.

41. The system of any one of claims 37-40, wherein the trained machine learning
model is a support vector machine (SVM), a random forest model, a logistic regression model,

or a k-top scoring pairs (k-TSP) model.

42, The system of any one of claims 37-41, wherein the memory has further
computer-executable instructions stored thereon that, when executed by the processor, cause the

processor to provide a treatment recommendation based on the prediction.

43. The system of claim 42, wherein the treatment recommendation is to perform a

liver transplant procedure on the subject.

44, The system of any one of claims 37-43, wherein the liver cancer is hepatocellular

carcinoma (HCC).
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TABLE 1. CLINICAL FEATURES OF HCC TRANSPLANT PATIENTS

SUBSTITUTE SHEET (RULE 26)

COHORT |SAMPLE SURGICAL |RECURSTATUS |[MILAN [MONTHS _TO (FOLLOWUP_IN
YEAR RECURRENCE [MONTHS
TRAINING | TRAINING 1 | 1988 NON-RECUR [OUT ([NA 712
TRAINING | TRAINING 2 | 2009 NON-RECUR [IN NA 134
TRAINING |TRAINING 3 | 2007 NON-RECUR |[OUT ([NA 121.5
TRAINING | TRAINING 4 | 2008 NON-RECUR [IN NA 136.9
TRAINING | TRAINING 5 | 2008 NON-RECUR [IN NA 76.7
TRAINING | TRAINING 6 |2009 NON-RECUR [OUT |NA 157.3
TRAINING | TRAINING 7 |2008 NON-RECUR [OUT |NA 103
TRAINING | TRAINING 8 |2008 NON-RECUR |[IN NA 104.2
TRAINING | TRAINING 9 {2008 NON-RECUR |[IN NA 121.1
TRAINING | TRAINING 10 | 2008 NON-RECUR |[IN NA 113.1
TRAINING | TRAINING 11 | 2009 NON-RECUR [OUT |NA 110.4
TRAINING | TRAINING 12 | 2009 NON-RECUR |[IN NA 92.1
TRAINING | TRAINING 13 | 2009 NON-RECUR |[IN NA 1278
TRAINING | TRAINING 14 | 2009 NON-RECUR [OUT |NA 116.2
TRAINING | TRAINING 15| 2009 NON-RECUR [IN |NA 134.3
TRAINING | TRAINING 16 | 2009 NON-RECUR [IN NA 92.2
TRAINING | TRAINING 17 | 2009 NON-RECUR [IN NA 135
TRAINING | TRAINING 18 | 2009 NON-RECUR [IN NA 137.2
TRAINING | TRAINING 19 | 2009 NON-RECUR [IN NA 129.2
TRAINING [TRAINING 20 {2009 NON-RECUR [IN |NA 145.8
TRAINING | TRAINING 21 | 2009 NON-RECUR [OUT ([NA 142.3
TRAINING |TRAINING 22 | 2012 NON-RECUR [IN NA 101.8
TRAINING | TRAINING 23 | 1991 NON-RECUR |[OUT ([NA 298.8
TRAINING | TRAINING 24 | 1988 RECUR outT |(26.3 31.1
TRAINING | TRAINING 25 | 1989 RECUR OuT |(25.2 25.2
TRAINING | TRAINING 26 | 1989 RECUR outT (5.8 5.8
F16. 17 (CONTIN.)
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(CONTINUED)

TRAINING [ TRAINING 27 {1990 RECUR out 127.7 47 4
TRAINING | TRAINING 28 | 1991 RECUR out |9.1 9.1

TRAINING [ TRAINING 29 {1992 RECUR out |119.6 21.3
TRAINING [ TRAINING 30 {2004 RECUR OUT 255 29.1
TRAINING [ TRAINING 31 {2007 RECUR out |27.1 80.5
TRAINING | TRAINING 32 | 2007 RECUR out (10.9 13.6
TRAINING  [TRAINING 33 {2007 RECUR OUT |5.2 16.7
TRAINING | TRAINING 34 | 2008 RECUR ouT |15.2 79.1
TRAINING | TRAINING 35 (2012 RECUR IN 354 43.2
TRAINING | TRAINING 36 | 1988 RECUR outT (125 15.2
TRAINING | TRAINING 37 | 1989 RECUR OuT (6.6 6.6
TRAINING | TRAINING 38 [ 1990 RECUR OUT |[15.6 335
VALIDATION [TESTING 1 2012 NON-RECUR |IN NA 55.6
VALIDATION [TESTING 2  [2015 NON-RECUR |IN NA 53.3
VALIDATION [TESTING 3  [2015 NON-RECUR |IN NA 497
VALIDATION [TESTING 4 [2015 NON-RECUR |IN NA 61

VALIDATION [TESTING 5 [2015 NON-RECUR |IN NA 61

VALIDATION [TESTING 6 [2014 NON-RECUR | OUT |NA 48.7
VALIDATION [TESTING7 [2015 NON-RECUR |IN NA 61

VALIDATION TESTING 8 [2016 NON-RECUR |IN NA 56

VALIDATION [TESTING9 (2016 NON-RECUR | IN NA 57.8
VALIDATION [TESTING 10 (2016 NON-RECUR | IN NA 37.9
VALIDATION [TESTING 11 (2016 NON-RECUR | OUT |NA 37.3
VALIDATION [TESTING 12 (2016 NON-RECUR | IN NA 48.6
VALIDATION [TESTING 13 (2016 NON-RECUR | IN NA 574
VALIDATION [TESTING 14 (2016 NON-RECUR |IN NA 49.3
VALIDATION [TESTING 15 (2015 NON-RECUR | IN NA 65.8
VALIDATION [TESTING 16 (2016 NON-RECUR |IN NA 36.2
VALIDATION [TESTING 17 (2016 NON-RECUR | IN NA 515

F16. 17 (CONTIN.)
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(CONTINUED)
VALIDATION [TESTING 18 | 2016 NON-RECUR |IN [NA 504
VALIDATION [TESTING 19 {2013 RECUR IN (357 62.5
VALIDATION [TESTING 20 | 2016 RECUR outT 7.5 38.6
VALIDATION [TESTING 21 | 2016 RECUR outT 7.5 38.6
VALIDATION [TESTING 22 | 2016 RECUR out 7.5 38.6
VALIDATION | TESTING 23 {2016 RECUR out_|7.5 38.6
VALIDATION | TESTING 24 | 2016 RECUR IN |67 18.6
VALIDATION | TESTING 25 2016 RECUR IN |67 18.6
VALIDATION | TESTING 26 | 2016 RECUR IN |77 20.9
f6.17

TABLE 2. MULTIPLE CANCER NODULE PREDICTIONS FROM HCC PATIENTS

PATIENT |RECUR MILAN RF PROBABILITY |PREDICTION [MONTHS TO
STATUS SCORE* STATUS RECURRENCE

#1A RECUR out 0.6275 RECUR 1.5

#1B RECUR outT 0.7909 RECUR 1.5

#1( RECUR out 0.8400 RECUR 1.5

#1D RECUR outT 0.7534 RECUR 1.5

#2A NON-RECUR |IN 0.1235 NON-RECUR [ NA

#1B NON-RECUR |IN 0.0120 NON-RECUR [ NA

#3A RECUR IN 0.6690 RECUR 6.7

#3B RECUR IN 0.9183 RECUR 6.7
*.SCORE>0.5=LIKELY RECURRENCE, AND SCORE<0.5=LIKELY NON-RECURRENCE

FIG 18
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SUPPLEMENTAL TABLE 1
TRAINING DATA CROSS-VALIDATION
(OHORT FEATURE MODEL | ACCURACY| SENSITIVITY| SPECIFICTTY | YOUDEN_INDEX|TP | FP| TN | FN
TRAIN LOOCV RNA RF 08421 0.8000] 08696 0669612 3/20| 3
TRAIN LOOCV RNA VM 07895 07333]  0.8261 0.5594]11| 419 4
TRAIN LOOCV RNA LDA 07632] 06667 08261 04928/10| 4/19 5
TRAIN LOOCVY RNA LOGISTIC) 05789 05333|  0.6087 0.1420) 8 9|14 7
TRAIN LOOCV RNA KTSP | 07895 08000 07826 0.582612| 5(18) 3
TRAIN LOOCV RNA+DNA RF 08684 08667 08696 0.736213| 3/20| 2
TRAIN LOOCV RNA+DNA WM 07895 07333] 08261 0559411 4/19| 4
TRAIN LOOCV RNA+DNA LDA 08158| 07333] 0869 0602911 3/20| 4
TRAIN LOOCV RNA+DNA LOGISTIC) 0.6053| 08000 04783 02783)12|12111] 3
TRAIN LOOCV RNA+DNA kTSP | 08684 0.8667|  0.8696 0.7362113| 3/20| 2
TRAIN LOOCV RNA+MILAN ~ |RF 08158| 0.8000] 08261 06261)12) 419 3
TRAIN LOOCVY RNA+MILAN ~ [SVM 07895 07333]  0.8261 0.5594]11| 419 4
TRAIN LOOCV RNA+MILAN  |LDA 08421] 0.8000]  0.86%6 0.6696(12| 3(20| 3
TRAIN LOOCVY RNA+MILAN  |LOGISTIC) 0.6316) 05333) 06957 0.2290| 8| 7/16| 7
TRAIN LOOCVY RNA+MILAN kTSP | 07895| 08667) 07391 0.605813| 6/17| 2
TRAIN LOOCY RNA+DNA-+HMILAN | RF 08158 0.8000]  0.8261 06261(12| 4/19| 3
TRAIN LOOCY RNA-+DNA-+HMILAN|SVM 07895 0.6000 09130 05130] 9| 221 6
TRAIN LOOCY RNA-+DNA-+HMILAN|LDA 08158) 07333] 0.86%6 06029]11| 3/20| 4
TRAIN LOOCY RNA+DNA+MILAN|LOGISTIC)  0.6316|  07333) 05652 0.2986/11|10/13| 4
TRAIN LOOCY RNA+DNA+MILAN kTSP | 0.8947| 09333| 08696 0802914| 3/20| 1
TRAIN MILAN 07632] 09333] 06522 0.5855]14| 8/15| 1
TRAINING TO TESTING DATA VALIDATION
TRAINTOTEST  |RNA RF 07308 0.8750| 06667 05417] 7| 612 1
TRAINTOTEST  |RNA VM 06923) 05000 07778 02778] 4| 4)14| 4
TRAINTOTEST  |RNA LDA 07692| 07500 07778 05278 6| 4/14| 2
TRAINTOTEST  |RNA LOGISTIC) 08077 1.0000] 07222 07222 8| 5]13| 0
TRAINTOTEST  |RNA KTSP | 07308 08750 0.6667 05417| 7| 6/12] 1
TRAINTOTEST  |RNA+DNA RF 07692] 1.0000]  0.6667 0.6667| 8| 612 0
TRAINTOTEST  |RNA+DNA WM 07308 06250 07778 04028| 5| 414| 3
TRAINTOTEST  |RNA+DNA LDA 07308) 07500 07222 04722| 6| 5|13 2
TRAINTOTEST  |RNA+DNA LOGISTIC) 08077 08750 07778 06528| 7| 4)14] 1
TRAINTOTEST  |RNA+DNA kTSP | 06923) 07500  0.6667 04167| 6| 6/12| 2
TRAINTOTEST ~ |RNA+MILAN  [RF 07308| 08750|  0.6667 05417| 7| 6/12] 1
TRAINTOTEST  |RNA+MILAN  |SVM 06923 05000 07778 02778| 4| 4)14) 4
TRAINTOTEST  |RNA+MILAN  |IDA 06154| 02150] 08333 00417 1] 315) 7
TRAINTOTEST  |RNA+MILAN  |LOGISTIC| 07308) 08750]  0.6667 05417] 7] 6]12] 1
FI6. 19(CONTIN.)
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(CONTINUED)
TRAIN TO TEST RNA+HMILAN k-TSP 08077 07500 08333 0.5833| 6| 3(15| 2
TRAIN TO TEST RNA+DNA+MILAN RF 07692| 1.0000 0.6667 0.6667| 8| 612 0
TRAIN TO TEST RNA+DNA+MILAN [SVM 0.7308| 0.6250 07778 04028| 5| 4(14| 3
TRAIN TO TEST RNA+DNA+MILAN|LDA 07308| 07500 07222 04722| 6| 5(13| 2
TRAIN TO TEST RNA+DNA+MILAN(LOGISTIC|  0.6154|  1.0000 04444 04444| 8(10| 8| 0
TRAIN TO TEST RNA-+DNA-+MILAN [ k-TSP 07308 0.6250 07778 04028| 5| 4/14| 3
TESTING COHORT  [MILAN 07692| 0.5000 0.8889 0.3839| 4| 2(16| 4
TRAINING -+ TESTING DATA (ROSS-VALIDATION
TRAIN -+ TEST LOOCV(RNA RF 08125 07391 08537 05928/17| 6/35| 6
TRAIN -+ TEST LOOCV(RNA SYM 07813| 0.6087 0.8780 04867\14| 5(36| 9
TRAIN -+ TEST LOOCV(RNA DA 08281 0.8696 0.8049 06744|120| 8(33| 3
TRAIN -+ TEST LOOCV(RNA LOGISTIC, 08125/ 0.8261 0.8049 06310/119| 8(33| 4
TRAIN -+ TEST LOOCV(RNA k-TSP 07969, 07826 0.8049 0.5875/18| 8(33| 5
TRAIN -+ TEST LOOCV|RNA+DNA RF 08438| 07826 0.8780 0660718 5(36| 5
TRAIN -+ TEST LOOCV|RNA+DNA VM 07969 0.6087 09024 05111114| 4(37| 9
TRAIN -+ TEST LOOCV|RNA+DNA DA 08125| 08261 0.8049 06310/19| 8(33| 4
TRAIN -+ TEST LOOCV|RNA+DNA LOGISTIC, 07188 07391 07073 04464|117\12|9| 6
TRAIN -+ TEST LOOCV|RNA+DNA k-TSP 08594 08261 0.8780 07041119| 5(36| 4
TRAIN -+ TEST LOOCV RNA+MILAN RF 0.8281 0.6957 09024 05981116| 4(37| 7
TRAIN + TEST LOOCV|RNA-+MILAN WM 0.8281 0.6522 09268 0.5790/15| 3(38| 8
TRAIN + TEST LOOCV|RNA-+MILAN DA 08438| 07826 0.8780 0.6607(18| 5(36| 5
TRAIN -+ TEST LOOCV | RNA+MILAN LOGISTIC, 07969, 07391 08293 05684(17| 734/ 6
TRAIN + TEST LOOCV|RNA-+MILAN k-TSP 08438 07826 0.8780 0660718 536/ 5
TRAIN + TEST LOOCV|RNA-+DNA-+MILAN | RF 082811 07391 08780 06172(17| 5(36| 6
TRAIN + TEST LOOCV|RNA-+DNA+MILAN|SVM 07969 0.6087 09024 05111(14| 4/37| 9
TRAIN + TEST LOOCV|RNA-+DNA-+MILAN|LDA 08125| 08261 0.8049 0.6310(19| 8(33| 4
TRAIN + TEST LOOCV|RNA-+DNA+MILAN|LOGISTIC| 0.7188|  0.6522 0.7561 0408315(10(31| 8
TRAIN + TEST LOOCV [RNA+DNA+MILAN | k-TSP 08750 0.8261 09024 07285(19| 4/37| 4
TRAIN + TEST MILAN 0.7656| 07826 0.7561 0.5387/18(10(31| 5
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(ROSS-VALIDATION OF DATA SET OF MILAN IN OR MILAN OUT

}J(I)I(l)A(NV_ILRMNHESL RNA+DNA kTSP | 08611 04000| 0935 03355 2| 29
}J?I%NVT)TIII!TMNHBL RNA+DNA kTSP | 07500 08333  0.6000 0433315 4| 6
}J?I%NVTME‘EH RNA+DNA kTSP | 08125 07391 08537 0.5928(17| 6|35
}J?I%NV_ILRMNHESL RNA+DNA RF 08889 02000  1.0000 0.2000| 1| 0{31
}J?I(BA(NVT)TIIFTMN+TESL RNA+DNA RF 08214 09444) 06000 05444(17| 4| 6
}J?I%NVTM”?M RNA+DNA RF 08594| 07826 09024 0.6850(18| 4|37
}J?I%NV_ILRMN”MRNA kTSP | 06944 06000] 07097 0.3097| 3| 9|22
}A()I(l)A(NV_()TIIJ!TMNHESLRNA kTSP | 07857 08333 07000 05333(15 3| 7
}J?I%NV_IM{#HRNA kTSP | 07344 07826) 07073 04899(18(12\29
}J?I%NVTLRMNHMRNA RF 08611  0.0000(  1.0000 0.0000| 0| 0{31
}J?I%NV_OTIIJ!TMN”ESLRNA RF 07500f 08333  0.6000 04333(15 4| 6
}A()I%NV_IMH?MRNA RF 08125 06522 09024 0.5546(15| 4|37

FI6 19
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SUPPLEMENTAL TABLE 2 SAMPLE COHORT  MUTATIONCOUNT
SAMPLE COHORT  MUTATIONCOUNT }E§HN2§ ¥ﬁHBﬁﬁ8N 242%
TRAININGT1  TRAINING 108 | | TESTING 9 VALIDATION 94
TRAINING2  TRAINING 97 | | TESTING10  VALIDATION 46
TRAINING 3 TRAINING 497 | | TESTING 11 VALIDATION 88
TRAINING4  TRAINING 27 | | TESTING12  VALIDATION 65
TRAINING5  TRAINING 89| | TESTING13  VALIDATION 298
TRAINING6  TRAINING 96 | | TESTING14  VALIDATION 61
TRAINING 7  TRAINING 37 | | TESTING 15  VALIDATION 97
TRAINING8  TRAINING 77 | | TESTING16  VALIDATION 70
TRAINING9  TRAINING 91 | | TESTING 17 VALIDATION 109
TRAINING 10  TRAINING 368 | | TESTING18  VALIDATION 25
TRAINING 11  TRAINING 52 | | TESTING 19  VALIDATION 27
TRAINING 12  TRAINING 2191 | TESTING 20  VALIDATION 54
TRAINING 13  TRAINING 1573 1 | TESTING 21 VALIDATION 115
TRAINING 14 TRAINING 103 | | TESTING 22  VALIDATION 147
TRAINING 15 TRAINING 125 | | TESTING 23  VALIDATION 141
TRAINING 16  TRAINING 46 | | TESTING 24  VALIDATION 83
TRAINING 17  TRAINING 1728 | | TESTING 25  VALIDATION 83
TRAINING 18  TRAINING 98 | | TESTING 26  VALIDATION 99
TRAINING 19  TRAINING 836
TRAINING 20 TRAINING 815
TRAINING 21 TRAINING 270
TRAINING 22 TRAINING 2241
TRAINING 23  TRAINING 1399
TRAINING 24 TRAINING 1208
TRAINING 25 TRAINING 1438
TRAINING 26  TRAINING 127
TRAINING 27  TRAINING 179
TRAINING 28 TRAINING 15
TRAINING 29 TRAINING 99
TRAINING 30 TRAINING 159
TRAINING 31 TRAINING 38
TRAINING 32 TRAINING 81
TRAINING 33 TRAINING 50
TRAINING 34 TRAINING 44
TRAINING 35 TRAINING 130
TRAINING 36 TRAINING 2045
TRAINING 37 TRAINING 2245
TRAINING 38 TRAINING 2657
TESTING 1 VALIDATION 50
TESTING 2 VALIDATION 2097
TESTING 3 VALIDATION 2134
TESTING 4 VALIDATION 51
TESTING 5 VALIDATION 27
TESTING 6 VALIDATION 29
L J

Y
FIG 20

SUBSTITUTE SHEET (RULE 26)




WO 2023/034955

29/35

PCT/US2022/075886

SUPPLEMENTAL TABLE 3. DIFFERENTIAL EXPRESSION SCORES (LOG2 FPKM) OF 500 GENES FOR RANDOM FOREST

PREDICTION MODEL
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SUPPLEMENTAL TABLE 4. DIFFERENTIAL EXPRESSION SCORES (LOG2 FKPM) OF 86 GENES IN k-TSP PREDICITION MODEL
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RF RNA MODEL: 500 GENES (RNA MODEL)

ENOT, APLTD1, MSTIP2, CLIC4, STMNT TAF12, CDCAS, TRIT1, PPT1, KIF2C PRDX1, CMPK1, GPX7
HOOK1, EFCAB7, DEPDC1. CRYZ, FUBPY, TTLL7 CDC7, GLMN, RPAP2. (CDC18, TMEDS, DNTTIP2, SNX7,
LRRC39, EXTL2, PRMT6, STXBP3, GPSMZ, LAMTORS, CHD1L HIST2H3C CCT3, PCPAL1. NUF2, CENPL
DARS2, ASPM, UBEZT, PRELP, PIGR, DTL, CENPF, EPRS, LING, GREM2, EXOT, ATP5C1, COMMD3-BMI],
1T6B1, OGDHL, CDK1, ZCCHC24, ADIRF, LIPA, KIF11, CEP55, HELLS, SMC3, SLC18AZ PRDX3, EDRFI,
MKI67, MGMT RRM1’ EIFAG2, FART, NUCB2 HSD17B12, MICH2, CDCAS, SYT12, SSH3, ANAPCIS,
DDIAS, RAB30-AST, SCARNA9. TAF1D, ZBTB16, NNMT, APOA], TTC36, CCOCT5, CHEKT, NCAPD3
TSPAND, RADS1APT, C1R CDT63L1, KIF21A, TMEM106C, TUBATB, TROAP, RACGAPT, APOF, ATPSB
PRIM1, PTGES3, NACA, XRCCOBP1, TMEMS, NUP107, YEATS4, CCT2, NAP1L1, PAWR, CCDC53, NUP37
PARPBP. HSPOOBT, CRY1, TCHP, GPN3, PPP1CC, RFC5, CIT, COX6AT DYNLLY, MLEC KNTCI, CDK2API,
TMED2, ZNF664, SKA3, CDK8, EX0SC8, CKAP2, DIAPH3, BORA, DNAJC3, RAP2A, TMOSF2, KDELCI,
PARP2, BCL2L2-PABPN1, COCH, SCFD1, PPP2R3C, MBIP, POLE?, CDKN3, CNIH1, CGRRF1, WDHD1
DLGAP5, KTNT, PSMA3, SLC38A6, TDP1, TMEM251, VRK1, HSPJOAAT, CDCA4, EMC7, BUB1B, CASC5,
0IP5, NUSAP1. PDIA3, CEP152, DTWDT, MYO5C TEX9, CCNB2, GTF2A2, USP3-AST, VWA9, TIPIN,
IWILCH, KIF23, CYP11A1T, COX5A, RCN2, EFTUD1, FANCI, IQGAPT, BLM, PRCI, LMF1, LMF1-AST,
SLC9A3R2, CCNF, RMI2, PLK1, SHCBP1, GINS3, NAET, NUTF2 MPHOSPH®, ACADVL, GPS2, SHBG
INF624, PRPSAP2, (PD PIGW, RPL23, (DC6, TOP2A, ACLY, NMET, MKST, KPNA2, RPL38, SCARNA16
BIRCS, CEP131, SIRT7, PGLYRP2, PDCD5, GPATCH1, FXYDT, HAMP, APOE, CSAR2. ETFB, A1BG, CPSF3,
TAF1B, RRM2, 6DC1, PDIA6, DDX1, CENPO, FNDC4. DPY30, MTIFZ ALYREF THOCT TYMS, NDC8O
PSMG2, RBBPS, ONECUT2, NARS, LOC100505549, SEC11C, TIMM21, GADD45B, TIP3, LRG1, UHRF1,
ASF1B, CFAP36, VRK2, KIAAT841, FAM136A, BOLA3, TXNDC9, PDCL3, MRPS9, CCDCT38, BUBI
CKAPZL, PSD4, MYO7B, MCM6, NEB, FMNL2, PSMD14, DPP4, $TK39  KLHL23, SSB, ITGA, OLA1,
H3F3AP4, RBM45, NUP35, FAM171B, OSGEPLI, HSPD1, NOP58, IDH1 SMARCALT, STK36, NCL 'HJURP,
PCNA, TMEM230, MCM8, PLCBT, TPX9, DNMT3E, AHCY RPN2, FAM83D, MYBL2 UBE2C PFDN4 DOKS,
AURKA, SLMO2, CHAF1B, TMPRSS2, COL18A1, FICD, USP18, GGT5, POLR2F, SUN2, PARVG, FANCD2
GALNT15, TOPZB, STT38, PTHIR, SLC26A6, NT5SDC2. GNL3, TTTH4, ARF4, THOC7, CMSS1, KIAA1524,
DZIP3, ZBTB20-AS3, POLQ, CCDC58, UROCT, MCM2, MGLL RABA3, NPHP3-ACAD11, TOPBP1, PXYLP1,
PLODZ, AGTR1, SERP1, SCHIP1, IFT80, SMCA, ACTLGA, RFC4, MASP1, TFRC, TACC3, HGEAC, NCAPG
CNGAT, DANCK DCK, H2AFZ CENPE, CCNA2, ANXAS, PLK4, SLCZATT, SCOC, CENPU, DEPDCIB, IPO11
CENPK, CCNB1, CENPH, CDK7, SMNT' POC5, TBCA, TTC37, ERAP2, TMED7, KIF20A, EGR1, HSPA9, PAIF2,
(D14, PCDHBIS, CCDC69, HMMR, CCNGT. RARS, NPM1, CANX. RTOK1, PAK1IPT, DEK TOP2, GMNN,
LRRC16A. HISTIH2AL, HISTIH1B, HISTIH3I HISTIH280, ZNF165, IER3, KIFCI, UQCC2
RPS10-NUDT3, PPIL1, GLO1, TOMM6, HSP9GABT, CENPQ, MCM3, EFHCT, TTK, SNX3, (D164, ASFIA,
FBX05, CCR6, BZW?2 HNRNPA2B1, TAX1BP1, GGCT ANLN, CCT6A, ASL, TMEM60, HGF, CYP3AT,
DNAJC2, NUP205, TRIM24, EZH2, RARRES2, NCAPG2, FAM86B3P, PDLIM2, ADRATA NUGGC MCM4,
UBE2V2 PRKDC, NSMAF, SDCBP, SNHG6, TRAMI LRRCC1, CPNE3, NBN, TMEM67, INTSS, CCNE2
POLR2K' PABPCI, YWHAZ RRM2B, ATP6V1C1. DCAF13, EIF3E, EMC2 NUDCD1, EIF3H, RAD21 MAL2,
DSCC1, MTBP, TATDN1, SALE, KIAAO196, PTKD, MELK, GNA14; CEP78, TARS, CINNAL, ADAMTS13
TCEANC, AP12, SCMLT, SCML2, YY2, APDO, DYNLT3, ATP6AP2, GPR34, FUNDCI, ZNF674-AS1 INF674,
MSN, PDZD11 'KIF4A, RPSAX, ABCB/, UPRT TAF9B, PGKI, ZNF711 RBL36A GLA MORFALY, NXT2
AMMECRT, RPL39, NKAPP1, UTP14A, SLC25A14, STk26, HPRTI, MOSPD1, ZNF449, FMR1, G6PD, CMC4,

BRCC3, VBP1
FIG6. 23
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TSP MODEL, 43 PAIRS OF GENES

GENE PAIR | GENE A GENE B GENE PAIR | GENE A GENE B
1| BUBIB SSH3 24 | STI3B (D14
2 | MCM8 0GDHL 25 | SEC11C (86
3 | NUSAP1 FND(4 26 | ((NA2 ADRATA
4 | KIF21A RAB43 27 | CENPQ UROCI
51 (NGAT 28 | TIK PLCH2
6 | MORF4L2 ETFB 29 | FANCI SHBG
7 | HELLS HAMP 30 | DEK EGR1
8 | PPILI LCCHC24 31 | RFCS APOF
9 | MELK GALNT15 32 | PTGES3 TAT
10 | BRCC3 (CDC6Y 33 | SNX7 PGLYRP2
11 | CCT6A ASL 34 | (T2 PIGR
12 | (DKN3 SYT12 35 | PRCI MGMT
13 | RBBP8 TMPRSS2 36 | NARS MASP1
14 | KIF23 LMF1 37 | RRMI MGLL
15 | KPNA2 SUN2 38 | TOPBP1 (TSF
16 | SM(4 FXYD1 39| F2 ITIH4
17 | PPP1CC FTCD 40 | ANLN INF674
18 | NUCB2 NDRG2 41 | PRIMI SULTTAI
19 | PARP2 ILTTRA 42 | RARRES2 HRG
20 | VBP1 AGTRI 43 | CENPU NNMT
21 | TOP2A TSPAN9
22 | KTN1 (OL18A1
23 | NCAPG ADAMTS13

FIG 24
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A. CLASSIFICATION OF SUBJECT MATTER

IPC - INV. GO6N 20/10; GO6N 20/20; G16B 25/10; C12Q 1/6886; G16H 50/20 (2022.01)
ADD.
CPC - INV. GO6N 20/10; GO6N 20/20; G16B 25/10; C12Q 1/6886; G16H 50/20

ADD. C12Q 2600/118

According to International Patent Classification (IPC) or to both national classification and IPC

B.  FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)
See Search History document

See Search History document

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

See Search History document

Electronic database consulted during the international search (name of database and, where practicable, search terms used)

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category* Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.

Y - | CN 111554402 A (SHANDONG PROVINCIAL HOSPITAL) 18 August 2020; paragraph [0037, 1-10, 13/10, 14, 15, 24,

- “ | 0064, 0065, 0067, 0068, 0097, 0100] 37,38

A -
11, 12, 13/11, 13/12,
16-23, 25-27, 30-32, and
39

Y TW 201339310 A (PHALANX BIOTECH GROUP INC}) 01 October 2013; paragraph [0004, 1-10, 13/10, 14, 15, 24,

- *— | 0006, 0007, 0011, 0028, 0066, 0067] 37,38

A —
11, 12, 13/11, 13/12,
16-23, 25-27, 30-32, and
39

Y - WO 2018/110903 A2 ( ) 21 June 2018; paragraph [0001, 0012, 0014] 8,915

A 25-27, 30-32, 39

Y SHI. "Top Scoring Pairs for Feature Selection in Machine Learning and Applications to Cancer | 6-8, 10, 9/6-7, 13/10, 15

- " | Outcome Prediction" . BMC Bioinformatics. . 23 September 2011; page 1, column 1 and 2, first | -

A paragraph; page 9, column 1, last paragraph; page 10, column 1, last paragraph; page 10, 11,12, 13/11, 13/12,

column 2, 2nd full paragraph; DOI: 10,1186/1471-2105-12-375 16-23,
A —~ | NAM. "Novel Model to Predict HCC Recurrence after Liver Transplantation Obtained Using 11,12, 13/11, 13112, 16-
Deep Learning: A Multicenter Study" . Cancers. . 29 September 2020; Abstract; DOI: 23, 25-27, 30-32, and 39

E Further documents are listed in the continuation of Box C. D See patent family annex.

is cited to establish the 1l{)ublication date of another citation or other
special reason (as specified)

“O" documentreferringtoanoral disclosure, use, exhibition or other means

“P”  document published prior to the international filing date but later than
the priority date claimed

* Special categories of cited documents: “T” later document published after the international filing date or priority

“A” document defining the general state of the art which is not considered date and not in conflict with the application but cited to understand
to be of particular relevance the principle or theory underlying the invention

“D” document cited by the applicant in the international application “X” document of particular relevance; the claimed invention cannot be

“E” earlier application or patent but published on or after the international considered novel or cannot be considered to involve an inventive step
filing date when the document is taken alone

“L” document which may throw doubts on priority claim(s) or which “Y™ document of particular relevance; the claimed invention cannot

be considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

“&” document member of the same patent family

Date of the actual completion of the international search

24 October 2022 (24.10.2022)

Date of mailing of the international search report

NOV 04 2022

Name and mailing address of the ISA/

Mail Stop PCT, Attn: ISA/US, Commissioner for Patents
P.O. Box 1450, Alexandria, Virginia 22313-1450

Facsimile No. 571.273-8300

Authorized officer

Shane Thomas

Telephone No. PCT Helpdesk: 571-272-4300
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Box No. I Nucleotide and/or amino acid sequence(s) (Continuation of item 1.c of the first sheet)

carried out on the basis of a sequence listing:

a. forming part of the international application as filed.

international application as filed.

listing.

3. Additional comments:

1. With regard to any nucleotide and/or amino acid sequence disclosed in the international application, the international search was

b. D furnished subsequent to the international filing date for the purposes of international search (Rule 13tex 1(a)),

accompanied by a statement to the effect that the sequence listing does not go beyond the disclosure in the

2. D With regard to any nucleotide and/or amino acid sequence disclosed in the international application, this report has been
established to the extent that a meaningful search could be carried out without a WIPO Standard ST.26 compliant sequence

Form PCT/ISA/210 (continuation of first sheet (1)) (July 2022)
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Box No. II Observations where certain claims were found unsearchable (Continuation of item 2 of first sheet)

This international search report has not been established in respect of certain claims under Article 17(2)(a) for the following reasons:

1. I:] Claims Nos.:

- because they relate to subject matter not required to be searched by this Authority, namely:

2, E] Claims Nos.:

because they relate to parts of the international application that do not comply with the prescribed requirements to such an
extent that no meaningful international search can be carried out, specifically:

3. X Claims Nos.: 28-29, 33-36, 40-44
because they are dependent claims and are not drafted in accordance with the second and third sentences of Rule 6.4(a).

Box No. lIl  Observations where unity of invention is lacking (Continuation of item 3 of first sheet)

This International Searching Authority found multiple inventions in this international application, as follows:

1. D As all required additional search fees were timely paid by the applicant, this international search report covers all searchable
claims.

2. D As all searchable claims could be searched without effort justifying additional fees, this Authority did not invite payment of
additional fees.

3. I:] As only some of the required additional search fees were timely paid by the applicant, this international search report covers
only those claims for which fees were paid, specifically claims Nos.:

4. D No required additional search fees were timely paid by the applicant. Consequently, this international search report is restricted
to the invention first mentioned in the claims; it is covered by claims Nos.:

Remark on Protest D The additional search fees were accompanied by the applicant’s protest and, where applicable, the
payment of a protest fee.

D The additional search fees were accompanied by the applicant’s protest but the applicable protest
fee was not paid within the time limit specified in the invitation.

EI No protest accompanied the payment of additional search fees.
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C (Continuation). = DOCUMENTS CONSIDERED TO BE RELEVANT

Study Read More: hitps://iwww.ajronline.org/doi/10.2214/AJR.22.28077" . American Journal of
Roentgenology. . 17 August 2022; Entire Document; DOI: 10.2214/AJR.22.28077

Category* Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.
10.3380/cancers12102791
— ISEKE. "Machine-Learning Models for Prediction of Posttreatment Recurrence in Early-Stage
P.Y Hepatocellular Carcinoma Using Pretreatment Clinical and MRI Features: A Proof-of-Concept
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